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Background

NLP-Prompting and Foundation Model

| did not hand in work report Language | did not hand in work report
| ——

this week because | am ... Foundation > this week because | am sick.
Model

zero-shot/few-shot transfer
with prompt engineering
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Background

NLP-Prompting and Foundation Model

| did not hand in work report Language | did not hand in work report
| E——

this week because | am ... Foundation > this week because | am sick.
Model

Why is this possible?

« Text data is available at web scale
* No labeling is needed for sequence prediction
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Background

What about Computer Vision Field?

; Image /;
E—> Foundation E—>
@®

Model

zero-shot/few-shot transfer
with prompt engineering?

Detection

Object
Proposals

Instance
Segmentation
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Background

What about Computer Vision Field?

- Image /;
E—> Foundation E—>

Model [ 2

- Image data is available at web scale @)
« Labeling is NEEDED for many problems



PSETLN »
> 7
INE Z)tf-* =

s PEKING UNIVERSITY

Background

What about Computer Vision Field?

_ R Image
3 E— Foundation
} Model
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zero-shot/few-shot transfer
with prompt engineering

Detection

Object
Proposals

Instance
Segmentation
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Introducing Segment Anything Model (SAM)

Develop a promptable model and pre-train it on a broad
dataset using a task that enables powerful generalization.

vahid mask

cat with
® black ears

segmentation prompt image

(a) Task: promptable segmentation

What task will enable
zero-shot generalization?

valid mask
lightweight mask decoder
A T
image
encoder

prompt
encoder

prompt image

(b) Model: Segment Anything Model (SAM)

What is the corresponding
model architecture?

I—» annotate —l
dat:

model ta

T— train (—,

Segment Anything 1B (SA-1B):
* 1+ billion masks
* 11 million images

* privacy respecting
« licensed images

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

What data can power this
task and model? .



Background (SAM Task)
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How to “Prompt” a Segmentation Task?

« Sparse Prompt
« Point (foreground / background)
 Box
« Text

 Dense Prompt

valid mask

model

 Mask
Final Goal: sl ~~
Given any segmentation prompt, . —
return a valid segmentation mask - cat with
. black ears

segmentation prompt




Background (SAM Model)
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SAM Architecture

* A heavy image encoder

« A prompt encoder

» A lightweight mask decoder

valhd mask
lightweight mask decoder
! I
image
encoder

prompt
encoder

prompt image

image
encoder

—6}—- mask decoder —
— L T 1 !

conv \\ prompt encoder

image

632M

Image T T t T

embedding mask  points box lext

3.876M d maskﬁ

, score

, score

, score



Background (SAM Model)
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Vision Transformers (ViT)

* Extra learnable
[class] embedding

SHE
WW_E

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

l
e T TLLLLELT)

Lmear PI‘DJECHOI] of Flattened Patches

HIMHMEWE

Transformer Encoder

[ Multi-Head

Attention

. ’
-

Norm

Embedded
Patches

Patchify images as
token sequences

Transformer encoder
for classification

Broader spatial
correlation

10
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Background (SAM Model)

Masked Autoencoders (MAE)

* Alarge random subset
of image is masked out

* Asymmetric encoder-

R decoder design

encoder

v
ENE - EEEESEEEE N

target « Large models can be
trained efficiently and
effectively

input

\
_B I (Y
EEN- EEEEEEEEEE

11
He et al, Masked Autoencoders Are Scalable Vision Learners, CVPR 2022
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Background (SAM Model)

Prompt Encoder

Point Box Text Mask
2 © cat with
@ black ears
» Positional  Embedding pair CLIP « Downscaled using CNN
encoding of » Top-left corner * Added to image-
the point * Bottom-right corner embedding element-wise
* Foreground or * “No mask” embedding

background

12



Background (SAM Model)

Mask Decoder

image
embedding
(256x64x64)

output tokens
+
prompt tokens

(Nmkcnsx 25 6)

Mask
Decoder

- masks

loU
——
scores

13



Background (SAM Model) AR

Mask Decoder

1image
embedding
(256x64x64) masks
output tokens
_|_
IoU
prompt tokens scores

(Niggers X256) mask decoder

14
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Background

Training Algo: an Interactive Segmentation Setup
GT

Predicted

Initial Input
[ Prompt } ad  Vesk

Sample initial prompt

« Randomly select a foreground point/box from ground truth mask
« Make the prediction
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Background

Training Algo: an Interactive Segmentation Setup
GT

Initial Input Predicted
[ } — Mask

Prompt error

region

\Y

Subsequent
Point Prompt

lteratively provide subsequent points (8 iterations)

» Given the predicted result of last iteration (unthreshold mask logits for maximal information)

« Subsequent points selected from error region
* Foreground point for false negative
« Background point for false positive

* Make the prediction

16
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Training Algo: an Interactive Segmentation Setup
GT

Initial Input Predicted
— [ Prompt } and  Vask

No new information is supplied (2 iterations)

» Given the predicted result of last iteration
« Make the prediction
* One in the middle, one at last

17



Background (SAM Data)
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Data Engine

| »  annotate l

model data

-

T train

Segment Anything 1B (SA-1B):
» 1+ billion masks [ s e
» 11 million images '

* privacy respecting h
* licensed images

« Assisted-manual stage
« Semi-automatic stage
* Fully automatic stage

* Only used for data generation
« Using a special version of SAM

18



Background

Zero-Shot Transfer Examples

Edge Detection

Prompt SAM with 16 X 16 grid of
foreground points resulting in 768 masks

Remove redundant masks by NMS

Use Sobel filter on unthresholded mask
probability map

Standard lightweight postprocessing

ground truth

SAM

19
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Zero-Shot Transfer Examples

Object Proposals

* Prompt SAM with 64 X64 grid of foreground points

« Remove redundant masks by NMS

« Rank mask by the average of confidence and stability scores to get top 1000 masks

mask AR@ 1000

method all | small med. large | freq. com. rare
ViTDet-H [62] 63.0 | 51.7 80.8 870 | 63.1 633 583
zero-shot transfer methods:

SAM —singleout. 549 | 428 76.7 744 | 547 598 62.0
SAM 9.3 | 455 816 869 | 391 639 658

20



Background

PSETLN »
(TR N
INE z)t;?.* =

s PEKING UNIVERSITY

Zero-Shot Transfer Examples

Instance Segmentation
* Prompt SAM with boxes output by ViTDet-H

* An additional mask refinement iteration

ground truth ViTDel SAM ground truth

ViTDet

21



Background

What Problem Remains?

SLOW! &5

About 2 images/second on a single NVIDIA A100 with one box prompt...

Parameters Original SAM

Image encoder 632M
prompt-guided decoder 3.876M
Speed 0.452s

22
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Background

FaStSAM Detect Branch
Ml =

— _Detect |
P4 Mask Coeff.

NMS

X

Backbone ' /—%
T ?

ProtoNet

« All-instance segmentation
based on YOLOv8-seg _ i Hicarlh

« Prompt-guided selection [ -n-‘

2 %mma? %{).0342 +0.6846 %

-1-  Mask Coeff. l

v

Point-prompt Box-prompt
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MobileSAM

ViT-based (large)
image encoder

ViT-based (small)
image encoder

image

 Distill the knowledge from the default ViT-H encoder to a tiny VIiT encoder

* Finetuning on the decoder is optional

image
embedding

distillation

v

image
embedding

______________________________

prompt-guided _

- mask
mask decoder

=)
o
=
-~

e = v

prompt-guided
mask decoder
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EfficientSAM Framework

SAMI

Input
Image

e 2N

Y
W

Y

Masked
Image

_ mEy——

.

EfficientSAM

SAM Image
Encoder ViT-H

o

Light-weight
Encoder

¥

Image
Encoder

Unmasked
Embeddings

0

&}_ﬁ

Masked Tokens

Ql@

Cross-Attention
Decoder

Prompt-Guided
Mask Decoder

uonaaloid

reaurn

i

Reconstruction
Loss

[ 1]
T

e

|
L]
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Experimental Settings

* Pretraining datasets: ImageNet-1K training set with 1.2M images

* Finetune on various downstream tasks
* Image classification
* QObject detection and instance segmentation
« Semantic segmentation
« Segment anything
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Results for SAMI

bhox mask
Method Backbone Training Data Acc.(%) Mcthfm _ Ha.ckh’m{: AP i
DeiT-Ti[53] | ViT-Tiny INTK 745 MAE-Ti[26] | ViT-Tiny | 379 349
SSTA-Ti[60] | ViT-Tiny IN1K 75.2 SAMI-Tiours) | ViT-Tiny | 44.7 40.0
DMAE-Ti|2] ViT-Tiny INIK 70.0 MAE-5[26] ViT-Small | 45.3 40.8
MAE-Ti[26] | ViT-Tiny INIK 752 DeiT-S[53] | ViT-Small | 472 419
SAMI-Ti (ours) | ViT-Tiny | SAIB (11M)+ INIK 76.8 DINO-S[6] | ViT-Small | 49.1 433
DeiT-S[53] ViT-Small INTK g1 iBOT-S[73] | ViT-Small | 49.7 44.0
SSTA-S[60] | ViT-Small INIK 81.4 SAMI-S (ours) | ViT-Small | 49.8 44.2
DMAE-S[2] | ViT-Small INIK 79.3 MAE-B[26] | Vil-Base | 51.6 45.9
MAE-S[26] | ViT-Small INIK 81.5 SAMI-B (ours) | ViT-Base | 52.5 46.5
BEIT-S[3] ViT-Small | D250M+IN22K+IN1K | 81.7
CAE-S[12] | ViT-Small D250M+IN1K 82.0
DINO-S[6] | ViT-Small INIK 82.0
iBOT-S[73] | ViT-Small IN22K+IN1K 82.3
SAMI-S (ours) | ViT-Small | SAIB (11M) + IN1K 82.7
Deil-B[53] | Vil-Basc INIK 838 M“th'_“d Ba.ckhfme mIOU
DMAE-B[2] | ViT-Base INIK 84.0 MAE-Ti[26] ViT-Tiny 39.0
B;TS%‘EES] :ﬁﬁgﬂﬁ :ﬁ}i if:g SAMI-Ti(ours) | ViT-Tiny 427
e 5] [ 1 1-bBasc I ~
BEiT-B[3] ViT-Base | D250M+IN22K+IN1K | 83.7 MAE-S[26] Vi‘:f‘—Smat] 44.1
CAE-B[12] ViT-Base D250M+IN1K 83.9 SAMI-S (ours) | ViT-Small 48.8
DINO-B[6] ViT-Base INIK 82.8 MAE-B[26] ViT-Base 4973
iBOT-B| 73] ViT-Base IN22K+IN1K 84.4 .
SAMI-B (ours) | ViT-Base | SAIB(1IM)+INIK | 84.8 SAMI-B (ours) | ViT-Base | S1.8




FEEITN
.?é ™) at f ‘\g
- 5 b

I53

s PEKING UNTVERSITY

Experiments

Point-Prompt Input

Input Image SAM[31] FastSAM[71] MobileSAM[68] EfficientSAM

28
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Experiments

Box-Prompt Input

Input Image

b
o

e

68] EfficientSAM

29
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Experiments

Salient Instance Segmentation

Input Image SAM[31] FastSAM|[71] MobileSAM|[68] EfficientSAM
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* Proposed a SAM-
leveraged masked image
pretraining framework

SAMI

« Delivered EfficientSAM,
20x fewer parameters &
20x faster runtime

« “A smaller, faster, and
almost as good version of
SAM.”

SAMI-Pretrained Masked
Image Encoder Decoder

(~5M)
EfficientSAM
49 - _
45 EfficientSAM-S
% Efficier?)tSAM-Ti
41 -
MobileSAM
‘a SstSAM

371 - -

10° 101 102

Throughput (img/s)
Tested on a single NVIDIA A100 with one box prompt

31
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Future Work

Efficient Track Anything Model (EfficientTAM)

Spatial Embedding

e T R
Object Pointer ==l a .

e e e~ —— — = = — s S e s =
v
. - Memory
. : Efficient (
2 _ d
s il --» Memory Cross- -+¥ —| Mask Decoder TR B crcoce Memo
Encoder : . o ry
Attention N ol Bank
xL [ Prompt Encoder |
Video sequence
Prompt

32
Xiong et al, Efficient Track Anything, arXiv:2411.18933
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