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Introduction

* There still exist major challenges in applying SAM to semantic-
aware segmentation tasks including semantic, instance, or
panoptic segmentation.

* This paper presents a novel approach named SAM-CP where
‘CP’ stands for composable prompts. Different from the existing
methods, we establish two types of prompts beyond the
patches produced by SAM.
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* The core idea is to establish two types of prompts beyond SAM.
* Prompt | — semantic labeling. Given a text label T and one patch P, judge if P can

be classified as T.

* Prompt Il — instance merging. Given a text label T and two patches P1 and P2

classified as T, judge if P1 and P2 belong

to the same instance of T.
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* The Iinput image with SAM patches is fed into a patch encoder.
Type-1 and Type-Il prompts appear as two sets of queries.
Affinity values are computed and the SAM patches are merged
according to the affinity values. Semantic and instance level
supervision are added to the merged patches.
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* For each patch Pn, apply a regular backbone equipped with a
RolAlign operator to obtain a basic feature vector "n.

* These features are propagated through a multi-layer perceptron
(MLP) and fed into w multi-head self-attention layers
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Unified Affinity Decoder
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* The affinity is mathematically defined as a matrix A sized M x N.
Each entry of A, Am,n, denotes the probabillity that the patch Pn

belongs to the query Qm
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Label Assignment and Supervision

« Each query, regardless of its type (semantic or instance), Is
expected to occupy a set of (one or more) patches and be
assigned a class label. So, two sources of supervision are
required.

« Semantic-level supervision: build a vision-language classifier
upon the semantic queries. Following GLIP

* Instance-level supervision:
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Experiments

Datasets
« COCO-Panoptic: 118K training and 5K validation images.

« ADE20K: 20,210 images, use the 150 most common object
categories
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Quantitative Results

Meikiod BickEois COCO—ADE20K ADE20K—COCO COCO—Cityscapes
PQ SQ RQ AP mloU| PQ SQ RQ AP mloU | PQ AP mloU
MaskCLIP [15] VIT-L 151 705 192 60 23.7 - - - - - - — -
FreeSeg [39] VIT-B 163 718 216 65 246 [21.7 720 216 66 21.7 - - -
ODISE [52] VIT-H 233 744 279 130 292 | 250 794 304 - - 23.9 - -
OPSNet [10] VIT-L 19.0 524 23.0 - - - - - - - 41.5 — -
MaskQCLIP [53] VIT-L 23.3 - - - 30.4 - - - - - - — -
X-Decoder [63] Focal-L | 21.8 - - 13.1 296 - - - - - 38.1 249 520
FCCLIP [56] CN-L 268 715 323 168 34.1 | 270 78.0 329 - - 440 268 56.2
SAM-CP CN-L 272 777 329 170 318 | 286 784 345 219 343 |[41.0 293 479

Open-vocabulary segmentation

« Accuracy (%) of Open-vocabulary panoptic segmentation (in
PQ, SQ and RQ), instance segmentation (in AP) and semantic

segmentation (in mloU). CN-L means ConvNext-L.
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Closed-domain segmentation

COCO ADE20K

s Backbone  Seg.-Style | pioch PQ APt AP mioU | Epoch PQ APt AP mioU
DETR[3] R50 reg.+seg. | 50+25e - - 31.1 - - - - - -
MaskFormer [ 12] R50 seg. 300e 46.5 - 339 5738 128¢  34.7 - - -
Mask2Former [1 1] R50 seg. 50e 51.5 - 41.7 61.7 128¢  39.7 - 264 477
Mask2Former [1 1] Swin-L seg. 100e 57.8 - 486 674 128e  48.1 - 342  56.1
Mask DINO [27] R50 reg.+seg. 50e 530 488 443 60.6 - - - - -
Mask DINO [27] Swin-L reg.+seg. 50e 583 562 506 673 128e - - - 56.6
X-Decoder [63] Focal-T seg. 50e 52.6 - 413 624 128¢  41.6 - 27.7 51.0
X-Decoder [63] Focal-L seg. 50e 56.9 - 46.7 67.5 128¢  49.6 - 35.8 58.1
SAM-CP R50 SAM* 36e 48.6  46.1 41.7 55.6 128¢ 38,5 28.7 25.1 424
SAM-CP Swin-L SAM#* 36e 527 504 452 618 128¢ 444 346 303 494

« SAM-CP reports higher PQ and AP but a lower mloU, which
Implies its advantageous performance in instance-level
recognition.
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Quantitative Results

the middle and right parts show the semantic and instance
segmentation results, respectively.
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tSNE || /~.°. . t-SNE

* The t-SNE visualization upon the visual features of SAM and
SAM-CP. The points with the same color belong to the same
semantic class (according to the ground truth).
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Ablative Studies

i Label Assignment Closed-domain (COCO) Open-domain (COCO—ADE20K)
PQ AP AP mloU | PQ SQ RQ AP  mloU
all all 470 458 414 542 | 272 777 329 170 31.8
w/o Lma | w/omfl 0.0 3.5 0.0 0.0 06 220 09 0.0 3.4
w/o Lgice | W/o dice 41.3 35.1 343 483 | 238 734 29.1 158 28.6
all w/o mfl 428 440 398 514 | 265 782 323 172 31.6
all w/o dice 453 448 40.6 537 | 266 766 324 16.7 31.5
all w/o box & giou 455 440 407 539 | 259 76.1 316 164 30.5

« Accuracy (%) in open and closed domains with different loss
terms and matching strategies.
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Closed-domain (COCO) Open-domain (COCO—ADE20K)

DEA: AR MaskRol QB BG | oo Aptt AP miloU | PO 5@ RQ AP ialoU
7 7 7 v | 454 456 411 518 | 266 769 325 166 317

" v Y v | 435 440 399 511 | 258 768 313 163 305
Y /v | 441 453 406 511 | 256 744 311 165 303
oL v v | 448 445 405 516 | 265 757 321 31.4
VR v v 452 454 413 526 | 255 757 312 161 303
VA 7 v v | 470 458 414 542 | 272 717 329 170 318

« Accuracy (%) in open and closed domains with different
modules in the SAM-CP framework.
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Strategy PQ APY* AP mloU
patch-level 47.0 458 414 542
patch-level, w/o PE | 45.8 450 40.6 51.7
image-level 46.2 456 409 523

« Accuracy (%) on COCO (on
R50, 12 epochs) with different
strategies of dynamic cross-
attention (DCA), where
‘patch-level’ is the best option,
‘PE’ denotes the patch
encoder.

Learnable CLIP | PQ PQ'™ PQs* AP mloU
v 75 157 213 119 1894
¢ |169 141 226 67 225

ve v 272 270 277 170 31.8

« Accuracy (%) on the setting of
COCO—ADE20K (on
ConvNext-L, 12 epochs) with
different classifier types for
open domain. ‘Learnable’
means classifier trained on
COCO.

S L NE N

; A
% 3 J UNIVERSIDADE DE MACAU
L UNIVERSITY OF MACAU



* A showcase of our results on COCO for closed domain. In each
group, from left to right: input, SAM patches, panoptic
segmentation by SAM-CP (ours).
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T PQ AP AP mloU

0.9 43.2 42.8 382 499

0.8 450 454 40.7 52.6

0.7 43.3 43.3 399 50.3

0.5 42.0 34.3 37.2 489

0.8 (w/o IoPpvox) 42.1 3.7 354 484

0.8 (w/o 1oP mask) 39.7 42.3 32.5 44.1
0.8 (w/low quality match) | 47.0 458 414 542

« Accuracy (%) on COCO (with R50, 12 epochs) with different
definitions of parts in the training stage.
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Proposal types | PQ  AP“* AP  mloU

SAM* 48.6 46.1 417 55.6
SAM*+MD | 514 51.6 458 573

K 00 03 04 05 0.8 1.0

PQ | 175 269 aism 26.2 229 169

« Accuracy (%) on COCO
(with R50, 36 epochs) by
adding proposals.

« COCO—ADE20K accuracy
(%) with different
coefficients, k.
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mloU T mloU>o5 T MRp.25 ] MRgs5] MRg75 |
Mask DINO 76.3 83.0 4.2% 10.1% 32.3%
SAM 71.1 79.5 8.9% 16.7% 39.3%
SAM+Merging | 73.3 81.2 9.0% 15.0% 33.3%

« A comparison between the mloU and missing rates with respect
to different loUs for COCO (val2017) instance segmentation.
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Conclusion

* We propose SAM-CP, a novel approach that equips SAM with
semantic and instance segmentation abilities.

 The Inference s
a more efficient
framework can
Inference.

need of SAM-CP is bound by that of SAM; once
vision foundation model is available, our

ne seamlessly transplanted and achieve faster
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Thank You!
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