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A new bottom-up visual sensing style



Methods

ICLR

A unified affinity framework:

Segment patches P = {P, P,,. .., Py} with
SAM

Prompt I — semantic labeling. Given a text
label T and one patch P, judge if P can be
classified as T.

Prompt II — 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.

Category Text
MaskRol
Align . I Sup.
K V Text Encoder :
{(e.g. CLIP) & 9
Patch Encoder x N ] T gl N
o core
P={Py,Py, ..., Py} ==\ MeC) Category
rC D w Score
Unified Affinity Decoder = {furfy ) — |2 oy 0 Lo
- — = Clip i)
M=xD) ‘ A‘F_ > | _ { (=) [ ] | g {M i = bcore:
c L4~ Mask | :
¥ | 22| | Dynamic Multi- Head |
g; e E— Cross-Attention {DCA} - m “““ i
v oo
S SAM patohes ] —1 Predicetd Mask
g [rueege (MW i)
- —

@ = {Q1.Qz, .. Oy} B [ Calculate Affinity J

(Prompt | or 1) (M+N) T Affinity Assign

x N A

Figure 2: The unified affinity framework as an efficient implementation of SAM-CP. The input image
with SAM patches is fed into a patch encoder. Type-I and Type-II 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. The purple arrows
are present only in the inference stage of open-vocabulary segmentation. Best viewed in color.
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A unified affinity framework:

Patches encoder:

extract features with MaskRol Align, and
then embed the feature with patch encoder
(multi-head attention layers)

Unified affinity decoder:

Dynamic multi-head cross-attention to
distinguish which patches belong to (calculate
the affinity score) the semantic query for
semantic segmentation (or instance query for
instance segmentation)

Classifier:
The learnable classifier for close-vocabualry,
and the CLIP classifier for open-vocabulary
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Figure 2: The unified affinity framework as an efficient implementation of SAM-CP. The input image
with SAM patches is fed into a patch encoder. Type-I and Type-II 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. The purple arrows
are present only in the inference stage of open-vocabulary segmentation. Best viewed in color.
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Figure 9: The illustration of how to get the ground-truth affinity matrix B. The left is GTs&Q, the
middle is GTs&P and the right is Q&P. Line 2 is the t-SNE visualization of category assignment.

How to determine the GT affinity supervision
and the lable assignment

Algorithm 1 Affinity Similarity Calculation

Input: Query vectors Q, Patch features K, Head number 7, Stage number w.

Output: Affinity similarity A.

Note: 0 € RY “D, KeRY*P , where M and N is the number of Q and K. D is the feature dimension, which
is a multiple of . s € R', by € R” and by € R” are the learnable scaling factor and bias parameters to
initialize the score to 0.01 for the focal loss.
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The affinity similarity calculation algorithm



Experiments and analysis

o T COCO SADEJOK ADE20K »COCO COCO Cityscapes The performance of
PQ SQ RQ AP mloU| PQ SQ RQ AP mloU| PQ AP mloU SAM-CP

MaskCLIP [15] VITL | 15.1 705 192 60 237 | - - - - - - - - - on

FreeSeg [39] VITB |163 718 216 65 246 |217 720 216 66 217 | - - -

omsag[sz] VITH |233 744 279 130 292 | 250 794 304 - ~ |99 = » COCO—ADE20K.,

OPSNet [10] VIT.L | 190 524 230 - - - - - - - |45 - - ADFE20K—COCO and

MaskQCLIP [53] | VIT-L | 233 - - - 304 | - - - - - - - - ,

X-Decoder [63] | Focal-L |218 - - 131 296 | - - - - - [381 249 520 COCO—Cityscapes about

FCCLIP [56] CN-L |[268 715 323 168 341 |270 780 329 - - | 440 268 562 . .

SAM-CP CN-L [ 272 777 329 170 318 | 286 784 345 219 1343 | 410 293 479 instance & semantic &

Table 1: Accuracy (%) of Open-vocabulary panoptic segmentation (in PQ, SQ and RQ), instance panoptic segmentation

segmentation (in AP) and semantic segmentation (in mloU). CN-L means ConvNext-L.

The visualization of
SAM-CP on COCO
dataset about panoptic
segmentation




Experiments and analysis

i i Label Assignment Closed-domain (COCQO) Open-domain (COCO—ADE20K)

PQ AP AP mloU | PQ SQ RQ AP miloU

all all 0 458 414 540 |22 70 329 170 318

] , . wio Lmn | wio mfl 00 35 00 00 | 06 220 09 00 34
The main ablation studies wlo Lgice | wio dice 413 351 343 483 | 238 734 291 158 286
of SAM-CP: all w/o mfl 428 440 398 514 | 265 782 323 172 316
all w/o dice 453 448 406 537 | 266 766 324 167 315

all wlobox & giou | 455 440 407 539 | 259 761 316 164 305

o (different loss & label

Table 3: Accuracy (%) in open and closed domains with different loss terms and matching strategies.

assignment

o different modules DCA AR MaskRol QE BG | QCI"”TP‘S;‘“"“";EOCE}M P?ge“'dgg*““ (ESCO;’?DE?EL
7 7 7 v | 454 456 411 518 | 266 769 325 166 317

v v Vv | 435 440 399 511 | 258 768 313 163 305

oY /v | 441 453 406 511 | 256 744 311 165 303

" ; y v | 448 445 405 516 | 265 757 321 165 314

oY Y ¥ 452 454 413 526 | 255 757 312 161 303

O 7 /v | 470 458 414 542 | 272 717 329 170 318

Table 4: Accuracy (%) in open and closed domains with different modules in the SAM-CP framework.
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Through t-SNE visualization, we can see that SAM
fragments belonging to the same category converge
together in the feature space, while SAM fragments
belonging to different instances within the same
category converge together
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Through t-SNE visualization, each SAM fragment is
almost independent in the feature space of SAM, while
in our SAM-CP feature space, they can be clustered into
corresponding clusters based on semantics/instances




Other Versatile

Segmentation:
Figure 8: The visualization of part and general instance segmentation. The result is obtained with Part Segmentatlon
one model and text labels of different granularities. On the left are the GTs, and on the right are the
results.

Limitation of

SAM’s mask
quality
% Uy . _ Figure 6: Dynamic prompts for look-Figure 7: Interactive SAM
(c) Object which is occluded = V ll'lg fOI‘ Small ObjeCtS. Ciﬂlillg Yields ﬁﬂer I'CSU.ItS.
Swin-L 300 100queries seg. | 527 /
Swin-L 100 200queries seg. 57.8
Swin-L 50 300quries reg.+gseg. 58.3 . . Future Work
R50 24 atch+tex SAM* 48.4
= o e | e The closed domain is not.SOTA yet,
Swiok, B3 memied | sAMw |39 how can we make up for it?
Swin-L 36 patch+text | SAM*+MD | 54.7
Swin-L 50 patch+text | SAM*MD | 54.5




Thank you!



