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Introduction

Experimental Results

We are the first to explore pointly-supervised weak-shot semantic
segmentation, where the model jointly learns from full annotations
of base classes and point-level annotations of novel classes.

® We design a novel model transferring query-to-mask mapping and keypoint-
to-mask mapping, in which the latter mapping could help to learn the former
mapping for novel classes.

® We design a confident memory bank to alleviate the object ambiguity of
novel classes.

® Extensive experiments on two datasets demonstrate the effectiveness of our

method.
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Figure 1: Task&Method overview
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Figure 2: The illustration of our framework.

Keypoint-to-Mask Mapping

Generates class-specific masks: For each keypoint embedding of class c,
compute its similarity with all pixel embeddings (dot product + sigmoid) to
produce a keypoint mask; union all masks of class c yields the class-specific mask.
Query-to-Mask Mapping

Assigns class labels to proposals: Converts N query embeddings into N
proposal masks; assigns class labels using assignment cost (classification +
segmentation for base classes; adds inclusion/exclusion costs for novel classes
using known positive/negative points).
Confident Memory Bank

AReduces object ambiguity: Employs contrastive loss L 4 to align novel-class
proposal embeddings with prototypes; computes novel-class confidence as 1—w
(where w is co-occurrence probability from class-pair statistics).

Quantitative comparison results

We evaluate different methods on two benchmark datasets: COCO-Stuff-10K
and ADE20K. COCO-Stuff-10K has 9k training images and 1k test images from
171 classes. ADE20K has 20k training images and 2k validating images from 150
classes. For each dataset, we split all the classes into base classes and novel classes
with the split ratio |Cbase| : |Cnovel | = 3: 1.

Table 1: The mlIoU results of various methods on two benchmark datasets.

s e COCO-Stuff-10K[3 ADE20K[48
cublisheddn)  Method |4 w5iitd pliia split[4]Mean splitl split2 splitS[s‘;p{itﬁl Mean
pAMIo] | AGNN[4I] [21.6 180 236 190 206[282 241 21.3 219 239

A2GNN#[41] |26.8 228 284 23.1 253 (334 287 238 263 280
' ;:;'P_R-_zg | TEL[20 j__ 1248 196 254 212 225|298 770 718 237 256
TEL*[20] |28.1 232 30.5 252 268|342 302 257 27.7 295
i E‘;P—R-_zf; | AGMM[38] |[25.1 214 282 236 246|313 284 233 244 269
AGMM*[38] [29.3 25.0 329 269 285|358 32.6 283 292 315
h ;m;‘;[__z; | cCDSsP[46] |30.1 255 30.7 282 286|352 327 273 29.1 31.1]
CDSP#[46] |[34.3 30.1 36.5 329 33.5|39.6 383 30.6 32.0 35.1
BMvC.y, | RETABT[49] [275 23.1 298 256 26.5(346 313 257 259 294
RETAB* [49] | 28.6 245 312 273 279|360 323 282 289 314
' r;e;ﬂ_ljg_z_z“S_inTFarﬂle_rT_[{ST 335 274 337 317 316|376 353 295 31.8 33.6]
SimFormer* [6]] 34.1 29.3 359 32.1 329|39.1 38.1 30.7 322 350
— Ours 36.6 32.6 40.1 34.6 360|434 40.7 334 339 37.9
Ours* 37.0 333 413 353 36.7 | 44.1 423 349 344 39.0
FullyOraclet |37.5 34.0 43.8 360 37.8 |478 443 3383 362 41.7

Ablation Studies

We investigate the impact of each loss term (L, L., Lo, Loy ) 2nd each
assignment cost term (Ji,, Jexs Joon) fOr novel classes in table 2. We also explore

different variants of network designs in Table 3.

Table 2: Ablation studies on each loss term and each assignment cost term on COCO-Stuff-10K
Row | Loy shin Lex Jor Leon Jeon Loi | Sphtl Splt2. Sphitd Splid

1 32.2 26.6 339 30.3
3249 27.3 34.4 31.0
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Table 3: The mIoU results of different variants of network designs on COCO-Stuff-10K

Query Keypoint | Splitl  Split2  Split3  Split4
T, 350 29.6 37.9 33.2
T, 1, 36.6 32.6 40.1 34.6
T, Tx 36.7 32.8 40.2 34.7

Loss Function

Contrastive loss 5 .a exp(EPP[i,:] - Ble,:|T /1)

A OB Y e exp(EPPTL,:] - BIC, T /)
Inclusion loss. Exclusion loss and Consistency loss
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Base class total loss
Lp= ﬁci.f(a(”):aJ’[”D 35 E.feg (M*[S(”)] :'MPP[HD 3 ﬁmﬁg(M:ﬁ [5(”)]:Mkp[8(”)})
Novel class total loss

Ln=Lcs(6(n),yn])+ Loy + A1 - Lin(M*[6(n)],MPP[n])

+h Lo | ) M), MPP[n] | 4+ A3Leon(MP[8(n)], MP [n])
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(a) Full Image (b) Sphit Mask (¢) GT Mask (d) SimFormer* (e) TEL* (f) Ours*




