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’ Motivation

Defects of Deep-learning-based Segmentation
®m Eager for large amount of samples of target

® Cannot segment unseen objects

The aims of Few-shot Segmentation
B Segment unseen object with only a few

references after training
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®m Divide classes C of dataset into seen Cs,.,, and unseen Cuseen: Cseen N Cynseen = @

® Dirain = {(Si, Qs )}Ntmmr Diese = {(Si, Q; )}NteSt

m S = {(Ic,krMc,k) | ¢ € Cgpen fOr training else ¢ € cypseen }, Q; = {(chn, Mc,n)}

B (S;,Q,) called episode is the input to the model during training/testing stage

Support Set Query Set

3-way 1-shot —
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’ Dataset & Metric

Dataset:
m Pascal VOC 2012
m MS COCO

Metric:

B Mean Intersection over Union (mloU)

TP
FP+FN+TP

B mloU =

TN
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® SG-One: Similarity Guidance Network for One-Shot Semantic Segmentation (2018)
® PANet: Few-Shot Image Semantic Segmentation with Prototype Alignment (2019)
® Prior Guided Feature Enrichment Network for Few-Shot Segmentation (2020)

®m Adaptive Prototype Learning and Allocation for Few-Shot Segmentation (2021)

®m Edge-Labeling Graph Neural Network for Few-shot Learning (2019)



SG-One: Similarity Guidance Network for One-Shot Semantic Segmentation
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7 SG-One
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Key points:

| Similarity
Map

b 4 I L,
Similarity Guidance 3 m
M | |

> Segmentation

® Masked Average Pooling strategy

® Build relationship between support and

NND

query with cosine similarity

®m Unified network structure
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7 SG-One

K-shot Testing:

®m Ensemble the K segmentation mask with equation:
* ?xl,(y)
®m Average the K representative vectors

?x,y = max(?xl,y,

?2

X,y oo

£ stgmr k¥

5 BEIJING INSTITUTE OF TECHNOLOGY

MEAN IoU RESULTS OF ONE-SHOT SEGMENTATION ON THE PASCAL-5' DATASET. THE BEST RESULTS ARE IN BOLD

Methods' PASCAL-5" PASCAL-5' PASCAL-5* PASCAL-5° Mean
[-NN 253 449 41.7 18.4 32.6
LogReg 26.9 429 37.1 18.4 31.4
Siamese 28.1 39.9 31.8 258 314
OSVOS [37] 249 38.8 36.5 30.1 32.6
OSLSM [15] 33.6 55.3 40.9 335 40.8
co-FCN [16] 36.7 50.6 44.9 324 41.1
SG-One(Ours) 40.2 58.4 48.4 38.4 46.3
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PANet: Few-Shot Image Semantic Segmentation with Prototype Alignment
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’ PANet

m " il
.

1 Predict

/OO 00\\

\‘%x/

Key points
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(a) Support — Query (b) Query — Support

Support Set support features support features
l rasked
: verage
—| > (cos R B = .. 0
E LIl query . ooy
Query Set features features

\
M( Y) = argmlnM( ¥)
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Method I-shot S-shot A #Params

split-1 split-2 split-3  split-4 Mean | split-1 split-2  split-3  split-4 Mean | Mean

OSLSM [21] 336 553 409 335 408 | 359 58.1 427 39.1 439 3.1 272.6M
co-FCN [16]7 | 36.7 50.6 449 324 41.1 | 375 500 441 339 414 | 03 34.2M
SG-One [28] 40.2 584 484 384 463 | 419 58,6 486 394 47.1 0.8 19.0M
PANet-init 308 40.7 383 314 353 | 416 527 516 408 467 | 114 14.7M
PANet 423 580 511 41.2 481 | 51.8 646 598 465 557 | 7.6 14.7TM
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Prior Guided Feature Enrichment Network for Few-Shot Segmentation
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! PFENet

PFENet mainly wants to solve following two problems:

®m High-level features using in a few-shot model may cause performance drop
m Using fixed high-level features to yield the prior mask

m Spatial Inconsistency

B Proposing a FPN-like Feature Enrichment Module with residual blocks

Train Tv/Monitor Potted Plant Bus Person
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| 1-Shot | 5-Shot |
Methods Params
| Fold-0  Fold-1 Fold-2  Fold-2 | Mean | Fold-0 Fold-1 Fold-2  Fold-3 | Mean |
VGG-16 Backbone
OSLSMagq 7 33 336 55.3 409 33.5 40.8 359 58.1 427 39.1 440 276.7M
co-FCNag15 [2Y] 36.7 50.6 449 324 41.1 375 50.0 441 339 41.4 34.2M
SG-Onezpr s [BH] 40.2 58.4 45.4 38.4 46,3 419 58.6 48,6 39.4 471 19.0M
AMPz019 [B5] 419 50.2 46.7 34.7 43.4 41.8 55.5 50.3 399 46.9 34.7M
PANetag1g [45] 423 58.0 51.1 41.2 458.1 51.8 646 59.8 46.5 55.7 14.7M
FWBFan19 [28] | 47.0 506 526 483 | 519 | 509 62.9 56.5 501 | 55.1 -
Qurs 56.9 68.2 54.4 52.4 58.0 59.0 09.1 54.8 529 59.0 10.4M
ResMNet-50 Backbone
CANetapio [B4] 525 659 51.3 51.9 55.4 55.5 67 .8 519 53.2 57.1 19.0M
PGNetagig [B3] 560 669 0.6 50.4 56.0 49 67 .4 51.8 R3.0 56.8 17.2M
Qurs 61.7 69.5 55.4 56.3 60.8 63.1 70.7 55.8 57.9 61.9 10.8M
ResNet-101 Backbone
FWBFz19 [28] 51.3 645 56.7 522 | 562 | 54.8 67.4 62.2 553 | 59.9 -
Ours 60.5 (9.4 54.4 55.9 60.1 62.8 70.4 549 57.6 6l.4 10.8M
Methods | Backbone I 1-Shot | >-Shot
| | Fold-0 Fold-1 Fold-2 Fold-3 | Mean | Fold-0 Fold-1 Fold-2 Fold-3 | Mean
Class mloU Evaluation
FWBFaq14 [2H] VGG-16 18.4 16.7 19.6 254 200 2049 19.2 219 284 226
Ours YVGEG-16 334 36.0 34.1 32.8 341 35.9 40,7 38.1 36.1 377
PANetagi07T [45] VGG-16 - - - - 209 - - - - 29.7
Ourst VGEG-16 354 38.1 36.8 34.7 36.3 38.2 42.5 41.8 38.9 40.4
FWBFao10 28] | ResNet-101 | 199 180 210 289 | 212 | 19. 215 239 301 | 237
Ours ResMNet-101 34.3 33.0 32.3 30.1 324 385 38.6 38.2 34.3 37.4
QOurst | ResMet-101 | 36.8 41.8 38.7 36.7 | J8.5 | 40.4 46.8 432 405 | 42.7



Adaptive Prototype Learning and Allocation for Few-Shot Segmentation




Adaptlve Prototype Learning and Allocation
’ for Few-Shot Segmentation(CVPR2021)
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(b) Adaptive prototype leaming and allocation



Adaptive Prototype Learning and Allocation
for Few-Shot Segmentation
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(b) GPA 1is adaptive to object shape variation
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Adaptive Prototype Learning and Allocation
for Few-Shot Segmentation
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Figure 2. Overall architecture of the proposed Adaptive Superpixel-guided Network.



A Adaptive Prototype Learning and Allocation
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Super-pixel

Serve super-pixel centroids as prototypes
B concatenate the coordinates of each pixel with the support feature map
m Get foreground feature map with mask

B |[teration

D =/(d))? + (dy/r)2, (1) — VoS> |
Es _h - - > g 000 {20 |
where dy, dy are the Euclidean distance for features and W !

coordinate values, and r is a weighting factor. We filter

CxHxW append append (€ + 2) % Ny
i coordinate J coordinate



Adaptive Prototype Learning and Allocation
for Few-Shot Segmentation
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Figure 4. lllustration of proposed Guided Prototype Allocation.



Adaptive Prototype Learning and Allocation
for Few-Shot Segmentation
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Adaptability

Compute the number of prototypes with the number of pixels in the
foreground

"-\'”! T
Ngp = min( { S J Nomax )

| . ﬁ-p

K-shot setting

Directly get all prototypes from K-shot

— k J



Adaptive Prototype Learning and Allocation

: t 35
for Few-Shot Segmentation rELX? |

BEIJING INSTITUTE OF TECHNOLOGY

/

Backbone | Methods 1-shot S-shot A

s-0 s-1 s-2 s-3 mean s-0 s-1 s-2 s-3 mean

OSLSM [27] 33.60 5530 4090 3350 4080 | 3590 58.10 4270 39.10 4395 | 3.15
co-FCN [21] 36.70 50.60 4490 3240 41.10 | 3750 50.00 44.10 3390 4140 | 0.30

VGG-16 AMP [24] 4190 50.20 46.70 3440 4340 | 4030 5530 4990 40.10 4640 | 3.00
SG-One [+47] 40.20 5840 4840 3840 4630 | 4190 58.60 48.60 3940 47.10 | 0.80
PANet [3] 4230 58.00 51.10 4120 48.10 | 51.80 6460 5980 4650 55.70 | 7.60
FWB [20)] 47.04 59.64 5261 4827 5190 | 5087 6286 5648 50.09 5508 | 3.18

CANetj [40] 5250 6590 5130 5190 5540 | 5550 6780 5190 5320 57.10 | 1.70
PGNetf [ V] 56.00 6690 50.60 5040 56.00 | 5770 68.70 5290 5460 5850 | 2.50
RPMMs [ 4] 55.15 6691 5261 50.68 5634 | 5628 67.34 5452 5100 57.30 | 0.96
ResNet50 SimPropNet [8] | 54.82 67.33 5452 5202 57.19 | 5720 6850 5840 56.05 6004 | 285
PPNet [1¥] 47.83 58.75 5380 4563 5150 | 5839 6783 64.88 56.73 6196 | 10.46
PFENet [ Y] 61.70 6950 5540 5630 6080 | 63.10 70.70 55.80 5790 6190 | 1.10
ASGNet (ours) | 58.84 67.86 56.79 53.66 5929 | 63.66 7055 64.17 5738 6394 | 465
FWB | U] 01.30 6449 56./1 J52.24 56.1Y9 | 5484 6/.38 062.16 355.30 359.92 3.73
DANT [31] 5470 68.60 57.80 5160 5820 | 5790 69.00 60.10 5490 6050 | 2.30
PFENet [2Y] 60.50 6940 5440 5590 60.10 | 6280 7040 5490 57.60 6140 | 1.30
ASGNet (ours) | 59.84 6743 5559 5439 5931 | 6455 7132 6424 5733 6436 | 5.05

ResNet101
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Edge-Labeling Graph Neural Network for Few-shot Learning




Edge-Labellng Graph Neural Network for Few- *
’ shot Learning (CVPR2019)

Graph Neural Network (GNN)

H = F(H,X)
0 =G (H,Xy
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GCN

Xk+1 = o ( (L) + D5 2AsD; 2 )Xk W

[1]Kipf and M. Welling. Semi-supervised classification with graph convolutional
networks. ICLR, 2017.



Edge Labeling Graph Neural Network for Few-
’ shot Learning (CVPR2019)
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(a) Node Feature Update (b) Edge Feature Update (¢) Meta Update

Not suitable for few-shot learning



Edge Labeling Graph Neural Network for Few-
’ shot Learning (CVPR2019)

(a) Graph Construction (b-1) EGNN: Node Feature Update
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(c) Query Node Label Prediction (b-2) EGNN: Edge Feature Update



Edge Labeling Graph Neural Network for Few-
’ shot Learning (CVPR2019)
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[1”[]] ]f-!',-'u =1 and 1, ] < N x K,
,  MHy;; =0and 7,7 < N X K,
0[]1], ify; =0 and 4,j < N x K

0
. €;; —
Initial edge label { 0.5/]0.5], otherwise,

Node update [Z ”fjllvf 1||Z 1j2 ﬁ_l];ﬂf);

ff(v vf HE‘) 1‘?]

_/ ir Ve
€ii1 = (4)
’ D ok fE(Va:VL HE) 1k1 (D k€ fml)
r—1
Edge update ol = (1 — fE(vi, 5 "9£)) €;2 )
’ ZL — fE( V Vav*g{)) uz ( k*‘ff.;;_zl)'
e, = e/el. (6)



Edge-Labellng Graph Neural Network for Few-

’ shot Learning (CVPR2019)

Algorithm 1: The process of EGNN for inference
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Input' G=WV,&T), where T =S Q,
NxK - A\NXK+T

= {(xi,9:) i3 Q@ = {xi N s k1
Parameters. Qemb U {65,050,
Output: {7;};"\ K14
Initialize: v = fermb(xi; 0emp). €7, Vi, j
for/{=1.,---,Ldo
/* Node feature update * /

fori=1,---,|V|do
‘ vi NodeUpdate({ -1 { 1108
end
/+ Edge feature update */
for (i,j)=1,---,
| o, « EdgeUpdate({v/}. e!; '}:6!)
end
end
/* Query node label prediction * /

{ﬁi}iﬁi}il + Edge2NodePred({y; } L 5, {el})
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ConvBlock (N-Channel)

()

Figure 3: Detailed network architectures used in EGNN.
(a) Embedding network f.,,;. (b) Feature (node) transfor-
mation network f*. (c) Metric network f*.



Edge Labeling Graph Neural Network for Few-
’ shot Learning (CVPR2019)
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(a) minilmageNet

Model Trans. 5-Way 5-Shot (b) tieredimageNet

Matching Networks [ ] No 55.30

Reptile [46] No 62.74 Model Trans. 5-Way 5-Shot
Prototypical Net [3] No 65.77 Reptile [40] No 66.47
GNN [6] No 66.41 Prototypical Net [ ] No 69.57
EGNN No 66.85 EGNN No 70.98
MAML [4] BN 63.11 MAML [4] BN 70.30
Reptile + BN [46] BN 65.99 Reptile + BN [10] BN 71.03
Relation Net [5] BN 67.07 Relation Net [5] BN 71.31
MAML+Transduction [4]  Yes 66.19 MAML+Transduction [4]  Yes 70.83
TPN [12] Yes 69.43 TPN [12] Yes 72.58
TPN (Higher K) [12] Yes 69.86 EGNN+Transduction Yes 80.15

EGNN+Transduction Yes 76.37




Edge Labeling Graph Neural Network for Few-
’ shot Learning (CVPR2019)

Transductive inference
Classify the entire test set at once to alleviate the low-data problem
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[2]Liu Y, Lee J, Park M, et al. Learning to propagate labels: Transductive
propagation network for few-shot learning[C]//7th International Conference on
Learning Representations, ICLR 2019. 2019.
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