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Abstract

Mainstream few-shot segmentation methods meet performance bottleneck
due to the data scarcity of novel classes with insufficient intra-class varia-
tions, which results in a biased model primarily favoring the base classes.
Fortunately, owing to the evolution of the Internet, an extensive repository
of unlabeled images has become accessible from diverse sources such as search
engines and publicly available datasets. However, such unlabeled images are
not a free lunch. There are noisy inter-class and intra-class samples causing
severe feature bias and performance degradation. Therefore, we propose a
semi-supervised few-shot segmentation framework named F4S, which incor-
porates a ranking algorithm designed to eliminate noisy samples and select
superior pseudo-labeled images, thereby fostering the improvement of few-
shot segmentation within a semi-supervised paradigm. The proposed F4S
framework can not only enrich the intra-class variations of novel classes dur-
ing the test phase, but also enhance meta-learning of the network during the
training phase. Furthermore, it can be readily implemented with ease on any
off-the-shelf few-shot segmentation methods. Additionally, based on a Struc-
tural Causal Model (SCM), we further theoretically explain why the proposed
method can solve the noise problem: the severe noise effects are removed by
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cutting off the backdoor path between pseudo labels and noisy support im-
ages via causal intervention. On PASCAL-5 and COCO-20" datasets, we
show that the proposed F4S can boost various popular few-shot segmenta-
tion methods to new state-of-the-art performances.

Keywords: Few-shot segmentation, Semi-supervised learning, Noisy
images, Causal inference

1. Introduction

Few-shot segmentation (FSS) [1] aims to segment the object regions in
query images of novel classes using a minimal number (N-shot) of annotated
support images. The most common experimental settings for FSS use 1-
shot and 5-shot annotated support samples, as shown in Fig. 1 (a) and (b).
The primary challenge for FSS is how to effectively utilize the information
provided by the N-shot support images. Prototype-based approaches [2, 3, 4,
5, 6] focus on generating representative prototypes from the N-shot support
images to accurately characterize the novel classes. In contrast, the metric-
based approaches [7, 8, 9] focus on learning a class-agnostic similarity metric
that can precisely measure the regions similar to the N-shot support regions
in the query image. However, the most significant challenge of few-shot
learning is how to maximize the exploration of data distributions under data
scarcity [10]. Increasing manually annotated data is the most direct and
effective method, but it is extremely time and labor-consuming.

Thanks to semi-supervised learning (SSL), the pseudo-labeling methods
have provided a practical solution for the data scarcity issue in few-shot learn-
ing tasks, and there is already relevant research work published on this. For
example, the method in [11] combines semi-supervised learning with few-shot
classification and proposes the PLCM network, which generates and selects
good pseudo labels based on loss distribution to enrich the dataset. the
method in [12] proposes a semi-supervised few-shot segmentation method
in remote sensing cases, which generates pseudo labels on super-pixels of
backgrounds for mining latent features to enhance the network’s generaliza-
tion capacity. The method in [13] combines semi-supervised learning with
few-shot object detection and proposes the APLDet network, which utilizes
a teacher model adaptively generating pseudo labels to guide the training of
a student model.

In this study, we combine semi-supervised learning (SSL) with few-shot
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Figure 1: (a) 1-shot setting. (b) 5-shot setting. (c) 1-shot with additional 4 noise support
images with pseudo labels. There is a large performance gap between 1-shot and 5-shot.
Using 1-shot and 4 noise support can achieve comparable performance to 5-shot without
increasing annotation cost.

segmentation (FSS) and propose a novel semi-supervised few-shot segmenta-
tion framework named F48S. Different from existing method [12] that intro-
duces super-pixels to generate pseudo labels and only enhances the training
phase of FSS, the proposed F4S framework generates pseudo labels of un-
labeled images directly, and quantitatively evaluates the quality of pseudo
labels based on a novel ranking algorithm, and finally enhance both the train-
ing and test phases of any off-the-shelf FSS models. A brief pipeline of F4S
is shown in Fig. 1 (c¢) , which consists of three steps. Firstly, pseudo labels
are generated using a pre-trained F'SS model for noisy and unlabeled support
images. Secondly, pseudo labels with high confidence scores are selected as
ground truth to augment the support set. Thirdly, the augmented support
set is utilized to enhance the FSS model in both the training and test phases.

However, unlabeled support images are not a free lunch, as there are two
problems that complicate pseudo-label selection (as shown in Fig. 2). 1)
Noisy Intra-Class Samples: The noisy intra-class samples contain am-
biguous objects that may strengthen the background and weaken the fore-
ground, e.g., noisy “background” dominates the image as shown in Fig. 2 (a).
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Figure 2: Examples of two basic problems. (a) Noisy intra-class samples as support
samples. (b) Noisy inter-class samples as support samples.

2) Noisy Inter-Class Samples: The noisy inter-class samples introduce ir-
relevant features to the task, which may cause feature bias and thus confuse
the F'SS model, e.g., the F'SS model is confused by “elephant”, “person” and
“sheep” when segmenting “aeroplane” as shown in Fig. 2 (b). We need to
eliminate the two types of samples.

To solve the two basic problems, we propose a ranking algorithm in F4S
to automatically eliminate the noisy intra-class samples and inter-class sam-
ples. This ranking algorithm consists of two terms: an intra-class confidence
term R and an inter-class confidence term 7. The term R aims to iden-
tify the noisy intra-class samples by calculating three terms: F,., F;,. and
E.y.. Specifically, E,. measures prediction uncertainty based on binary en-
tropy, Eim. identifies different types of errors based on the co-teaching frame-
work [14, 15], and E.,. measures object features completeness based on the
cycle-consistency strategy [16, 17]. Besides, the term T aims to identify the
noisy inter-class samples. It calculates the feature similarities between the
support prototypes and the pseudo labels of noisy images. Finally, a ranking
score F is calculated by weighting R and 7', and the top-scored pseudo labels
are treated as new support samples.

In order to theoretically explain the effectiveness of the ranking algo-
rithm, we design a Structural Causal Model (SCM), which models the rel-
evance of input support samples, noisy support set, and query labels. The
SCM proves that the proposed ranking algorithm can successfully remove the
confounding bias in the noisy support set (c¢f. Sect. 5). We also evaluate the
proposed F4S framework on two popular FSS benchmarks: PASCAL-5' [1],
and COCO-207 [18] in Sect. 6. Extensive quantitative and qualitative studies
show that the F4S achieves new SOTA performance compared with existing
fully supervised FSS methods.
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This paper represents a very substantial extension of our previous confer-
ence paper [19]. The main improvements compared with [19] lie in threefold:
(i) We have improved the F4S framework by integrating a new term, E.,.,
derived from the cycle-consistency strategy, into the proposed ranking al-
gorithm. This enhancement notably boosts the model’s ability to identify
noisy samples without increasing its learnable parameters or memory cost,
achieving improved performances. (7i) We have added a justification sec-
tion (Sect. 5), where we theoretically explain why the proposed method can
work successfully based on a Structural Causal Model (SCM), which mod-
els the causal relevance of input data, generated pseudo labels, and output
predictions. (iii) We have conducted more comprehensive experiments to
evaluate the proposed method thoroughly. These experiments include exten-
sive evaluations on the PASCAL-5 dataset, along with additional compar-
isons with both inductive and transductive FSS methods, as well as recent
semi-supervised F'SS methods. Furthermore, we have included visualization
results, conducted more comprehensive ablation studies, and performed ad-
ditional experimental analysis.

Our main contributions are as follows:

e We incorporate semi-supervised learning into the few-shot segmenta-
tion task and propose the F4S framework. It can benefit any off-
the-shelf few-shot segmentation models by solving the data scarcity
problem via introducing pseudo-labeled images, which has less been
studied.

e We design a ranking algorithm including an intra-class confidence score
R and an inter-class confidence score T' to automatically identify and
eliminate the noisy samples in pseudo labels. The designing of R and
T are based on the underlying mechanism of FSS models. To the best
of our knowledge, this is the first work that quantitatively evaluates
the quality of pseudo labels in semi-supervised few-shot segmentation.

e We offer a theoretical explanation of the ranking algorithm grounded
in a Structural Causal Model (SCM). This analysis proves that the
proposed method has the capability to mitigate confounding bias within
the noisy support set through causal intervention.
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2. Related Work

2.1. Few-shot Segmentation

Few-shot segmentation performs semantic segmentation in the few-shot
scenario, where only a few support images are given for a new class. Two
types of FSS methods, i.e., the prototype-based approaches [20, 2, 3, 4, 21,
5, 6] and the metric-based approaches [7, 8, 9], are mainly used to achieve
accurate segmentation.

The prototype-based approaches try to generate prototypes that describe
the class well from the limited training samples. For example, the method in
[20] generates foreground and background prototypes via a classifier trained
by support images with image-level labels. The method in [2] uses a proto-
type alignment strategy to make the prototypes more consistent. Seeing the
fact that one single prototype is hard to fully describe the class, some meth-
ods [3, 4] try to generate multiple prototypes for each class. For example, the
methods in [3] and [4] decompose the single class representation into a set of
part-aware prototypes that can describe diverse fine-grained object features
more precisely. The methods in [21] and [5] propose a parameter-free based
prototype generation method via feature clustering.

The metric-based approaches try to learn a class-agnostic similarity met-
ric that measures the similarity of region pairs, by which the query region
similar to the support region can be obtained. For example, the method in
[7] proposes a dense comparison module to calculate the similarity between
support features and query features under multiple levels. The method in [§]
proposes a multi-scale decoder with attention prior masks to achieve better
measurement. Besides, the methods in [22] and [23] provide a fresh insight
into the FSS task. The proposed BAM network incorporates an auxiliary
base learner into the conventional FSS meta learner to identify and remove
the feature-biased problem caused by base-class objects, and thus learn a bet-
ter class-agnostic metric function. Moreover, the method in [24] introduces
a divide-and-conquer strategy in F'SS, which divides coarse results into small
regions and conquers the segmentation failures by leveraging the information
derived from support image-mask pairs.

Different from these existing methods, we generalize few-shot segmenta-
tion with more noisy and unlabeled images in both the training and testing
phases. Furthermore, we propose a new quality ranking algorithm that can
select good support samples from noisy samples accurately.
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2.2. Semi-Supervised Learning

Semi-supervised learning [25, 26, 27, 28, 29, 30, 31] trains neural networks
on partially labeled datasets, including both labeled and unlabeled data. The
labeled data provides discriminative information about classes, while the un-
labeled data provides the underlying structure of the input data. Recent
works based on semi-supervised learning not only improve the performance
of deep neural networks, but also significantly reduce the cost associated
with data labeling. For example, the method in [25] generates and selects
pseudo labels for unlabeled data that exhibit high confidence above a spe-
cific threshold to enhance image classification. The method in [29] utilizes
the teacher-student framework, where the teacher model learns to generate
good pseudo labels from unlabeled data to benefit the student model for ob-
ject detection. The method in [28] proposes a new confidence score based on
the loss distribution to select good pseudo labels and benefit few-shot clas-
sification. The method in [27] generates and retains pseudo-labeled samples
with high confidence of the target domain for adversarial learning to solve
the domain adaptation problem. The method in [30] proposes a transfer
network, which is trained by pseudo labels and learns to exploit beneficial
feature representation knowledge in the extractor to enhance the training of
semantic segmentation network. In this paper, we propose a semi-supervised
FSS framework to expand the support image set with unlabeled images and
their pseudo labels.

2.3. Few-shot Learning with Noisy Samples

Few-shot learning with noisy samples [32, 33, 34, 35, 36] represents a more
realistic scenario, where support sets are susceptible to mislabeled samples.
Robustness to noisy samples is crucial for practical few-shot learning meth-
ods. Some existing works [32, 33| focus on feature similarity to identify
and eliminate the noisy samples. For instance, the method proposed in [32]
employs soft k-means clustering to detect noise within the support samples,
given that the features of noisy samples deviate significantly from the current
support set. The method described in [33] utilizes a feature-level similarity
assessment to reveal the heterogeneity and homogeneity within support sam-
ples.

Additionally, designing attention mechanisms is widely utilized for sup-
pressing noise. For example, the method in [34] introduces a semantically-
conditioned attention mechanism to estimate the importance of training in-
stances and bolster the model’s resilience to noise. Similarly, the method

7
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outlined in [35] introduces an attention mechanism based on a novel trans-
former architecture, to effectively weigh mislabeled samples against cor-
rect ones. Moreover, the method described in [36] presents an attention-
based contrastive learning model incorporating discrete cosine transform in-
put. This model utilizes transformed frequency domain representations ob-
tained through discrete cosine transform as input, effectively removing high-
frequency components to suppress input noise.

Furthermore, recent research effort [37] extends the handling of noisy
samples to the few-shot segmentation task. It proposes a noise suppression
module to eliminate noisy activations by analyzing the correlation distribu-
tion between query and support features. However, [37] only considers the
inter-class noisy samples and cannot be generalized to a semi-supervised sce-
nario, where both intra-class and inter-class noisy samples abound. There-
fore, semi-supervised few-shot segmentation with noisy samples is a more
crucial scenario and remains largely unexplored. In this study, we introduce
a novel quality ranking algorithm designed to select high-quality support
samples from noisy pseudo-labeled data. This approach enhances few-shot
segmentation models in a semi-supervised way during both the training and
testing phases.

2.4. Causal Inference

Causal inference [38, 39] aims to formulate tasks in the view of causal-
ities and makes the network benefit from causal effects by removing the
confounder. Recently, a growing number of methods combing with causal in-
ference are proposed [40, 41, 42, 43, 44] in computer vision. For example, the
method in [40] uses causal inference to solve the semi-supervised semantic
segmentation, where the co-occurrence context is considered as a confounder
making the model hard to distinguish the category boundaries. A context
adjustment method with causal intervention is proposed to remove the con-
founding bias. The method in [41] treats the pre-trained knowledge as a
confounder in few-shot learning, and uses causal intervention to remove the
negative effect of the pre-trained knowledge. The method in [42] tackles the
out-of-distribution (OOD) generalization problem with causality. A causal
invariant transformation is proposed to keep the causal features from non-
causal features. Similarly, the method in [43] designs a meta-causal learner
to capture common causal features from multiple tasks and realize out-of-
distribution generalization. In this paper, we propose a structural causal
model in Sect. 5.1 to analyze the causalities among support samples, noisy

8



217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

support set, and query labels in our F4S framework, and aim at improving
the FSS performance.

3. Formulation

We mathematically formulate the conventional few-shot segmentation
methods and the proposed F4S for better understanding.

Conventional few-shot segmentation methods: @ In the training
phase, a support set S**¢ including images 1%**¢ and pixel-level annotations
MEs© of base classes is given. A few-shot segmentation network Ny param-
eterized by 6 need to be trained on {I2%¢, M%**¢} to segment objects from a
query set Q°**¢ within the meta-learning paradigm. The ground truth Mé’g‘we
of Q%**¢ is given for loss calculation and backward propagation. @ In the test
phase, {120Vl M2ovel} of novel classes is given, which provides support fea-
tures to help network Ny predict segmentation masks Mg‘”’el of novel objects
from Qm"®. Then, an evaluation metric, e.g. mloU, is adopted to evaluate
the performance of Ny, i.e. m[oU(Mg"“d, Mpeveh).

The proposed method F4S: @ Before training, {72%¢, M%*¢} and a
set of noisy unlabeled images I,,4pe1 are given. Pseudo labels P of I,.4pe

are generated by the pretrained network Ny based on the support features of

{I%ese Mb*se}. @ A ranking algorithm is proposed here to obtain {1295, . Pbase},

unlabel’

where the noisy pseudo-labeled samples are eliminated and superior pseudo-
labeled samples of base classes are retained. @ In the training phase, based
on {I%se Mbase [base  pbasel the network Np is retrained within the meta-
learning paradigm. @ Before test, we implement @ and @ again based
on {Izevel Mpovel} to obtain {I7evel  Provell of novel classes. ® In the

unlabel’

test phase, based on {[gevel \ypovel rovel = pnovell “the network Ny outputs

N » Tunlabel?
the predictions Mgovd of the query set Q™. Then, an evaluation metric

mloU (Mg"”d, 50”61 ) is utilized to evaluate the performance.

4. Method

4.1. Overview

Fig. 3 (a) shows the proposed F4S framework, which consists of three
phases. In phase I, a pretrained FSS network Ny is used to obtain the
pseudo labels of the noisy and unlabeled support images. Various existing
F'SS models can be employed here.
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Figure 3: (a) The pipeline of the proposed F4S framework, which consists of three phases.
In phase I, a pretrained FSS network Ny is used to obtain the pseudo labels. Then, in
phase II, a ranking algorithm is utilized to calculate quality scores F of pseudo labels and
rank them. Finally, in phase III, top-scored pseudo labels are selected as new support
samples to retrain Nyp. (b) The pipeline of the conventional FSS test. After retraining
Ny, it is tested on novel classes, e.g., “car”, with an annotated initial support set. (c) The
pipeline of our FSS test based on the proposed semi-supervised framework. Ny is tested
on novel classes with a new support set, which is expanded following phase I and phase II.

In phase II, the ranking algorithm is utilized to evaluate the pseudo labels.
Specifically, an intra-class confidence term R and an inter-class confidence
term T are calculated for each pseudo label. Then, a final ranking score E
is obtained by simply calculating the weighted sum of R and T"

E=a-R+3-T (1)

where o and ( are weighting coefficients. Afterwards, the top k scored pseudo
labels are selected to form a new annotation set:

SfL(;’lsi — Sbase + {(Xh YXl)v (X27 YX2)7 e (an YXk)} (2>

where ¢ indicates the initial annotation set of base classes in the training
phase, Yy indicates the pseudo label of image X.

Finally, in phase III, the new annotation set S?%¢ is used to retrain N, and
get better predictions. More details of the intra-class confidence term R and
the inter-class confidence term 7' are introduced in Sect. 4.2 and Sect. 4.3,
respectively. Besides, in order to enhance the inference of FSS models, we

further propose a new test process based on F4S in Sect. 4.4.

10
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Figure 4: (a) The pipeline of Ej,.. The unlabeled image X is processed by two FSS
models Ng1, Nyo2, with a given support sample {5, Ys}. Then, a metric m(:, ) is calculated
between the two output Y4, Y2. (b) The pipeline of E.,., which consists of two stages.

«--—-

In stage 1, a F'SS model Np makes prediction Yy of the unlabeled image X based on a
given support sample {S, Ys}. In stage 2, Ny makes prediction Ys of S based on {X, Yx}.
Finally, a metric m(-,-) is calculated between Y and Y.

4.2. Intra-Class Confidence Term R

The term R aims to identify the noisy intra-class samples. The calculation
of R is shown in Eq. 3:

R = Esc X (Ezmc + Ecyc) <3>

where the segmentation confidence term FE. estimates the prediction uncer-
tainty of pseudo labels, the instance mask consensus term Fj,. identifies
different types of errors in pseudo labels,; and the cyclic mask consensus term
E.,. identifies pseudo labels with incomplete object features. Now, we intro-
duce the three terms E., Ejpn., and E in detail.

Segmentation Confidence Term FE,.. This term is calculated by
adopting a binary-entropy-based function to measure the prediction uncer-
tainty:

1 .
B, = —N;H(z)JrB (4)

where 7 indicates a pixel position, H(-) is the binary entropy function, N is

the total number of pixels, and B is a bias term to ensure E,. € [0, 1]. The

formulation of H (z) is shown in Eq. 5, where p(i) is the logit at pixel position
i.

H(x) = —p(i)log(p(z)) — (1 — p(i))log(1 — p(i)) ()

Instance Mask Consensus Term FEj;,,.. This term is motivated by the

co-teaching theory [14, 15], which proves that two diverged networks can filter

11



280

281

282

283

284

285

286

287

288

289

290

291

292

293

299

300

301

302

303

different types of errors. Therefore, if two diverged few-shot segmentation
networks output similar predictions to the same wild image, the predictions
contain less error and have high confidence. The pipeline of getting Ej,. is
shown in Fig. 4 (a) and its calculation is:

where Y3 and Y2 are predictions of the same unlabeled image X from two
diverged networks Ny and Ngo. m(-, -) indicates a segmentation metric score,
e.g., mloU.

Cyclic Mask Consensus Term E,,.. Inspired by the cycle-consistency
strategy of [16], we design a cyclic pipeline in F'SS to estimate the segmenta-
tion confidence. The detailed pipeline is shown in Fig. 4 (b). Specifically, it
consists of two stages: in stage 1, a F'SS model Ny makes a prediction Yy of
the unlabeled image X based on the annotated support sample {S,Ys}; in
stage 2, based on {X, YX} Ny makes a prediction Ys of the support image
S. Finally, the E.y. can be calculated by:

Ecyc = m(Y57 }A/S> (7>

4.3. Inter-Class Confidence Term T

The term 7' aims to identify the noisy inter-class samples based on the
feature similarities between the support prototypes and the pseudo labels.
First, the prototype of class ¢ of the initial support set S¢ = {Sf, S5, ..., S¢}

are calculated by:

1
PC = — ‘F c, Y c 8
" ; o(Fse, Yse) (8)
where Fge € RO¥*W i the feature map of support S¢ of class ¢, Yse is the
manual annotation, o(-) is the masked global average pooling, and Pe e RC

is the prototype of class ¢. Then, the term T can be calculated by:
T = s(P%, o(Fx, Yx)) (9)

where Fxy € RE*H*X ig the feature map of X, Yy is the generated pseudo
label, s(,-) is a similarity metric, e.g., cosine similarity.

12
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4.4. A New Test Process based on F/S

To enhance the inference of FSS models, we can further expand the initial
support set of novel classes via F4S in the test phase, of which the pipeline
is shown in Fig. 3 (c). Specifically, different from the conventional FSS test
(Fig. 3 (b)), where only a small annotated support set S of novel classes
is utilized, our test enriches 8™ following the pipeline of phase I and phase
IT of the proposed F4S to obtain a new support set S7ov¢:

new

Snovel — Snovel + {(Xla Y/X1)v (XQ, YX2)7 ooy (Xka ?Xk)} (10)

new

Snovel

Then, the query images will be segmented with the new support set S;'%

to get better predictions.

5. Justification

5.1. Structural Causal Model

We construct a causal graph to formulate the causalities among the se-
lected support sample, query prediction, and the noisy support set, which is
shown in Fig. 5 (a). The causal graph consists of four nodes: X indicates the
selected support sample; Y is the query label; D indicates the noisy support
set, which includes the noisy intra-class and inter-class samples and acts as
the confounder in the causal graph; M is the transformed representation of
X in the low-dimensional manifold embedded in the latent high-dimension
space via F'SS model [40]. The directed path between two nodes indicates
the causalities : cause — effect. Next, we detail the rationale of Fig. 5 (a).

Oﬁﬂ 0&0

(a) (b)

Figure 5: (a) The causal graph for FSS. The confounder D degrades FSS via X + D —
M — Y, i.e., noisy intra-class and inter-class samples in D are mistakenly selected as
support samples X causing serious feature bias and bad query predictions of Y. (b) The
revised causal graph of our F4S, where the proposed ranking algorithm in F4S can cut off
the path towards X by do(X ), and thus ensures the selected support samples are noiseless.

D — X. The support sample X is sampled from the noisy support set D.
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X — Y. The support sample X provides object cues to predict query
label Y. However, this latent relevance between X and Y cannot obtained
directly, and therefore a FSS model f(-) is needed here to learn a transformed
representation M between X and Y.

D — M. The transformed representation M is a subset of that of D due
to that the F'SS model f(-) is trained on D.

X — M — Y. The support sample X leads to the transformed rep-
resentation M via FSS model, i.e., M = f(X), and M contributes to the
prediction of Y, i.e., P(Y|X, M). X with less noise leads to better M, and
finally benefits the prediction of Y.

Based on the causal graph, one can see that the confounder D degrades
P(Y|X) via the backdoor path X <~ D — M — Y. Removing the backdoor
path is the key challenge for improving F4S performance. Next, we show
how to remove the confounding effect by causal intervention P(Y |do(X)).

5.2. Causal Intervention via Backdoor Adjustment

In this section, we propose to use the causal intervention P(Y|do(X)),
which can remove the confounding effect by do(-) to get a better prediction
of label Y. The key idea is to cut off the path D — X (Fig. 5(b)) via
backdoor adjustment [38], i.e., identifying and eliminating noisy intra-class
and inter-class samples when sampling X from D. Following [45, 38], we

have:
P(Y|do(X))= > P(Y|X,M = f(X,D))P(D)

D={do,d:1}
=P(Y|X, f(X,D = dp))P(D = dy)
+ P(Y|X, f(X,D = d))P(D = dy) (11)

=PY|X, f(X,D=dp)) -«
where the noisy support set D includes two types of noisy samples: dy in-
dicates the noisy intra-class samples, and d; indicates the noisy inter-class
samples. P(D = dy) and P(D = d;) indicate the ratio of dy and d; in D.

For simplicity, they are set as two constants: « and [, respectively. Next,
we estimate P(Y|X, f(X,D =dp)) and P(Y|X, f(X,D = dy)).

5.2.1. Estimation of P(Y|X, f(X,D = dy))
Following [46], we implement the sampling process from the intervened
distribution to get P(Y = y|X = =z, f(X = z,D = dy)), abbreviated as
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P(y|x, f(z,dp)). It represents the probability of predicting the label Y =y
under the condition of input X = x with intra-class noise D = dj. Intuitively,
less intra-class noise dj leads to a higher probability P to predict the correct
label Y = y, which can be reflected by a segmentation metric score. To this
end, we can get:

P(ylz, f(x,do)) o< m(y,7) (12)
where g is the prediction of label y, m(:,-) indicates a segmentation metric
score, e.g., mloU.

However, the label Y = y is unavailable since the noisy support set is
not annotated, and thus m(y,y) can not be calculated. Fortunately, the
proposed intra-class confidence score R (Eq. 3) can estimate the credibility
of prediction ¢ in a blind way, i.e., without annotated label y. Therefore, we
can further obtain:

Pylz, f(z,do)) o< m(y, §) o< R (13)

In this way, the proposed intra-class confidence term R can estimate the
target P(Y|X, f(X, D = dy)) due to its correlation of metric score m(-,-).

5.2.2. Estimation of P(Y|X, f(X,D = d;))

Implementing the sampling process from the intervened distribution, we
can get the term P(y|z, f(x,d;)), which represents the probability of pre-
dicting the label Y = y based on input X = x with inter-class noise D = d}.
Intuitively, less inter-class noise d; leads to higher probability P to predict
label Y = y, which can be reflected by the similarity between class prototype
P and input noisy support sample x. Therefore, we have:

P(y|$, f(xadl)) X 8(7)7 f(xs)) (14)

where P is the class-specific prototype, f(zs) is the feature map of the in-
put support sample z, s(-,-) is a similarity metric, e.g., cosine similarity.
Combining Eq. 14 with Eq. 9, we get:

P(ylz, f(z,dy)) o< T (15)

In this way, the proposed inter-class confidence term T can estimate the
target P(Y|X, f(X, D = d;)) based on the feature similarities.
Finally, combining Eq. 13 with Eq. 15, we can rewrite Eq. 11:

P(Y|do(X)) xR-a+T-B=E (16)
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Therefore, the proposed ranking mechanism can successfully remove the con-
founding effect in the noisy support set D following the causal intervention
P(Y|do(X)).

6. Experiment

6.1. Setup

Datasets. We evaluate our method on PASCAL-5" [1] and COCO-20°
[18] datasets and use the unlabeled 123,403 images in COCO2017 [47] for
conducting experiments. Specifically, following the setup in [1], 20 categories
in the PASCAL VOC 2012 dataset [48] are partitioned into 4 folds (i.e., fold-
0, fold-1, fold-2, and fold-3) and each fold contains 5 categories. Following the
setups in [18], 80 categories in the COCO dataset [47] are also divided into 4
folds and each fold contains 20 categories. The experiments are conducted in
a cross-validation manner and the validation episode is set to 1000 for each
fold.

Evaluation metrics. Following previous works [3, 4, 21, 49], we adopt
mean intersection over union (mloU) and foreground-background IoU (FB-
IoU) as our evaluation metrics. The mloU metric is computed by averaging
IoU of all classes: mloU = %Z?:l IoU;. The FB-IoU metric is calculated
by averaging loU of foreground and background: mlIoU = %(I oUp + IoUp).

Implementation details. All of our experiments are conducted on two
NVIDIA Titan XP GPUs and Intel Core i9-9900k CPU @ 3.60GHzx 16.
Our code is constructed on PyTorch. We build our F4S framework based on
the open-sourced code of methods in [8, 50]. In Sect. 4.2, multiple backbones
are adopted as the two diverged networks Nyi, Ngo. The detailed settings of
Ny1, Nyo are shown in Table 1. The publicly released pretrained models in
methods [8, 50] are used directly. For the PFENet (VGG16) on PASCAL-5’
and PFENet (ResNet101) on COCO-207, we train the models following the
official settings in [8]. We set m(-,-) to mloU score in Sect. 4.2 and set s(-, -)
to cosine similarity in Sect. 4.3. The feature maps F € RE*#*W in Sect. 4.3
are extracted from the last convolutional layer of the backbone. « and f
in Eq. 1 are set to 0.3 and 0.7, respectively. In the training phase, pseudo
labels with £ > 0.65 are selected as new annotations of base classes. In the
test phase, top 4 scored pseudo labels are introduced into the support set
of novel classes. In phase III, the retraining setting strictly follows the base
model [8, 50].
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Table 1: The diverged networks in Fj ..
Method N, 01 Ngg
ResNet50 ResNet101
HSNet [50]"\aa16 ResNet101
VGG16 ResNet50
VGG16 ResNet101

PFENet [8]

6.2. Quantitative Results

We evaluate the proposed F4S on PASCAL-5" [1] and COCO-20" datasets
and compare the metric scores with recent FSS methods [2, 8, 50, 51, 53, 54].
Table 2 shows the mloU and FB-IoU values of our method and the existing
methods under 1-shot settings on PASCAL-5' and COCO-20" datasets, where
“F4S (HSNet)” indicates that F4S is implemented on the HSNet [50]. Here,
the F4S is set to 1-shot/5-shot with 4 noise support (as shown in Fig. 1 (c))
and our evaluation has two test ways: the conventional test in Fig. 3 (b)
and our test in Fig. 3 (¢), which are annotated as “{” and “” in Table 2,
respectively.

Compared with the baseline (HSNet), we can observe that on the PASCAL-
5" dataset, “F4S (HSNet) 1" achieves mIoU improvements of 1.6%, 0.8%, and
0.3% on three backbones under 1-shot, and achieves mloU improvements of
0.7%, 0.6%, and 0.5% under 5-shot. Meanwhile, on the COCO-20° dataset,
“F4S (HSNet) " also achieves further improvements of mloU and FB-IoU on
different backbones under 1-shot and 5-shot. These results demonstrate that
the proposed F4S can benefit FSS models from the unlabeled support images
in the retraining phase (Fig. 3 (a)) without noise disturbance. Besides, fol-
lowing our test (Fig. 3 (c)), “F4S (HSNet) {” achieves mloU improvements of
8.2%, 6.8%, and 6.1% on three backbones on PASCAL-5%, and mIoU improve-
ments of 10.8%, and 10.2% on two backbones on COCO-20" under 1-shot.
Moreover, there are also remarkable performance improvements achieved by
“F4S (HSNet) 1”7 under 5-shot. These quantitative results verify that ex-
tending the support set with unlabeled support images via F4S can directly
benefit the inference of FSS models in the test phase.

We also compare the proposed method with recent transductive and in-
ductive methods. In Table 2, one can observe that the proposed method
“F4S (HSNet) 17 with different backbones obtains new state-of-the-art per-
formances. On PASCAL-5" and with ResNet101 backbone, our 1-shot and
5-shot results of “F4S (HSNet)1” respectively achieve 3.7% and 0.9% of mIoU

17



Table 2: Performance of the proposed F4S on PASCAL-5' and COCO-20% datasets. “1”
is the results of the conventional test. “I” is the results of our test based on the F48S.
“Oracle” is the 5-shot performance. “+0.1” is the standard deviation of repeating 5 times.

1-shot 5-shot
Dataset Backbone | Method Type sho oS0
mloU FB-IoU mloU FB-lIoU
PFENet (8] inductive 58.0 72.0 59.0 72.3
HSNet [50] inductive 59.7 73.4 64.1 76.6
HPA [51] inductive 61.5 75.2 66.2 79.3
DCP [24] inductive 62.6 75.6 67.8 80.7
VGG16

BAM [22] inductive 64.4 7.3 68.8 81.1
BAM* [23] inductive 65.3 77.5 69.6 81.3

F4S (HSNet)f  inductive | 61.3 (£ 0.3) 744 (£0.2) 648 (£02) 769 (+0.2)
F4S (HSNet)t  inductive | 67.9 (+02) 79.2 (£0.1) 682 (£03) 79.7 ( 0.3)

=

RePRI [49] transductive 59.1 - 66.8 -
PFENet (8] inductive 60.8 73.3 61.9 73.9
HSNet [50] inductive 64.0 76.7 69.5 80.6
HPA [51] inductive 64.8 76.4 68.9 81.1
PASCAL-S  ResNet50 CDFS [52] transductive 65.3 - 70.8 -
DCP [24] inductive 66.1 7.6 70.3 81.5
BAM [22] inductive 67.8 79.7 70.9 82.2
BAM* [23] inductive 68.3 80.3 71.8 83.1

F4S (HSNet)f  inductive | 64.8 (+£02) 77.2 (£0.2) 701 (£02) 810 (+0.2)
F4S (HSNet)t  inductive | 70.8 (+0.2) 815 (£ 0.1) 72.0 (+0.3) 82.3 (+0.2)

PFENet (8] inductive 60.1 72.9 61.4 73.5
DCAMA [53] inductive 64.6 77.6 68.3 80.8
HPA [51] inductive 65.6 76.6 68.9 80.4
ResNet101 HSNet [50] inductive 66.2 77.6 70.4 80.6
DCP [24] inductive 67.3 78.5 71.5 82.7
BAM [22] inductive 68.6 80.2 72.5 84.1
F4S (HSNet)f  inductive | 665 (£0.2) 782 (£02) 70.9 (£0.3) 8L1 (% 0.2)
F4S (HSNet)!  inductive | 72.3 (£0.1) 82.3 (£0.1) 73.4(£02) 826 (+0.3)
RePRI [49] transductive 34.0 - 421 -
HSNet [50] inductive 39.2 68.2 16.9 70.7
CDFS [52] transductive 42.0 - 49.8 -
DCAMA [53] inductive 43.3 69.5 48.3 1.7
HPA [51] inductive 434 68.2 50.0 712
ResNet50 | DCP [24] inductive 45.5 - 50.9 -
BAM [22] inductive 46.2 - 51.2 -
BAM* [23] inductive 46.9 72.3 51.9 74.7
OO0 FiS (HSNet)t  inductive | 409 (£0.3) 60.1 (£0.2) 49.0 (+04) 719 ( 0.5)
F4S (HSNet)}  inductive | 50.0 (& 0.4) 72.6 (£0.5) 52.0 (£ 03) 740 (£ 0.3)
PFENet [3] inductive 385 63.0 127 65.8
HSNet [50] inductive 41.2 69.1 49.5 72.4
DCAMA [53] inductive 43.5 69.9 51.9 73.3
ResNet101 | HPA [51] inductive 45.8 68.4 52.4 74.0
BAM* [23] inductive 48.5 69.9 52.7 74.1

F4S (HSNet)f  inductive | 42.8 (£02) 69.8 (£ 0.2) 512 (£05) 73.3 (& 0.4)
F4S (HSNet)t  inductive | 51.4 (+£02) 73.3 (£0.3) 54.1 (£04) 75.5 (+04)

* indicates the improved version of the base method.
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Table 3: Performance of the proposed F4S without the retraining phase on PASCAL-5°
“+0.1” is the standard

and COCO-20¢ datasets.

deviation of repeating 5 times.

“Oracle” is the 5-shot performance.

1-shot 5-shot
Dataset Backbone | Method Type
mloU FB-IoU mloU FB-IoU
PFENet [8] inductive 58.0 72.0 59.0 72.3
HSNet [50] inductive 59.7 73.4 64.1 76.6
HPA [51] inductive 61.5 75.2 66.2 79.3
VGGG DCP [24] inductive 62.6 75.6 67.8 80.7
BAM [22] inductive 64.4 77.3 68.8 81.1
BAM* 23] inductive 65.3 7.5 69.6 81.3
F4S (PFENet)f |  inductive 59.8 (£ 0.2) 721 (£0.2) | 60.3 (£0.3) 725 (£0.3)
F4S (HSNet)f | inductive | 66.5 (£0.2) 78.4 (£0.1)| 67.1(£0.2) 78.9 (+0.3)
RePRI [49] transductive 59.1 - 66.8 -
PFENet [§] inductive 60.8 73.3 61.9 73.9
HSNet [50] inductive 64.0 76.7 69.5 80.6
HPA [51] inductive 64.8 76.4 68.9 81.1
PASCAL-5' CDFS [52] transductive 65.3 - 70.8 -
ResNet50
DCP [24] inductive 66.1 77.6 70.3 81.5
BAM [22] inductive 67.8 79.7 70.9 82.2
BAM* 23] inductive 68.3 80.3 71.8 83.1
F4S (PFENet)f | inductive | 624 (£02) 73.3 (£0.2) | 629 (£0.3) 73.5 (+0.2)
F4S (HSNet); | inductive | 70.6 (£ 0.2) 81.4 (+01)| 717 (£0.3) 820 (£ 0.3)
PFENet [§] inductive 60.1 72.9 61.4 73.5
DCAMA [53] inductive 64.6 77.6 68.3 80.8
HPA [51] inductive 65.6 76.6 68.9 80.4
ResNet101 | HSNet [50] inductive 66.2 77.6 70.4 80.6
DCP [24] inductive 67.3 78.5 715 82.7
BAM [22] inductive 68.6 80.2 72.5 84.1
F4S (HSNet)f | inductive | 72.1 (£ 0.1) 82.1 (£0.1)| 72.6 (£ 0.3) 82.2 (£ 0.3)
RePRI [49] transductive 34.0 - 421 -
HSNet [50] inductive 39.2 68.2 46.9 70.7
CDFS [52] transductive 42.0 - 49.8 -
DCAMA [53] inductive 43.3 69.5 48.3 1.7
ResNet50 HPA [51] inductive 43.4 68.2 50.0 71.2
DCP [24] inductive 45.5 - 50.9 -
BAM [22] inductive 46.2 - 51.2 -
BAM* 23] inductive 46.9 72.3 51.9 74.7
C0CO-20° F4S (HSNet); | inductive | 49.7 (£ 0.4) 722 (£02) | 510 (£ 0.5) 729 (£ 04)
PFENet [§] inductive 38.5 63.0 42.7 65.8
HSNet [50] inductive 41.2 69.1 49.5 72.4
DCAMA [53] inductive 43.5 69.9 51.9 73.3
ResNet101 | HPA [51] inductive 45.8 68.4 52.4 74.0
BAM* [23] inductive 48.5 69.9 52.7 74.1
F4S (PFENet)f | inductive | 415 (£0.2) 63.8 (£02) | 43.3 (£0.3) 664 (£ 0.4)
F4S (HSNet)f inductive | 51.1 (£ 0.4) 73.1(£0.5) | 524 (£04) 74.5(+04)

* indicates the improved version of the base method.
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Figure 6: Qualitative results of the proposed F4S and its baseline. The left panel is from
PASCAL-5%, and the right panel is from COCO-20°. From top to bottom: (a) 1-shot

support images with ground truth, (b) 4 noise support images with pseudo labels via F4S,
(c) query images with ground truth, (d) baseline predictions, (e) F4S predictions.

improvements over BAM [22]. On COCO-20" and with ResNet101 backbone,
“F4S (HSNet)1” also outperforms recent methods with a sizable margin as
well, achieving 2.9% and 1.4% of mIoU improvements over BAM* [23]. These
results verify the superiority of the proposed method in the few-shot segmen-
tation task.

Furthermore, we also evaluate F4S in the test phase directly without the
retraining phase to save the training cost. Two popular FSS models, i.e.,
HSNet [50] and PFENet [8], are adopted to implement F4S. The quanti-
tative results are shown in Table 3. One can observe that on PASCAL-5
dataset and under the 1-shot setting, “F4S (PFENet)” achieves mloU im-
provements of 1.8%, and 1.6% on VGG16 and ResNet50 backbones compared
with PFENet performance (baseline), and “F4S (HSNet)” achieves mIoU im-
provements of 6.8%, 6.6%, and 5.9% on three different backbones compared
with HSNet performance (baseline). On COCO-20" dataset, “F4S (HSNet)”
and “F4S (PFENet)” also obtain superior performance compared with the
baseline. These quantitative results prove that the proposed F4S can benefit
the inference of F'SS models directly without extra training.

It is worth noting that in both Table 2 and Table 3, the performance of
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Table 4: Performance comparison with recent semi-supervised few-shot segmentation
methods on PASCAL-5 and COCO-20° datasets.

1-shot 5-shot
Dataset Backbone | Method
mloU FB-IoU mloU FB-IoU
CLRS [12] 56.4 - 67.7 -
=4

ResNet50 UaFSS [55] 67.0 79.2 68.9 80.2

F4S (HSNet)t | 64.8 (£0.2) 77.2(£0.2) | 70.1 (£ 0.2) 81.0 (+ 0.2)
- G
PASCAL-5i F4S (HSNet)f | 70.8 (£ 0.2) 81.5(£0.1) | 72.0 (£ 0.3) 82.3 (+ 0.2)

CLRS [12] 64.3 - 68.2 -
UaFSS [55] 68.5 79.4 69.5 79.4

ResNet101
F4S (HSNet)t | 66.5 (£ 0.2) 78.2 (£0.2) | 70.9 (£ 0.3) 81.1 (+0.2)
F4S (HSNet)f | 72.3 (£ 0.1) 823 (£0.1) | 73.4 (£ 0.2) 82.6 (+ 0.3)
CLRS [12] 33.0 - 36.3 -

P =44 Y

ResNet50 UaFSS [55] 41.3 68.9 46.4 70.9

F4S (HSNet)t | 40.9 (£ 0.3) 69.1 (£0.2) | 49.0 (£ 0.4) 71.9 (£ 0.5)
COCO-20 F4S (HSNet)} | 50.0 (£ 0.4) 72.6 (£ 0.5) | 52.0 (£ 0.3) 74.0 (£ 0.3)

UaFSS [55] 43.6 69.9 46.8 70.7

ResNet101 | F4S (HSNet)f | 42.8 (£ 0.2) 69.8 (£ 0.2) | 51.2 (£ 0.5) 73.3 (£ 0.4)
F4S (HSNet)f | 51.4 (£0.2) 733 (£0.3) | 54.1 (£ 0.4) 755 (£ 0.4)

F4S (1-shot with 4 noise support) surprisingly surpasses the 5-shot perfor-
mance of HSNet in some cases. This can be attributed to two aspects. First,
the training of models is enhanced due to the additional support features
from noisy and unlabeled support images introduced by F4S. Second, the
annotated support samples in “Oracle” are randomly sampled from datasets
and may include noisy intra-class samples, while the proposed F4S guarantees
the exclusion of such noisy intra-class samples.

Finally, we also compare the proposed method with recent semi-supervised
methods [12, 55] to show the superior performance in Table 4. One can
see that on PASCAL-5° dataset and with ResNet50 backbone, the proposed
“F4S (HSNet)1” achieves 3.8% of mloU improvement in 1-shot setting and
3.1% of mloU improvement in 5-shot setting over UaFSS[55]. Besides, with
ResNet101 backbone, the proposed method also outperforms recent methods
with a sizable margin as well, achieving 3.8% (1-shot) and 3.9% (5-shot) of
mloU improvements over UaFSS[55]. Besides, on COCO-20" dataset and
with ResNet50 and ResNet101 backbones, the 1-shot and 5-shot results of
“F4S (HSNet)i” are also superior to both UaFSS[55] and CLRS[12] with a
remarkable margin.
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6.3. Qualitative Results

Fig. 6 shows the qualitative results of “F4S (HSNet)” with ResNet101
backbone on PASCAL-5° and COCO-20" datasets. As can be noticed, (e) F4S
predictions include more complete and accurate object regions compared with
the (d) baseline, and are close to the (c¢) ground truth, which demonstrates
that the proposed F4S achieves a comparable performance to 5-shot without
increasing annotation cost.

6.4. Ablation study

We conduct a series of ablation studies to investigate the effectiveness of
each component in the proposed F4S and the results are shown in Table 5.
Without loss of generality, the ablation study experiments are performed on
“F4AS(HSNet)” with ResNet101 backbone on COCO-20" dataset. In Table 5,
one can observe that when only with the E., Eipy., or E.., the proposed
method achieves mIoU improvement of 0.4%, 0.7% ,and 0.6% respectively,
and their combination leads to 2.3% mloU improvement. Then, when only
using the inter-class confidence term T, the proposed method achieves mIoU
improvements of 8.9%, and FB-IoU improvements of 2.6%. Next, with the
existence of T', each component (Ey., Ejpe, and E,,.) of the intra-class con-
fidence term R contributes further mloU improvements to different extents,
which are shown in the 7% to 9** rows. Finally, the full combination of R
and T achieves the best mIoU of 51.4% and FB-IoU of 73.3%. The ablation
studies prove the effectiveness of both R and 7" in the F48S.

We notice that T contributes to larger mloU improvement while R pro-
vides limited improvement. The reason is that the feature bias caused by
inter-class noise is greater than intra-class noise, which explains the greater
performance improvement of T. However, this does not mean that intra-class
noise can be ignored. The results in the 2" to 5 rows of Table 5 show that R
is also essential for eliminating intra-class noise to improve FSS performance.

6.5. Analysis

6.5.1. Computational analysis

In Table 6, the 15 row shows the computational complexity of the base
model HSNet, which is regarded as the baseline. The 2"¢ row shows the
computational complexity of the proposed method in whole stages, including
generating (Stage I) and selecting (Stage II) pseudo labels. The 3™ to 5™
rows show the computational complexity of each stage respectively.
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Table 5: Ablation study of F4S with different design choices. The results represent the
mean metric scores of running 5 times. “40.1” indicates the standard deviation of running
5 times.

#ME(W T | Fold-0 Fold-1 Fold-2 Fold-3 mean FB-IoU
37.2 44.1 42.4 41.3 41.2 69.1

v 37.9 45.7 41.8 41.1 | 41.6 (£0.4) 69.3 (£0.3)
v 38.5 44.6 42.3 42.0 | 41.9 (£0.3) 69.8 (£0.4)
v 38.7 45.1 41.8 41.7 | 41.8 (£0.5) 69.6 (£0.6)
v v v 39.7 47.0 44.4 42.8 | 43.5 (£0.7) 70.6 (£0.6)
v | 471 53.4 50.3 49.7 | 50.1 (£0.4) 71.7 (£0.5)
v V| 46.7 56.2 50.8 48.7 | 50.6 (£0.8) 72.0 (£0.4)
v v | 476 55.8 49.6 49.0 | 50.5 (£0.6) 71.9 (£0.3)
v V| 476 55.6 51.3 49.6 | 51.0 (£0.4) 72.4 (£0.4)
v v v v | 46.6 56.7 51.5 50.7 | 51.4 (£0.2) 73.3 (£0.3)

Table 6: Computational complexity of F4S compared with the baseline.

St
Method %8¢ | Learnable Params | FPS 1 FLOPS(G) |
I I 11
HSNet (baseline) | - - - 2.6M 16.33 20.56
S vV 2.6M 5.08 81.66
v 0 15.80 20.52
F4S (HSNet)
v 0 8.51 40.62
v 2.6M 16.45 20.52

Specifically, in stage I (3" row), the trained models of HSNet are officially
provided to generate pseudo labels. Therefore, there are no learnable params
in this stage, and the FPS and FLOPs are also close to the baseline. In stage
II (4“‘ row), a diverged network Ny, is adopted here to compute Ej;,. in Eq. 6
and the base network Ny is utilized to compute F.,. in Eq. 7. Therefore, the
FLOPS increases to 40.62G and the FPS decreases to 8.51. In stage IIT (5™
row), F4S (HSNet) is retrained with pseudo labels. Therefore, the learnable
params is 2.6M, which is the same as the baseline. Besides, the FPS and
FLOPs of F4S (HSNet) are 16.45 and 20.52G, respectively, which are also
close to the baseline (16.33 and 20.56G).

Here we emphasize that although the proposed method has a high com-
putational complexity in whole stages (2"¢ row), the stage I and stage II only
need to be performed once before the training and testing stages, and do not
affect the computational complexity of the training and testing stages (5
row). Therefore, in the actual testing process, the computational complexity

23



532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

Table 7: Performance scores of different weight values. The results represent the mean
metric scores of running 5 times. “40.1” indicates the standard deviation of running 5
times.

a (B | Fold-0 Fold-1 Fold-2 Fold-3 mean FB-IoU

05 05| 723 747 683 704 | 714 (£ 0.1) 815 (£ 0.1)
04 06| 725 75.0 69.6 70.1 | 71.8 (£ 0.2) 81.9 (£ 0.1)
02 08| 722 745 695  T7L9 | 72.0 (£ 0.1) 82.0 (+0.1)
03 07| 723 754 711 706 | 72.3 (£ 0.1) 82.3 (£ 0.1)

Table 8: Precomputed a and 8 on PASCAL-5' dataset.

fold-1 fold-2
aeroplane  bicycle  bird boat bottle bus car cat  chair cow
@ 0.14 0.19 0.20 0.22 0.11 0.27 0.25 0.16 0.10 0.26
8 0.86 0.81 0.80 0.78 0.89 0.73 0.75 0.84 0.90 0.74
fold-3 fold-4
diningtable  dog  horse motorbike person | pottedplant sheep sofa train tvmonitor
@ 0.21 0.27 0.26 0.18 0.34 0.12 0.29 0.17 0.30 0.24
B 0.79 0.73 0.74 0.82 0.66 0.88 0.71 083 0.70 0.76

of the inference remains unchanged compared to the baseline.

6.5.2. Weights settings

Table. 7 shows the quantitative scores when o and  in Eq. 1 are set
to different values. The experiments are conducted on “FAS(HSNet)” with
ResNet101 backbone on PASCAL-5'. One can observe that when o = 0.3
and 8 = 0.7, the best quantitative scores (72.3% mloU and 82.3% FB-IoU)
are obtained. Besides, we also find that by using different o and 3, the quan-
titative scores fluctuate within a narrow range (<1.0%), which demonstrates
the stability of the proposed F4S to a and f.

Moreover, we conduct experiments of precomputed v and  to obtain the
“oracle” performance. The v and [ indicate the ratio of intra- and inter-class
samples in the noisy unlabeled images. Therefore, we count the quantity of
intra- and inter-class samples of each class. We conduct experiments on
PASCAL-5" dataset and the precomputed v and 3 of each class are shown
in Table 8 and the “Oracle” results are shown in Table 9.

In Table 9, one can observe that with the precomputed o and [, the
“Oracle” results of the proposed method achieve 73.4% (1-shot) and 73.9% (5-
shot) of mIoU with ResNet101 backbone, which outperform “F4S (HSNet) "
with a sizable margin (1.1% and 1.1%). Besides, with VGG16 and ResNet50
backbones, the “Oracle” results also achieve remarkable mloU improvements.
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Table 9: “Oracle” performance by precomputed o and 8 on PASCAL-5° dataset.

1-shot 5-shot
Backbone | Method mloU FB-ToU mioU FB-ToU
F4S (HSNet) | | 613 (£ 0.3) 744 (£ 0.3) | 64.8 (£ 0.2) 76.9 (£ 0.2)
VGG16 | F4S (HSNet) § | 67.9 (+ 0.2) 792 (+ 0.1) | 68.2 (£ 0.3) 79.7 (+ 0.3)
Qrecle 68.2 79.4 68.6 80.2
F4S (HSNet) | | 64.8 (£ 0.2) 772 (£ 0.2) | 70.1 (£ 0.2) 810 (£ 0.2)
ResNet50 | F4S (HSNet) t | 70.8 (+ 0.2) 815 (+0.2) | 72.0 (+ 0.3) 82.2 (+ 0.2)
Onale 71.9 82.4 725 83.0
F4S (HSNet) T | 665 (£ 0.2) 782 (£ 0.2) | 70.9 (£ 0.3) 8L1 (£ 0.2)
ResNet101 | F4S (HSNet) 1 | 72.3 (+ 0.2) 823 (+ 0.2) | 72.8 (£ 0.2) 82.6 (+ 0.3)
Quale 73.4 83.0 73.9 83.3

These results verify the effectiveness of precomputed o and f.

6.5.3. Statistical analysis of term R

To further investigate the terms Fy., Ejne, Eeye in the intra-class confi-
dence term R, we sample the image X from the annotated PASCAL-5¢ to
calculate m(Yy, f/X), where the ground truth Yy is available and m(-,-) is
set to mloU score. Then, we calculate Fy., Ejpne, Eeye following Sect. 4.2. In
Fig. 7, we plot the scatter graphs of (a) E,. and m(YX,}A/X), (b) Ejime and
m(Yx,Yx), (¢) Eue and m(Yx,Yx), (d) R and m(Yx, Yx) on the 4 folds of
PASCAL-5". As can be noticed in Fig. 7 (a)-(c), there is a positive correlation
between m(Yx, f/X) and Esc, Eime, Eeye. In Fig. 7 (d), the score R combin-
ing the three components contributes to better scatter dots distribution: the
dots mainly follow the line y = x, which presents a better positive correlation
between R and m(Yy, Y/X) Therefore, the results of the scatter graphs prove
that the intra-class confidence term R can estimate the credibility of pseudo
labels, i.e., m(YYx, f/X), and thus identify the noisy intra-class samples.

6.5.4. F4S performance change with different numbers of unlabelled examples

We have investigated the F4S performance change with different numbers
of unlabelled examples. We choose “F4S (HSNet)” with ResNet101 backbone
as the model to conduct the experiments. Here, Table 10 and Table 11 show
the results on PASCAL-5* and COCO-20" datasets, respectively.

In Table 10 and Table 11, the “baseline” indicates the F4S performance
under the 1-shot setting without any additional unlabelled examples in the
test phase. The “+ N examples” indicates the F4S performance with addi-
tional unlabelled N examples, which are pseudo-labelled and selected by F4S.
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Figure 7: Scatter graphs of each term in score R. The y-axis indicates the mIoU score
based on ground truth. The x-axis indicates the values of: (a) Esc, (b) Eime, (¢) Eeye,
and (d) R. Each row shows the scatter graphs on the 4 folds of PASCAL-5.

In Table 10, the “baseline” performance is 66.5% mloU score and 78.2% FB-
ToU score over 4 folds on the PASCAL-5 dataset. Then, with the increasing
number of unlabelled examples, the performance scores of F4S also gradually
improve. Finally, when with “4 29 examples”, the proposed F4S achieves
7.3% of mloU improvements and 5.5% of FB-IoU improvements over the
“baseline”. In Table 11, when with “4+ 29 examples” on the COCO-20!
dataset, the proposed F4S also outperforms “baseline” with a sizable margin
as well, achieving 9.9% of mIoU improvements and 4.0% of FB-IoU improve-
ments. Furthermore, we observed that with “+ 29 examples”, the perfor-
mance eventually plateaus in both PASCAL-5¢ and COCO-20° datasets. This
outcome is attributed to the increased number of pseudo-labeled examples
with lower scores F.
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Table 10: F4S performance change with different numbers of unlabelled examples on
PASCAL-5.

setting Fold-0 Fold-1 Fold-2 Fold-3 mean FB-IoU
baseline 1-shot 67.8 72.2 62.4 63.4 | 66.5 (£ 0.2) 78.2 (£ 0.2)
+ 4 examples 72.3 75.4 71.1 70.6 | 72.3 (£0.1) 823 (+£0.1)
FAS + 9 examples 73.0 76.0 72.2 71.6 | 73.2 (£ 0.1) 83.4 (£0.1)
+ 19 examples | 73.4 76.4 72.6 72.2 | 73.6 (£ 0.1) 83.5(£0.2)
+ 29 examples | 73.5 76.5 72.8 72.6 | 73.8 (£0.1) 83.7(£0.1)

Table 11: F4S performance change with different numbers of unlabelled examples on
COCO-20'.

setting Fold-0 Fold-1 Fold-2 Fold-3 mean FB-IoU
baseline 1-shot 38.4 47.8 43.2 41.8 | 42.8 (£ 0.2) 69.8 (+ 0.2)
+ 4 examples | 46.6 56.7 51.5 50.7 | 51.4 (£ 0.2) 73.3 (£ 0.3)
F4S + 9 examples | 47.5 56.6 52.1 50.6 | 51.7 (£ 0.6) 73.6 (£ 0.5)
+ 19 examples | 47.2 57.9 52.7 50.5 | 52.1 (£ 0.6) 73.7 (£ 0.6)
+ 29 examples | 48.2 58.9 52.8 50.8 | 52.7 (£ 0.8) 73.8 (£ 0.7)

6.6. Discussion

In this section, we introduce the task settings of few-shot learning and
semi-supervised learning, and summarize the similarities and differences be-
tween them.

Setting of Few-shot Learning. Few-shot learning (FSL) has a few
available samples per class as the support set and aims to recognize the
objects in the query set. In fact, FSL does not classify the data specifically,
but makes a cluster to learn the similarity metric function [10]. Increasing
the number of support images is a direct way to improve the performance
of FSL models. However, it requires manual annotation and selection of
high-quality intra-class data as new support images, which is a time- and
labor-consuming process.

Setting of Semi-Supervised Learning. Semi-supervised learning (SSL)
concerns with using labeled as well as unlabeled data to perform certain
learning tasks. It permits harnessing the large amounts of unlabeled data
available in many use cases in combination with typically smaller sets of
labeled data [56]. Existing SSL methods based on deep neural networks
can be categorized into: deep generative methods, consistency regularization
methods, graph-based methods, pseudo-labeling methods, and hybrid meth-
ods [57]. Our proposed method falls within the category of pseudo-labeling
methods.

Similarities. Both few-shot learning and semi-supervised learning face
the challenge of data scarcity. In the FSL, there are typically very few samples
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available for training each category, while in the SSL, there is a small portion
of labeled training data and the rest is unlabeled. Besides, both FSL and
SSL place great demand on the model’s generalization capability. The FSL
and SSL models need to make accurate predictions on new data under data
scarcity.

Differences. Few-shot learning and Semi-supervised learning differ in
their primary objectives and approaches. FSL emphasizes how to effectively
recognize novel classes with very few labeled samples. Therefore, existing
FSL methods focus on the designing of network architectures, loss functions,
and optimizers to improve FSL performance. However, SSL concerns with
the utilization of unlabeled data to enhance supervised learning tasks. Taking
pseudo-labeling methods as an illustration, this type of method concentrates
on the generation of pseudo labels and the reduction of noise in order to
enhance the diversity of classes within the dataset, consequently facilitating
the supervised training of models.

7. Conclusion

We have presented a novel semi-supervised few-shot segmentation frame-
work named F4S, where noisy and unlabeled support images, e.g., from other
available datasets, are utilized to benefit both the training and test of few-
shot segmentation networks via generating pseudo labels. Due to the feature-
biased problem caused by noisy intra- and inter-class samples and resulting
in FSS performance degradation, we propose a ranking algorithm in F4S to
identify and eliminate the noisy samples via calculating and ranking con-
fidence scores of noisy support images. Specifically, the ranking algorithm
consists of an intra-class confidence score R to identify noisy intra-class sam-
ples based on their prediction confidence, and an inter-class confidence score
T to identify noisy inter-class samples based on channel-wise feature simi-
larity. Additionally, we have theoretically explained the effectiveness of the
proposed method based on a Structural Causal Model (SCM) from the view
of causal inference. We have conducted extensive experiments on PASCAL-5
and COCO-20° datasets to validate the proposed method. Compared with re-
cent inductive and transductive FSS methods, the proposed method achieves
superior performance under 1-shot and 5-shot settings. Besides, the ablation
studies prove the effectiveness of each component in the score R and score
T.
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The proposed work still has some primary limitations: (1) the computa-
tional complexity in the stage II of the proposed method is costly. How to
optimize the selection of pseudo labels to reduce the computational complex-
ity is a crucial concern in the future. (2) The underlying characteristics of
noisy samples need further investigation for designing the confidence score
E and making the selection of pseudo labels more reliable. We hope our
work may inspire the study of exploring the combination of semi-supervised
learning with few-shot segmentation task.
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