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Abstract

For few-shot semantic segmentation, the primary task is to
extract class-specific intrinsic information from limited la-
beled data. However, the semantic ambiguity and inter-class
similarity of previous methods limit the accuracy of pixel-
level foreground-background classification. To alleviate these
issues, we propose the Relevant Intrinsic Feature Enhance-
ment Network (RiFeNet). To improve the semantic con-
sistency of foreground instances, we propose an unlabeled
branch as an efficient data utilization method, which teaches
the model how to extract intrinsic features robust to intra-
class differences. Notably, during testing, the proposed un-
labeled branch is excluded without extra unlabeled data and
computation. Furthermore, we extend the inter-class vari-
ability between foreground and background by proposing a
novel multi-level prototype generation and interaction mod-
ule. The different-grained complementarity between global
and local prototypes allows for better distinction between
similar categories. The qualitative and quantitative perfor-
mance of RiFeNet surpasses the state-of-the-art methods on
PASCAL — 5" and COCO benchmarks.

1 Introduction

As a fundamental and crucial task in the field of com-
puter vision, semantic segmentation is widely applied in vi-
sual tasks such as medical image understanding, industrial
defect inspection, virtual reality games, autonomous driv-
ing, etc. With the development of convolutional neural net-
works, fully-supervised semantic segmentation has achieved
remarkable success (Long, Shelhamer, and Darrell 2015).
Subsequent transformer-based methods also greatly improve
the segmentation performance (Zhu et al. 2020; Xie et al.
2021; Yuan et al. 2021). However, it is still arduous to ac-
quire pixel-level annotations that require a huge amount of
manual effort and costs. To alleviate such expensive and un-
wieldy annotations, many works tend to resort to a few-shot
semantic segmentation paradigm. In this setting, the model
learns to segment with a few limited labeled data as the sup-
port set and then transferred to test the query inputs.
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Figure 1: Comparison of RiFeNet and other works. (a)
Two foreground-related issues that limit the effectiveness
of previous research. (b) Schedule of previous prototype-
based methods. The two-branch structure uses a single
global prototype as the only medium for information inter-
action. (¢) Framework of RiFeNet. An additional unlabeled
branch is used for feature mining during training, with multi-
granularity prototypes extracted from different branches.
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Previous approaches (Shaban et al. 2017; Liu et al. 2020)
focus on making full use of limited support data. The train-
ing data is divided into a support set and a query set,
which are processed using two different branches. Rela-
tionship prompt and information interaction between the
two branches are achieved by proposing superior matching
strategies (Kang and Cho 2022) or generating representative
prototypes (Tian et al. 2020; Wang et al. 2019; Zhang et al.
2019a, 2020). The former class of methods is represented
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by HSNet (Min, Kang, and Cho 2021), which usually uses
a cost volume method to aggregate dense correlation scores
in high-dimensional space by 4D convolution. Subsequent
researches improve the network using a swin transformer
(Hong et al. 2022) or a doubly deformable transformer
(Xiong, Li, and Zhu 2022) in 4-dimension space. With
much lower computational costs, prototype-based methods
also achieve good segmentation results. As illustrated in
Fig. 1 (a), the single or multiple prototypes integrating se-
mantic class-specific features are extracted from the sup-
port branch and used to activate query features. Researchers
have proposed different activation methods in PPNet (Liu
et al. 2020), PFENet (Tian et al. 2020), CyCTR (Zhang et al.
2021), etc., to fully exploit the limited category features.

The object to be segmented is called the foreground while
the background refers to the rest of the stuff and things. De-
spite the prevailing success of these methods, there are still
two main issues affecting the segmentation effect of previ-
ous methods, i.e. semantic ambiguity and inter-class sim-
ilarity, as shown in Fig.1 (a). For the foreground itself, se-
mantic ambiguity appears for different instances of the same
class. The intra-class differences between the two branches
lead to semantic mistakes on query images. Further to the
problem of distinguishing between foreground and back-
ground, inter-class similarity is specifically the difficulty in
pixel-level binary classification. When objects of different
classes with similar textures appear simultaneously, the local
features of foreground and background become confusing.

The semantic ambiguity of the foreground is caused by
the poor intra-class generalization of the model. Previous
models mainly explore how to match the support set and
the query set. With little labeled data in few-shot tasks, their
models are prone to extract semantically ambiguous shal-
low features such as shape and pose, and thus unable to
learn robust class representations for highly diverse query
appearances. This distribution discrepancy makes the model
identify the semantic parts of the foreground objects incom-
pletely and segment them inappropriately. As for the inter-
class similarity between foreground and background, the
lack of discriminative features for query data is to blame for
this problem. Specifically, previous methods extract global
prototypes or prototypes with a single level of granularity.
The information they carry is inadequate and monolithic,
thus leading to pixel misidentify.

To address the above problems, we propose a novel rel-
evant intrinsic feature enhancement network, as shown in
Fig. 1 (c). For foreground objects, we enhance the seman-
tic consistency of the same class, thus improving the intra-
class generalization of features. We incorporate a novel un-
labeled branch into the support-query pair branches to teach
the model how to mine intrinsic robustness behind appear-
ance variability. The additional unlabeled data branch serves
as a regularization term during training that enhances the se-
mantic consistency of few-shot segmentation models.

We go one step further in achieving an overall enhance-
ment of the distinction between foreground and background.
A novel multi-level prototype generation and interaction
module is proposed to ensure inter-class variability. The
multi-level prototype features contain a global prototype
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from the support data and a local prototype from the query
data. The former represents the high-level semantic abstrac-
tion about the entire structure of the target category, while
the latter captures the fine-grained appearance concepts pro-
viding details for category discrimination. The global and
local prototype interaction can complement each other to
ensure that the network extracts the corresponding category
features. This multi-level prototype feature interaction mod-
ule can greatly widen the inter-class differences, benefiting
the identification between foreground and background.
Our contributions can be summarized as follows:

* We propose a relevant intrinsic feature enhancement net-
work. By alleviating semantic ambiguity and inter-class
similarity, our model improves the forehead segmenta-
tion performance in this few-shot task.

* To maintain the foreground semantic consistency, we
propose an unlabeled branch as an efficient data utiliza-
tion method, which teaches the model how to extract in-
trinsic features robust to intra-class differences.

* To further achieve an overall effective distinction be-
tween foreground and background objects, we propose
a novel multi-level prototype generation and interac-
tion module to extend the inter-class variability. With
different-grained semantic information from different
sources, the mutual complementarity of information is
facilitated and the discriminative representation ability of
confusing foreground and background objects is boosted.

* Extensive experiments demonstrate the effectiveness of
our proposed method, which achieves state-of-the-art ac-
curacy on both PASCAL-5" and COCO benchmarks.

2 Related Work
2.1 Semantic Segmentation

Rapid progress has been made on semantic segmenta-
tion tasks since fully convolutional networks (FCN) trans-
formed them into pixel-level classification (Long, Shel-
hamer, and Darrell 2015). After that, the corresponding
encoder-decoder architecture has been widely used (Qin
et al. 2022b,a, 2023). Recent research mainly focuses on
multi-scale feature fusion (Zhao et al. 2017; Chen et al.
2018; Yang et al. 2018; He et al. 2019), insertion of attention
modules (Fu et al. 2019; Yuan et al. 2018; Li et al. 2019; Tao,
Sapra, and Catanzaro 2020; Zhu et al. 2019; Zhang et al.
2019b), and context prior (Lin et al. 2017; Zhang et al. 2018;
Yu et al. 2020; Jin et al. 2021).

Inspired by the success of the vision transformer (Doso-
vitskiy et al. 2020), researchers have carried out attempts to
apply the transformer structure to segmentation (Yuan et al.
2021; Wang et al. 2021; Lee et al. 2022; Xie et al. 2021;
Strudel et al. 2021). These works perform well under the
task setting of semantic segmentation. However, in practical
application scenarios, they are unable to cope with sparse
training data and thus often fail on categories that they have
not seen during the training process.

2.2 Few-Shot Segmentation

A two-branch structure is widely used in few-shot segmen-
tation, i.e., a support branch and a query branch. Mainstream
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Figure 2: Overall architecture of RiFeNet. An additional branch using unlabeled inputs is attached to the traditional two-
branch structure, as shown in green. The forward process of RiFeNet consists of three main blocks. The multi-level prototype
generation block generates global and local prototypes. The multi-level prototype interaction module allows for interaction and
integration between prototypes. A feature activation block is used consequently for obtaining final segmentation results.

few-shot methods are divided into two categories: proto-
type extraction and spatial correlation. With the develop-
ment of image-matching, spatial correlation-based methods
have regained attention in few-shot segmentation. HSNet
(Min, Kang, and Cho 2021) applies 4D convolution to 4D
correlation tensors in a pyramid structure, and the following
ASNet (Kang and Cho 2022) squeezes semantic correlation
into the foreground map. VAT (Hong et al. 2022) and DACM
(Xiong, Li, and Zhu 2022) use cost volume aggregation-
based models with 4D transformers.

The above methods benefit from the retained spatial struc-
ture. However, their high computational complexity and
the excessive number of parameters are the drawbacks,
making training slow and failing to generalize. Since PL
(Dong and Xing 2018) introduced prototype learning to few-
shot segmentation, most of the following research focus on
prototype-based methods (Zhang et al. 2019a; Wang et al.
2019). SG-ONE (Zhang et al. 2020) proposes to use masked
average pooling to extract a prototype from support features
carrying the category information. Dense matching compu-
tation is performed between query features and this proto-
type. Tian proposes the PFENet (Tian et al. 2020), adding
a train-free prior mask to the feature enrichment process.
Multi-prototypes are generated in PPNet (Liu et al. 2020),
ASGNet (Li et al. 2021) , and RPMMs (Yang et al. 2020)
to include more local information with different generating
methods, while the use of multiple prototypes in these net-
works does not bring them more competitive results. IPMT
(Liu et al. 2022) proposes an intermediate prototype and
uses the transformer to update the prototype iteratively.

SSP (Fan et al. 2022) also proposes the idea of the self-
support prototype, but their single spacial-agnostic proto-
type is generated for self-matching. Although also generated
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from query branches, our multiple local prototypes carry
discriminative and comprehensive spatial information that
helps to provide details for intra-class discrimination.

2.3 Unlabeled Usage in Few-Shot Segmentation

Very few researchers have explored the leverage of unla-
beled data in few-shot tasks. PPNet (Liu et al. 2020) is one
of the cases, which incorporates 100 unlabeled data into ev-
ery support input, with the use of a graph neural network
(GNN). Based on it, Soopil proposes an uncertainty-aware
model to make more adequate use of unlabeled data without
using graph neural networks (Kim et al. 2023). However, the
above two methods also require additional unlabeled data of
the current novel class, which is inconsistent with the origi-
nal few-shot task setting but relevant to the semi-supervised
paradigm. And the number of unlabeled images used in ev-
ery meta-training process far exceeds that of support and
query images. In contrast, our work removes the dependence
of the testing process on unlabeled data. During training, a
tiny amount of unlabeled data is used to constrain the fore-
ground semantic similarity.

3 Method
3.1 Problem Definition

The few-shot semantic segmentation task is defined as the
segmentation of novel-class objects, based on a very small
number of images with pixel-level annotations. According
to this definition, the dataset for training Dy,4;, and the one
for testing D, have no overlap in their categories.

In each meta-training process of K -shot setting, conven-
tional methods randomly sample K + 1 image pairs of the
same class j: {(I',Y"),i € {1,2,..K + 1}|(I',Y?) €
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Dirain, = j}. I', Y, and C"® refer to the RGB im-
age, its segmentation mask, and the class of the segmented
object. Among them, K pairs are sent to the support branch,
and the last is used as the query input and ground truth. The
difference in our network is that we take K + 1 + M pairs
of images from D;,.q;,, at a time, and I* of the extra M pairs
are used as input to the unlabeled branch.

In each testing process, the K + 1 pairs from the j-
th novel classes{(I*,Y?),i € {1,2,..K + 1}|(I},Y?) €
Dyest, CF = j} are sampled and assigned to support and
query branch as before.

3.2 Relevant Intrinsic Feature Enhancement

As a pixel-level binary classification task, semantic segmen-
tation needs to identify the foreground, i.e.object to be seg-
mented, and the background, i.e.the rest of the stuff and
things. To alleviate the semantic ambiguity and inter-class
similarity in Fig.1, we propose this relevant intrinsic feature
enhancement network. We present the complete framework
under the 1-shot setting in Fig. 2. The proposed RiFeNet
consists of three branches with a shared backbone. The extra
unlabeled branch helps the traditional support-query frame-
work learn how to assure semantic consistency.

The forward process consists of three main modules:
the multi-level prototype generation module, the multi-level
prototype interaction module, and the feature activation
module. The first two modules are used to provide multi-
grained evidence for better inter-class discrimination. The
feature activation module activates pixels containing objects
of the target class and deactivates the others, providing the
final segmentation result.

3.3 Feature Enhancement with Unlabeled Data

There are large intra-class distributional differences in the
foreground objects that need to be segmented. Therefore,
the training purpose is to ensure the semantic consistency of
features extracted from different instances of the foreground
category, rather than focusing only on semantically ambigu-
ous appearance features.

Therefore, we introduce an auxiliary unlabeled branch as
an effective data utilization method to aid model learning.
Without adding training data, we re-sample a subset of train-
ing samples as unlabeled data, with the same segmentation
loss applied. By augmenting the sample diversity, it teaches
the model to avoid learning sample-specific biases of labeled
inputs, even in the absence of unlabeled data during testing.

Our unlabeled branch shares parameters with the query
branch to align features and enhance relevance. It is trained
with pseudo-labels generated from each other. Specifically,
the initial unlabeled input goes through two versions of data
augmentation, different in their kinds and intensities. We use
I, and I, to refer to the weakly and strongly transformed un-
labeled input. Both are sent to the backbone simultaneously
with an identical forward process, thus we use symbols with-
out a hat in all subsequent equations for simplicity.

= ReLU(Conv(CAT(F'(1,), F3(1,)))). (1)

F;” refers to merged unlabeled feature maps. For the sake of
simplicity, we omit the above processing in Fig.2. The sup-
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Figure 4: Schedule of the multi-level prototype interaction
merging relevant intrinsic information for enhancement.

port and query branches are handled in the same way, and all
parameters in Eq.1 are shared with query branches. F7(1,,)
corresponds to the feature map from the j-th backbone layer.

As for the prototype generation block, if we follow the
query paradigm to generate local prototypes from the unla-
beled branch, the self-supervised training may be off-target
in a few extreme cases. In complex environments with mul-
tiple objects, the segmented class in the generated pseudo
mask may not be inconsistent. This off-track pseudo-truth
may worsen the expression capability of the model.

We introduce query prototypes here to provide class-
specific prior. Only intrinsic features with intra-class rele-
vance are extracted when processing unlabeled data.

The subsequent prototype interaction is the same as the
query one. Augmented unlabeled features are obtained and
sent to the activation block for prediction. S* and yu rep-
resent the predicted results of weakly and strongly trans-
formed inputs, respectively. The former output S serves
as a pseudo label for the latter one. The loss of this self-
supervised process is calculated as follows, with dice loss
(Milletari, Navab, and Ahmadi) as its training objective.

‘Cunlabel = DICE(SH, Yu) 2)

34

While the unlabeled branch ensures intra-class semantic
consistency of the foreground, the background noise it in-
troduces may worsen existing inter-class similarity between
foreground and background. Therefore, we propose the
multi-level prototype generation and interaction blocks aim
to capture representative information in different granular-
ity and augment the discrimination of foreground and back-
ground in confusing areas.

Multi-Level Prototype Processing
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Global Support Prototype Generation. To capture cate-
gory information at the high-dimensional category level, we
extract global prototypes from support features.

As shown in Fig.3, P, € R'*!XC¢ s obtained through
masked average pooling on the global feature. w and h are
the width and height of F)*. ® means dot production.

h
Zj::l,yzl (F" @Y™y
) ) )
Dty Yo

Local Query Prototype Generation. In some cases, the
similarities between different classes may be more signif-
icant than the differences within classes (Fan et al. 2022).
Meanwhile, the prototypes obtained by global average pool-
ing completely discard spatial structure information, making
the decoupling of local components unrealistic.

To provide discriminative details, we additionally extract
local prototypes from the query branch. These prototypes
facilitate binary classification by prompting fine-grained in-
formation. Fig.3 illustrates their generation process.

P¥ = Poolingavy(F}" © M(F?(I,))).

P, = 3

“

M (F3(1,)) is the prior mask proposed in PFENet (Tian
et al. 2020), as a form of similarity measure between high-
level feature maps of support and query branches. Local av-
erage pooling is done on the multiplication of prior masks
and query feature maps.

To squeeze the channel and enhance the representation of
local prototypes, 1 x 1 convolution and channel-wise atten-

tion are used. The refined local prototypes P, € RmxmxC’
from the query branch itself are obtained as follows. The
symbol Att.p, refers to channel-wise attention.

P, = Attchn(Conv1X1(P;)). ®)

For the generation of prior masks, fixed high-level feature
maps F# and F; are more suitable. But when generating
local query prototypes, superficial partly appearance infor-
mation counts a lot. With the need for pixel-level correspon-
dence, we use feature map Fq1 from the first layer to extract
locally consistent appearance information in the local area,
as shown in Fig.3.

Multi-Level Prototype Interaction. To emphasize the
intrinsic class information, we build interactions between
different-grained prototypes, thus enhancing the feature-
mining ability for identification.

Fig.4 shows detailed steps of our interaction block. The
generated global and local prototypes are expanded to the
size of feature maps and then concatenated with query fea-
tures and the prior mask. After a 1 x 1 convolution with
activation, augmented query features £/ are obtained.

Fy = ReLU(Conv(CAT(P;, Py, F}", M(F*(I,))))).
(©)

3.5 Feature Activation

For deeper information interaction between the query and
the support branch, we use an n-layer transformer encoder
for feature activation. In this process, information with rele-
vance is activated, enhancing the total feature map.
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Augmented query features F' are processed by self-
attention and then cross-attention with support features 7.
Each block is made up of a multi-head attention and a
feed-forward network. The setting of multi-head attention
for cross-attention follows the one in CyCTR (Zhang et al.
2021), with the segmentation mask of the support image Y
used to maintain the cycle consistency.

quinal — Attaross(Attself(F;)7FS*7Y5)' (7)

Atteross and Attse ¢ represent the cross-attention and self-
attention block, respectively. The output of the transformer
F qf inal s resized and passed to the classification head to ob-
tain the final pixel-by-pixel segmentation result, as shown in
the following equation.

Y, = CLS(F/"* + ReLU(Conv(CAT(F]™))). (8)

Y'? represents the predicted result of the query input and
C LS refers to the segmentation head.

The loss of RiFeNet is calculated between predictions
of query inputs and their corresponding ground truth. We
choose dice loss as the loss function, thus the loss for each
meta-learning task can be represented as:

Linain = DICE(Y?, YY) 4+ Loy ©)]

where Y7 and Y are the prediction and ground truth of
query images. L4, refers to an auxiliary loss attached for
feature alignment, following the common setting (Milletari,
Navab, and Ahmadi 2016).

Efinal = »Cmain + ﬁﬁunlabeb (10)

As the above equation shows, the final loss is a weighted
sum of the main loss and the self-supervised 10ss Ly niapel-
The weight [ is set to 0.5 empirically.

4 Experiments

We conduct experiments on the PASCAL — 5' and
COCO datasets. The primary evaluation metric is
mean intersection-over-union (mloU). The foreground-
background IoU (FB-IoU) is used as an auxiliary indicator.

4.1 Process of Training and Testing

The number of support: query: unlabeled imagesis 1 : 1 : 2
or 5 : 1 : 2 for each meta-training task in the one-shot and
five-shot settings. The unlabeled input branch comes from
the same training dataset. We resample M extra images of
the same class without mask truth, rather than adding an-
other dataset. For a fair comparison, we exclude the unla-
beled images during testing.

Pre-trained ResNet50 and ResNet101 (He et al. 2016) are
used as the backbone of the model, frozen without parame-
ter update. The baseline method refers to the CyCTR. Local
query prototypes are generated by the multi-level prototype
generation. Concatenated with one global support prototype,
m? local query prototype, and the prior mask, query features
are sent to the transformer after a merging and flattening op-
eration. We set m = 4 in the main experiments. All data
in the following tables are the average results of five ex-
periments with the same settings. Specific implementation
details are presented in the Appendix.
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1-shot 5-shot #learnable
Method Backbone splitO  splitl  split2  split3 mean | split0 splitl split2  split3 mean params
PPNet 2020 52.7 62.8 57.4 47.7 55.2 60.3 70.0 69.4 60.7 65.1 31.5M
PMM 2020 520 675 51.5 498 552 | 550 682 529 51.1 56.8 -
PFENet 2020 61.7 69.5 55.4 56.3 60.8 63.1 70.7 55.8 57.9 61.9 10.8M
CyCTR 2021 65.7 71.0 595 59.7 64.0 | 69.3 73.5 63.8 63.5 675 7.4M
HSNet 2020 Res-50 64.3 70.7 60.3 60.5 640 | 703 732 674 671  69.5 2.6M
ASGNet 2021 58.8 67.9 56.8 537 593 63.7 70.6  64.1 574 639 10.4M
SSP 2022 614 672 654 497 609 | 680 720 748 60.2 688 -
DCAMA 2022 675 723 596 590 64.6 | 705 739 637 658 685 -
RiFeNet (Ours) 684 735 67.1 594 671 | 70.0 747 694 642 69.6 7.TM
DAN 2020 54.7 68.6 57.8 51.6 582 | 579 69.0 60.1 549  60.5 -
PMM 2020 54.7 68.6 57.8 516 582 | 579 69.0 60.1 549  60.5 -
PFENet 2020 60.5 694 544 559  60.1 62.8 704 549 576 614 10.8M
CyCTR 2021 67.2 71.1 57.6 59.0 63.7 | 71.0 75.0 58.5 65.0 67.4 7.4M
HSNet 2020 Res-101 673 723 620 63.1 662 | 71.8 744 670 683 704 2.6M
ASGNet 2021 59.8 67.4 55.6 54.4 59.3 64.6 71.3 64.2 57.3 64.4 10.4M
SSP 2022 63.7 70.1 66.7 554 640 | 70.3 763 778 655 725 -
DCAMA 2022 654 714 632 583 64.6 | 70.7 73.7 66.8 619 683 -
RiFeNet (Ours) 689 738 662 603 673 | 704 745 683 634 692 7. M

Table 1: Performance comparison on PASCAL-5 in terms of mIoU (%).
1-shot 5-shot

Method Backbone | 110 splitl  split2  split3  mean | split0  splitl split2 split3 mean
PPNet 2020 28.1 308 295 277 290 | 39.0 408 37.1 373 38.5
PMM 2020 293 348 27.1 273 29.6 | 33.0 40.6 303 333 343
RPMMs 2020 29.5 368 289 270 306 | 33.8 420 33.0 333 35.5
CyCTR 2021 Res-50 389 43.0 39.6 398 403 | 41.1 489 452 470 456
HSNet 2020 36.3  43.1 38.7 387 392 | 433 513 482 450 46.9
SSP 2022 464 352 273 254 336 | 538 415 360 337 41.3
DCAMA 2022 419 451 444 417 433 | 459 505 507 46.0 48.3
RiFeNet (Ours) 39.1 472 446 454 441 | 443 524 493 484 48.6

Table 2: Performance comparison on COCO in terms of mIoU (%).

4.2 Comparison with State-of-the-Arts

We compare the performance of RiFeNet with other clas-
sical or effective methods on PASC AL — 5¢, as is shown
in Tab.1 and Tab. A of the Appendix. RiFeNet outperforms
the best method under most of the experimental scenarios.
RiFeNet outperforms CyCTR by about 3.5% under the 1-
shot setting and about 2% for the 5-shot one. Compared
with the existing state-of-the-art DCAMA in the 1-shot set-
ting with ResNet50 backbone, it surpasses by 2.5%, rising
to 2.7% with the use of ResNet101. As for the larger gain
in the 1-shot than in the 5-shot setting, we attribute this to
the decreasing impact weight due to the constant amount
of unlabeled data, as the ratio of unlabeled to labeled im-
ages decreases from 2 to 0.4. As labeled images increase,
the positive effects of the unlabeled branch decrease, with a
proportional decline in performance gain in 5-shot.

Similar experiments on COCO support the above conclu-
sion in Tab.2. Faced with a scenario with multiple objects in
this dataset and a complex environment, RiFeNet still out-
performs the current best DCAMA by 0.8% for almost all
splits in the 1-shot setting. The comparison results demon-
strate the benefits of RiFeNet. The unlabeled branch pro-
vides RiFeNet with richer relevant information, which in
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turn improves the performance of the model.

Qualitative results also prove the effectiveness of
RiFeNet. In Fig.5 and Fig.A of the Appendix, the foreground
objects in support and query images vary a lot, with incon-
sistent postures, appearances, and angles of photography.
Despite this large intra-class variability, RiFeNet achieves
significant improvement in maintaining foreground seman-
tic consistency compared with the baseline. As for the sim-
ilarity of background and foreground, the model deals with
this binary identification much better even in cases with
neighboring objects of similar appearance, with foreground
occlusion, and with multiple classes of objects. Looking
back to Fig.1, our extracted features are essential to main-
tain foreground semantic consistency and provide inter-class
distinction for binary classification.

4.3 Ablation Studies

RiFeNet improves the pixel-level binary classification. To
demonstrate the effectiveness of our proposed unlabeled en-
hancement and multi-level prototypes in RiFeNet, we con-
duct diagnostic experiments in Tab.3. All comparisons are
set under a 1-shot setting, with ResNet50 as the backbone.
Using either the unlabeled branch or multi-level prototype
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support baseline

query input

ground truth

Figure 5: Qualitative segmentation results on novel classes
on PASCAL-5. From left to right: support image with mask,
query input, query ground-truth mask, query prediction of
the baseline, and prediction of RiFeNet.

Un  MP | split0  splitl ~ split2  split3 | mIoU
657 71.0 595 59.7 64.0

v 673 71.8 662 59.2 66.1
v 66.0 72.1 66.2 604 | 66.2

v v 684 735 671 594 67.1

Table 3: Ablation studies on the key components of RiFeNet.
“Un” and “MP” denote the use of the unlabeled branch and
the multi-level prototypes, respectively.

interaction results in a boost of approximately 2%. When
two strategies work together, RiFeNet improves by 3.1% on
top of the baseline.

Different design choices of multi-level prototypes. We
conduct ablation experiments on the model design details
mentioned for the multi-level prototype, as is shown in
Tab.4. Consistent with the theoretical analysis in Sec.3.4, it
proves that our practices such as adding guidance to unla-
beled branches are reasonable and reliable.

Different design choices of unlabeled branches. We
conduct experiments with different designed unlabeled
branches to further explore their effect. As shown in Tab.5,
the unlabeled branch without guided query prototypes re-
sults in even worse performance than the baseline, which
is consistent with our analysis in Sec.3.3. On the other
hand, because the unlabeled inputs come from resampling
the training dataset, we double the training iterations of the
baseline for a fair comparison. Increased training iterations
have little effect on the baseline due to early convergence.
This proves that the effectiveness of our method is not from
the multiple sampling of data but from the learned discrimi-
native and semantic features.

Different hyper-parameters. We first look into the effect
of different numbers of unlabeled input in a single meta-
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components | split0  splitl ~ split2  split3 | mIoU
gp (support-only) | 67.3  71.8 662 592 | 66.1
gp+ep 67.5 73.1 66.2 58.4 66.3
op+lp (W0 CA) | 68.1 732 667 59.1 | 668
eptlp (W/CA) | 684 735 671 594 | 67.1

Table 4: Ablation studies on multi-level prototypes. “gp” and
“Ip” denote global and local prototypes, respectively. That
is, “gp+gp” means extracting both query and support proto-
types globally. “CA” refers to channel-wise attention.

components | epoch | split0 splitl  split2 split3 | mloU
w/o unlabel 200 66.0 72.1 66.2  60.4 66.2
w/o unlabel 400 66.5 724 655 59.5 66.0
un (w/o guide) | 200 669 722 659 583 65.8
un (w/ guide) 200 684 735 671 594 | 67.1

Table 5: Ablation studies on the unlabeled branch. “w/
guide” refers to the use of query local prototypes in the un-
labeled branch for guidance, while “w/o guide” means using
prototypes generated from the unlabeled branch itself.

num | split0  splitl  split2  split3 | mloU
0 66.0 72.1 66.2 60.4 66.2
1 66.8 72.8 66.9 59.8 66.6
2 68.4 73.5 67.1 59.4 67.1
3 659 726 669 598 | 66.0

Table 6: Ablation studies of different numbers of unlabeled
images in the single meta-training process.

training process. Tab.6 shows the results on PASC AL — 5°
under a 1-shot setting, with ResNet50 as its backbone. The
best results are obtained when the number of unlabeled im-
ages is set to 2. Initially, the segmentation effect of the model
increased as the number of unlabeled images increased.
When the number continues to increase, the accuracy de-
creases instead. We deem the reason is that when the effect
of unlabeled enhancement counts much more than the query
branch itself, the attention of feature mining may turn to
the unlabeled branch, thus disturbing the query prediction.
The segmentation accuracy decreases after the features are
blurred. We also conduct detailed ablation experiments with
other parameters, which are included in the Appendix.

5 Conclusion

In few-shot segmentation, traditional methods suffer from
semantic ambiguity and inter-class similarity. Thus from
the perspective of pixel-level binary classification, we pro-
pose RiFeNet, an effective model with an unlabeled branch
constraining foreground semantic consistency. Without extra
data, this unlabeled branch improves the in-class generaliza-
tion of the foreground. Moreover, we propose to further en-
hance the discrimination of background and foreground by
a multi-level prototype generation and interaction module.
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