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Abstract

Few-shot semantic segmentation (FSS) aims to segment
objects of novel categories in the query images given only a
few annotated support samples. Existing methods primarily
build the image-level correlation between the support target
object and the entire query image. However, this correlation
contains the hard pixel noise, i.e., irrelevant background
objects, that is intractable to trace and suppress, leading to
the overfitting of the background. To address the limitation of
this correlation, we imitate the biological vision process to
identify novel objects in the object-level information. Target
identification in the general objects is more valid than in the
entire image, especially in the low-data regime. Inspired by
this, we design an Object-level Correlation Network (OCNet)
by establishing the object-level correlation between the sup-
port target object and query general objects, which is mainly
composed of the General Object Mining Module (GOMM)
and Correlation Construction Module (CCM). Specifically,
GOMM constructs the query general object feature by learn-
ing saliency and high-level similarity cues, where the general
objects include the irrelevant background objects and the
target foreground object. Then, CCM establishes the object-
level correlation by allocating the target prototypes to match
the general object feature. The generated object-level cor-
relation can mine the query target feature and suppress the
hard pixel noise for the final prediction. Extensive experi-
ments on PASCAL-5" and COCO-20" show that our model
achieves the state-of-the-art performance.

1. Introduction

Semantic segmentation [1, 2, 16, 31, 36], a fundamental
task in computer vision [12, 19, 20, 40, 45], has achieved
significant progress in academia and industry. But these
achievements primarily rely on large pixel-level annotated
datasets, which demand extensive time and human effort.
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Figure 1. Comparison between (a) previous image-level correlation
method and (b) our object-level correlation method. (a) Previous
image-level correlation methods focus on building the correlation
between the support target feature and the entire query feature,
leading to the hard pixel noise, such as, the real background object
(books) and the irrelevant novel object (persons). (b) Our object-
level correlation method is devoted to target selection from the
general object feature by imitating the biological vision process. In
this way, the generated correlation focuses on the target objects and
suppresses the hard pixel noise.

Moreover, semantic segmentation performance tends to be
unsatisfactory when meeting the unseen novel classes. Under
such circumstances, few-shot semantic segmentation (FSS)
[38] is proposed by introducing few-shot learning [41, 53]
into semantic segmentation. The FSS model aims to seg-
ment target novel objects in the original (query) image with
a few reference (support) images. The key point for FSS
is constructing the correlation between support and query
information.

Previous traditional methods [6, 32, 38, 42, 58] focus
on building the image-level correlation between the support
target feature and the entire query feature by comparison
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and matching, as shown in Fig. 1(a). Based on the image-
level correlation, they further segment the target object from
the entire query feature through prototypical learning [6, 42,
61] or affinity learning [32, 39, 58]. However, the image-
level correlation generated by the entire query image tends
to contain the hard pixel noise (i.e., irrelevant background
objects) in the background. This noise mainly consists of
real background objects, base objects, and irrelevant novel
objects, representing the book, the sofa, and the person in
the query image of Fig. 1, respectively. Therefore, as shown
in the prediction of Fig. 1(a), this noise typically leads to
inaccurate segmentation, like the book and the person. Some
recent methods [21, 29, 55, 59, 60, 66] attempt to address
these issues by eliminating the real background objects or
base objects in the image-level correlation through post-
processing. Although suppressing most noise, these methods
still ignore the elimination of irrelevant novel objects in
the background. For example, in the query image of Fig. 1,
the dog and person are both novel class objects, but only
the dog is the target object that needs to be segmented. So,
these methods fail to suppress the irrelevant novel object
(person) in the background. All in all, existing methods
face the following challenges: 1) Image-level correlation
methods often incorporate real background objects, base
objects, and irrelevant novel objects into the segmentation
process, causing misclassification. 2) They still struggle to
accurately identify target objects when multiple novel objects
are present in the scene.

To address the limitation of image-level correlation, we
try to imitate the biological vision process: Saliency is com-
puted in a pre-attentive manner across the entire visual field,
and then the higher areas control target selection based on
task-dependent cues [17]. In other words, the biological
vision recognition system relies more on processing and
understanding object-level information (saliency) than the
entire image information. Target selection in the saliency
(general objects) is more valid than in the entire image, es-
pecially in the low-data regime. Inspired by this, the salient
information is first learned to construct the query general
objects. Then, we identify the query target object from these
objects with the guidance of the support target object (task-
dependent cues). Following the above process, we propose
an Object-level Correlation Network (OCNet) in Fig. 1(b),
which establishes the object-level correlation between the
support target feature and the query general object feature.
Unlike the image-level correlation [21, 29, 55, 59, 60, 66],
the object-level correlation can accurately identify the target
object in the foreground while suppressing the irrelevant ob-
jects in the background. Moreover, the support target more
efficiently corresponds to the query target from the query
general object than the entire query image [6, 32, 38, 42, 58].
Therefore, as shown in the prediction of Fig. 1(b), our model
eliminates the hard pixel noise (i.e., the real background ob-

ject (book) and irrelevant object (person)) in the background
and segments the query target object (dog) correctly.
Specifically, OCNet is mainly composed of the General

Object Mining Module (GOMM) and Correlation Construc-

tion Module (CCM). Following the process of biological

vision, we first propose the General Object Mining Module

(GOMM) to generate the query general object feature. How-

ever, in the task of FSS, there are no given query masks to

guide the learning of general objects. Therefore, we adopt the

CAM [65] to obtain the vanilla general object mask about the

query image. Although identifying the most general objects,

this vanilla mask sometimes does not contain total object
information. To capture the lost information, we further inte-
grate the high-level similarity mask into the vanilla mask and
utilize the cross-attention [43] to fuse the initial general ob-
ject feature and the original query feature. After obtaining the
query general object feature, we further establish the object-
level correlation to identify the query target object based
on the task-dependent cues (support target information). To
this end, the Correlation Construction Module (CCM) is pro-
posed that allocates the support frequency prototypes [49] to
match the general object feature. Different from [49], CCM
introduces the prototype allocating mask to capture the tar-
get object by foreground prototypes and suppress the hard

noise pixel by the background prototypes (ignored by [49]).

Finally, our network can effectively segment the query target

object from the object-level correlation.

In summary, the contributions of this paper are concluded
as follows:

* By imitating the biological vision process, we introduce
the object-level correlation to address the limitation of
image-level correlation, which refines the target object
segmentation while suppressing the hard pixel noise.

* We propose an Object-level Correlation Network (OCNet)
that integrates general and high-level cues to generate
the general object feature and further models the optimal
allocating pattern to construct the object-level correlation.

* Extensive experiments show that OCNet achieves state-of-
the-art (SOTA) performance on few-shot segmentation.

2. Related Work
2.1. Semantic Segmentation

Semantic segmentation is a pivotal task in computer vi-
sion that aims to classify each pixel in an image according
to a predefined set of semantic categories. Fully Convolu-
tional Network (FCN) [31] is the pioneering work in solving
the problem of semantic segmentation, which replaces the
fully connected layer in a classification framework with the
convolution layer. Since then, tremendous progress has been
made in this field, such as the encoder-decoder structure
[1, 7, 36, 51] for better feature extraction, dilated convolu-
tions [2, 3, 64] to enlarge the receptive field, and pyramid
pooling [18, 25, 63] to aggregate multi-scale features. More-
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over, some researchers [10, 16, 47, 50, 62] focus on the
efficient attention mechanism for capturing long-distance de-
pendencies. However, the aforementioned methods rely heav-
ily on extensive pixel-level annotations and exhibit limited
generalization to novel classes under data-scarce conditions.
This paper aims to tackle the above semantic segmentation
limitation in the few-shot setting.

2.2. Few-Shot Semantic Segmentation

Few-shot semantic segmentation (FSS) [38] learns to gen-
erate dense predictions for novel class query images given
the few pixel-wise annotated support images. Most existing
FSS methods adopt the two-branch architecture, roughly
divided into two categories: prototypical learning methods
[6, 21, 23, 28, 42, 49, 59] and affinity learning methods
[14, 32, 35, 39, 44, 52, 58, 60]. Following PL [6], some
prototypical learning methods extract the single global pro-
totype [21, 42, 59] or multiple local prototypes [22, 23, 28]
from the support set to guide the query target segmentation.
Notably, recent works focus on learn prototypes from other
perspectives for further object information extraction, such
as holistic prototypes [4], self-support prototypes [9], fre-
quency prototypes [49], intermediate prototypes [30], and so
on. Besides, some affinity learning methods are proposed to
preserve structural information lost by prototypical learning
methods. They are devoted to building the dense pixel-level
attention map between support and query images by graph
attention mechanism [44, 58], 4D convolutions [14, 32, 52],
Transformers [35, 39, 44, 60], or Mamba [56]. However,
previous works only emphasize the image-level correlation
between support and query images, ignoring the object anal-
ysis and leading to the hard pixel noise in this correlation.
Unlike them, our method learns all the object information
from the query image, and further match the object informa-
tion in object-level correlation to segment the target object.

3. Task Definition

Following previous works [6, 21, 35], we adopt the stan-
dard few-shot semantic segmentation setting, i.e., episodic
meta-training paradigm. Specifically, the dataset is divided
into the training set Dy,4i, and the testing set D;.q;. The
Ctrain (base) and Cy.s; (novel) object classes of two sets are
disjoint (Ctrqin N Ciest = D). Given a K -shot segmentation
task, each episode consists of a query set ) = {I,, M, } and
a support set S = {I¥, M*}E | where I € RE>XW>3 and
M € {0,1}*W represent the input images and the corre-
sponding binary masks, respectively. During training, the
model segments the query object based on the S and I, by
iteratively sampling an episode from Dy, ;. After that, the
trained model is directly evaluated on the test episodes sam-
pled from D,.,; without further optimization. Note that both
support masks M, and query masks M, are available during
training, whereas only M, is accessible during testing.

4. Method

4.1. Overview

Motivation. Previous metric-based methods primarily con-
struct the image-level correlation between support target
objects and the entire query image by 4D convolutions [32],
Transformers [35], dense prototype comparison [21, 42], efc.
Unfortunately, it is difficult to directly associate the target
object with the entire query image, and this correlation tends
to be biased towards irrelevant background objects. This is
because, compared to the non-object samples, the general
objects are more similar to each other [24]. Moreover, these
methods regard irrelevant objects as background features dur-
ing training. However, these objects are typically the novel
target objects in the testing stage, which the model needs to
predict. The excessive suppression of irrelevant objects is not
conducive to segmenting novel objects. Therefore, the opti-
mal pattern is to separate the general objects from the entire
image and further identify the target object from the general
objects by constructing the correlation between objects, like
the process of biological vision [17]. Inspired by this, we
propose the Object-level Correation Network (OCNet) to
address the limitation of previous image-level correlation.
Architecture. As shown in Fig. 2, OCNet mainly con-
sists of two major modules, i.e., the General Object Mining
Module (GOMM) and the Correlation Construction Mod-
ule (CCM). Specifically, we first follow the previous works
[21, 35, 42] to extract the mid-level object feature F; /a and
high-level object feature Ff/q with the pre-trained backbone.
Then, those features are delivered to GOMM to capture the
general object feature F; from the query image through the
general object prototype learning. After obtaining Iy, CCM
further establishes the object-level correlation F.. by allocat-
ing the support prototypes P, to correspond with F},. Finally,
the decoder can effectively predict results based on F.. In
this way, our model focuses on the correlation between sup-
port target object and query general objects rather than the
entire query image. Compared to the previous image-level
correlation, the object-level correlation F,. can recognize the
query target object while suppressing the hard pixel noise in
the query general objects.

4.2. General Object Mining Module

Following the biological vision pattern, we propose the
General Object Mining Module (GOMM) to mine the gen-
eral object features from the query images in Fig. 2 (a). The
general object mask My is first generated to supervise the
learning of the initial general object feature F;;,. Then, we
further complement the information lost by F;, to obtain the
general object feature F,.

General object mask. Since there are no given query
masks to guide the learning of general objects, we adopt
CAM [65] to obtain the vanilla general object mask of query
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Figure 2. Overall architecture of our proposed OCNet. After extracting features from the pre-trained backbone, the General Object Mining
Module (GOMM) (blue) first utilizes these features to capture the general object feature F); via learning the general object prototype. Then,
the object-level correlation F. is constructed by support target information and F; in the proposed Correlation Construction Module (CCM)

(green). Finally, F- is fed into the decoder for the final query prediction.

image. However, the vanilla general object mask sometimes
involves no target object information. To alleviate this prob-
lem, the prior query mask is integrated into the vanilla mask
to generate the general object mask. Although this mask is
not complete and precise, we only need the obscure location
and enhancement of the general object, and the moderately
uncompleted information favors the generalization and re-
construction ability of general object prototypes [13, 15, 48].
Moreover, the cross-attention [43] is utilized to alleviate the
incompleteness. Specifically, given the high-level support
feature F* € RE*WXCh and the high-level query feature
Fl e REXWXCn we first use the CAM and the cosine
similarity to obtain the vanilla general object mask and the
prior query mask, respectively. Following PFENet[42], we
compute the pixel-wise cosine similarity (HW x HW) be-
tween the query and support feature. For each query pixel,
the maximum similarity across all support pixels is selected
to generate the prior query mask (W x 1), which is re-
shaped to H x W x 1 and normalized. Then, these masks are
fused by computing the pixel-level maximum value. Finally,
the mask threshold 7 is used to segment the fused mask and
generate the general object mask M:

My = 1.(Max(Cosine(F), FI") @ CAM(F)))), (1)

L@)=14" “27 @)

0, z<T,
where Cosine(-) denotes the cosine similarity, and @ refers
to the channel-wise concatenation. 1 is the indicator function
that adopts the mask threshold 7 to control the general object
sampling scope, where 7 is set to 0.6 in our experiment. Note
that the background information in F” is filtered out by the

support mask M.

Initial general object feature. After that, M, is utilized
to guide the learning of the general object prototype P, and
generate the initial general object feature . Specifically,
we first randomly initialize the general object prototypes
P, € RN+*C and apply the cosine similarity to produce the
general prototype masks My, € RTXW*Na from the P,
and query features Fy:

Mg, = Cosine(Fy, P,), 3)

where Mg, indicates the pixel-level similarities between
each Fy, and P,. After applying the argmax operation to M,
we obtain the guide map (H x W), where each pixel stores
the index of its corresponding prototype in P,. Using this
map, we place the corresponding prototype at each position
to generate the allocated prototypes (H x W x (). Finally,
we concatenate the allocated prototypes with the F, and
adopt 1 x 1 convolution to reduce the channel number of the
concatenated features, generating the initial general object
feature F;, € RAXWxC:

Fig = Convix1(Alloc(Py, Argmaz(Mgp)) & Fy), (4)

where Alloc(-, Argmax(M,p,)) denotes the allocation
based on Argmax(M,,). Later, the F, is predicted by the
segment head to generate the general object prediction Mg.
General object feature. Since Fj, is learned under the
supervision of My, it is difficult for F;, to capture the entire
general object information. Therefore, we utilize F;, to com-
plement the information lost by F;,. Conversely, F;, further
enhances the general object feature in F,. Specifically, F;,
is fused into Fj, by utilizing the cross-attention in a QKV
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Figure 3. Illustration of prototype allocating mask in CCM.

manner:

F, = Atten(Fy, Fig, Fig) + Fy, 5)
where Atten(-) denotes the cross-attention operator and
F, € REXWXC ig the general object feature.

4.3. Correlation Construction Module

The Correlation Construction Module (CCM) aims to con-

struct the object-level correlation between the support target
object and the query general objects, as shown in Fig. 2 (b).
To this end, there are two key points: (i) gaining rich and
complete support information; (ii) modeling optimal con-
struction pattern. The details are as follows.
Support prototypes. To gain rich and complete support
information, we adopt multi-frequency pooling [49] to gen-
erate the support prototype Ps. However, in [49], they only
utilize the target object information in the support foreground
prototypes, but ignore the rich and practical background pro-
totypes. To alleviate this limitation, we not only uses the
foreground prototypes to capture the global and local target
object information, but also applies the background proto-
types to suppress the hard pixel noise.

Specifically, given the support features F; and the support
mask My, we first adopt multi-frequency pooling [49] to
generate the support prototype P, € RL*C in the frequency
domain (as illustrated in [49], L = 49):

P, = MFP(F,, M,), ©)

where M F'P(-) denotes multi-frequency pooling. Then, the
cosine similarity activates P; to generate all the support
prototype mask Mg, € RE>XWxL:

M, = Cosine(Fs, Ps), @)

More efficient prototypes tend to generate masks that ex-
hibit higher similarity to M. In other words, the foreground
prototypes strengthen the target objects, but background pro-
totypes suppress the target objects. Therefore, we apply the
euclidean distance between M, and M, to select the fore-
ground prototype index ID; € RYs and the background
prototype index ID; € RNs:

ID; = Topk(Dis(M,,, M,), Ny), ®)
ID; = Lowk(Dis(Msp, M), N), )

where the Dis(-) denotes the euclidean distance. Topk(+)
and Lowk(-) denote the indices corresponding to the N;
largest and smallest similarity scores, respectively.
Prototype allocating mask. When I D, and I D, are ob-
tained, the corresponding prototypes are selected from P,
which contain rich and complete support information. How-
ever, it is intractable to directly allocate the selected pro-
totypes to construct the correlation with the general object
feature F;. To make the selected prototypes content-aware,
we model the prototype allocation as the Optimal Trans-
port (OT) problem, as shown in Fig. 3. Using the Sinkhorn
algorithm with entropic regularization [5], OT finds the trans-
portation plan (i.e., the optimal query masks) with minimal
global transportation cost to supervise prototype allocation.

Specifically, we first choose the corresponding prototypes,
and produce the query foreground masks M, ; € RH*WxN:
by computing the cosine similarity between the selected
prototypes and the query features F:

M, = Cosine(F,, Select(Ps,1D,)). (10)

where Select(-,I1D;) means the selection based on ID;.
Then, the background pixels in M, are filtered out by M,
and the size of Mgy is reshaped to Ny x N,, where Ny
is the amount of the query foreground pixels. After that,
the cost matrix and the transport matrix are formulated as
(1 — Myys) € RN7*Ns and T € RN/ *Ns | where the lower
transport cost corresponds to the higher similarity in M.
We define the optimization objective as:

minL; =Tr(T"(1— Mys)) + eH(T),

11
st. Tl=p,T'1=v (b

where H(T') = —3_,. T;;logT;; is the entropy regular-
izer, and e is empirically set to 0.05 for controlling the
smoothness of the transport matrix 7'. The transport matrix
T is constrained by u = Nifl and v = N%l' After per-
forming several Sinkhorn iterations [5] to optimize Eq. 11,
the optimal transportation matrix 7™ is efficiently obtained
and subsequently zero-padded at the corresponding back-
ground positions. By reshaping 7" to H x W x Nj, the
optimal query foreground mask M, is produced. Given
the background frequency prototype index I D;, we follow
the same process of M,y to generate the optimal query
background mask M,q,. Finally, the prototype allocating
mask M,, € RT*Wx1 s derived from the most optimal
prototype indexes, which are selected from the optimal query
masks by the argmax operator:

My, = Argmax(Mogs & Mogy). (12)
Correlation construction. After obtaining M,,,, we can
model optimal construction pattern. M, supervises proto-
type allocation and guides the interaction between support
and query features to derive the object-level correlation F.
In this way, F, not only discriminates the target query ob-
jects, but also suppresses the hard pixel noise. Specifically,
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Table 1. mIoU and FB-IoU performance of 1-shot and 5-shot segmentation on PASCAL-5". The best performances are highlighted in bold.

1-shot 5-shot

Method Input Resolution | Backbone 710 F 141 Fold2  Fold3 | Mean | FB-IoU | Fold0 Foldl Fold2 Fold3 | Mean | FB-loU
PANet [46](ICCV’19) 417 x 417 423 580 511 412 | 481 | 665 | 518 646 598 465 | 557 | 707
PFENet [42](TPAMI'20) | 473 x 473 569 682 544 524 | 580 | 720 | 590 69.1 548 529 | 590 | 723
BAM [21](CVPR’22) 473 x 473 632 708 661 575 | 644 | 773 | 674 731 706 640 | 688 | 8I.1
HDMNet [35[(CVPR'23) | 473 x 473 | vGG.16 | 648 714 617 564 | 65.1 . 681 731 718 640 | 69.3

AENet [55](ECCV*24) 473 x 473 663 733 685 584 | 666 | 790 | 708 751 722 642 | 706 | 818
HMNet [56](NIPS24) 473 x 473 667 745 689 590 | 673 | 792 | 705 760 722 657 | 711 | 826
OCNet (ours) 473 x 473 693 741 687 607 | 682 | 803 | 720 756 726 614 | 719 | 826
CANet [59](CVPR’19) 321 x 321 525 659 513 519 | 554 | 662 | 555 678 519 532 | 571 | 696
PFENet [42](TPAMI'20) | 473 x 473 617 695 554 563 | 60.8 | 733 | 631 707 558 579 | 619 | 73.9
BAM [21](CVPR’22) 473 x 473 690 736 676 6l.1 | 678 | 797 | 706 751 708 672 | 709 | 822
AENet [55](ECCV*24) 473 x 473 | ResNets0 | 722 755 685 631 | 698 | 808 | 742 765 748 706 | 741 | 845
HMNet [56](NIPS*24) 473 x 473 722 754 700 639 | 704 | 81.6 | 742 773 741 709 | 741 | 844
ABCB [66](CVPR’24) 473 x 473 729 760 695 640 | 70.6 . 744 780 739 683 | 73.6

OCNet (ours) 473 x 473 735 759 711 649 | 714 | 822 | 759 771 741 709 | 745 | 847

the prototype allocating prediction Mpa € RHXWX2Ns g 5. Experiments

first captured by the cosine similarity:

M,, = Cosine(LN(F,), LN (Select(P,, ID,&IDy))),
(13)
where LN () means the linear layers. Then, we integrate

M, into F,; through matrix multiplication, resulting in the
query prototype P, € R2N+*C"

P, = LN(MatMul(M,,, LN(F,))). (14)

Owing to fusing the support and query information, P, can
bridge the gap between the support and query sets. Given
P, and Mpa, we follow the same allocation operator as the
Eq. 4 and concatenate the F}; to construct the object-level
correlation F, € RF*xWx2C.

F. = Alloc(Py, Argmaz(Mya)) @ Fy. (15)

Finally, F, is passed into the decoder to obtain the query
prediction Mq, where the decoder employs FPN structure
[27] to capture multi-scale object information and refine the
final segmentation result.

4.4. Training Loss

We apply the cross entropy loss to supervise the learning
of the query prediction M,, the general object prediction
M, 4» and the prototype allocating prediction Mpa. Therefore,
the final training loss includes three parts: the target segmen-
tation loss L;, the general segmentation loss £L,, and the
prototype allocation loss L,,:

Ly=Li+Lg+Lp, (16)
where £, = CE(M,, M,), L, = CE(M,, M,), and L,, =
C’E(Mpa, M,,). With the supervision of M, and M, our
GOMM and CCM can effectively learn the general objects
and construct the object-level correlation, respectively.

5.1. Experimental Settings

Datasets. Our model is evaluated on two widely-used
benchmark datasets: PASCAL-5° [38] and COCO-20° [34].
PASCAL-5! is built from PASCAL VOC 2012 [8] with ad-
ditional annotations from SDS [11], while COCO-20¢ is
constructed based on MSCOCO dataset [26]. To be consis-
tent with previous works [21, 34, 35, 38, 42], we adpot the
cross-validation manner. Specifically, the total categories are
partitioned into 4 folds, where the each fold consists of 5
and 20 classes for PASCAL-5! and COCO-20°, respectively.
Then, we train the model on three folds, while using the
remaining one fold for testing. During meta-testing, 1,000
episodes are sampled from the test set for evaluating.
Implementation Details. In our experiment, two different
backbone networks (VGG-16 [40] and ResNet-50 [12]) are
chosen as the feature extractor to extract the mid-level and
high-level features. Following [21, 35, 42], these backbones
are pre-trained on ImageNet [37] and freezing parameters
during all stages. Meanwhile, we apply the query generaliza-
tion strategy [49] to fuse more target object semantic infor-
mation into the general object feature. The model is trained
with the SGD optimizer on PASCAL-5 for 200 epochs and
COCO-20° for 75 epochs, where the learning rate and batch
size are 0.005 and 4, respectively. Moreover, we employ the
same data augmentation setting as [42] and crop images to
the size 473 x 473 for PASCAL-5" and 641 x 641 for COCO-
20° for training. For K -shot setting, we average the support
prototypes following [42, 49]. Our model is built upon the
Pytorch framework and all experiments are conducted on the
NVIDIA GeForce RTX 3090 GPUs.

Evaluation Metrics. Following common baselines [21, 35,
42], mean intersection over union (mloU) and foreground-
background IoU (FB-IoU) are adopted as the evaluation
metrics for experiments.
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Table 2. mIoU and FB-IoU performance of 1-shot and 5-shot segmentation on COCO-20". The best performances are highlighted in bold.

1-shot 5-shot

Method Input Resolution | Backbone |72\ ™5 141 Fold2  Fold3 | Mean | FB-IoU | Fold) Foldl Fold2 Fold3 | Mean | FB-IoU
FWB [34](ICCV’19) 512 x 512 184 167 196 254 | 200 | - 209 192 219 284 | 226

PFENet [42](TPAMI'20) | 641 x 641 354 381 368 347 | 363 | 633 | 382 425 418 389 | 404 | 650
BAM [21](CVPR’22) 641 x 641 300 470 464 416 | 435 . 470 526 486 491 | 493
HDMNet [351(CVPR'23) | 633 % 633 | ygeye | 407 506 482 440 | 459 - 470 565 541 519 | 524

SCCAN [54]ICCV*23) | 473 x 473 383 465 430 415 | 423 | 669 | 434 525 545 473 | 494 | 718
AENet [55](ECCV*24) 473 x 473 403 504 479 449 | 459 | 712 | 458 563 558 534 | 528 | 743
OCNet(ours) 641 x 641 424 513 485 454 | 469 | 715 | 473 513 550 527 | 531 | 762
PEENet [42](TPAMI'20) | 641 x 641 365 386 350 338 | 358 R 365 433 380 384 | 390

BAM [21](CVPR’22) 641 x 641 434 506 475 434 | 462 - 493 542 516 496 | 512

MIANet [57)(CVPR23) | 473 x 473 425 530 478 474 | 477 | 715 | 458 582 513 519 | 517 | 73
SCCAN [541ICCV°23) | 473 x 473 404 497 496 456 | 463 | 699 | 472 572 592 521 | 539 | 742
MSI [33](ICCV*23) 417 x 417 | ReNetS0 | yh 4 490 494 461 | 468 . 471 549 541 519 | 520

AENet [55](ECCV°24) 473 x 473 431 560 503 484 | 494 | 736 | 517 619 579 553 | 567 | 765
ABCB [66](CVPR’24) 641 x 641 442 540 521 498 | 500 | - 505 590 570 53.6 | 55.1
OCNet(ours) 641 x 641 459 569 529 504 | 515 | 737 | 527 631 574 548 | 570 | 768

Support Image Support Mask Query Image Query Mask

1 n

Baseline

Figure 4. Qualitative results of our OCNet, baseline method, BAM and general objects. Each column from left to right represents the support
image, support mask, query image, query mask, baseline prediction, BAM [21] prediction, general object mask M, general object prediction

M, and our OCNet prediction, respectively.
5.2. Comparison with State-of-the-Arts

Quantitative results. To evaluate the effectiveness of OC-
Net, we present the quantitative comparisons between it
and other state-of-the-art FSS approaches in Table | and
Table 2. It can be observed that the proposed OCNet out-
performs previous advanced approaches on PASCAL-5! and
COCO-20' datasets under all settings. Specifically, with the
VGG-16 backbone, the proposed method achieves 0.9% (1-
shot) and 0.8% (5-shot) of mloU improvements over the
previous best results on PASCAL-5°. Moreover, OCNet
also achieves nearly 1% improvement with ResNet-50 as
the backbone. Therefore, compared to other image-level
correlation methods with post-elimination processing (i.e.,

BAM [21], ABCB [66] and so on), our object-level corre-
lation method is more effective for mining the target object
and suppressing the hard pixel noise. As for more challeng-
ing COCO-20¢, the performances reach 51.5% (1-shot) and
57.0% (5-shot) of mIoU with ResNet-50 backbone, surpass-
ing previous state-of-the-art in Table 2. Besides, the FB-IoU
results also achieve improvements, especially for the 1-shot
results on the PASCAL-5.

Qualitative results. To better analyze and understand the
proposed OCNet, we report some qualitative results gener-
ated from our OCNet, baseline model, and BAM [21] in
Fig. 4. The baseline model is established by removing the
GOMM and CCM. From Fig. 4, we can observe that BAM
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Table 3. Ablation studies of main components in OCNet.

GOMM | CCM | Fold0 Foldl Fold2 Fold3 | Mean
675 734 665 616 | 673

v 699 742 683 639 | 69.1
v 719 747 698  63.0 | 699
' ' 735 759 711 649 | 714

Table 4. Ablation studies on general object mask in GOMM.

Fold0 Foldl Fold2 Fold3 | Mean
719 747 698 63.0 | 69.9

CAM 715 754 706 634 | 703
CAM + Mask 724 755 709 641 70.7
CAM + Atten 725 754 710 645 | 709

CAM + Mask + Atten | 73.5 759 71.1 649 | 714

and baseline model always falsely activate the irrelevant
background objects with the image-level correlation in spite
of the post-elimination, such as the person and chair in the
first row, the bed and chair in the second row, the motorcycle
and person in the third row, and the person in the last row.
Different from the BAM and baseline model, this irrelevant
information can be mined by the general object prototypes
in our model, as shown in the general object prediction M g
Then, by further establishing the object-level correlation be-
tween the support target feature and the query general object
feature, our OCNet accurately identifies the target object
while suppressing the irrelevant objects. Moreover, by com-
paring the results of M, and M, it can demonstrate that the
moderately uncompleted information favors the generaliza-
tion and reconstruction ability of general object prototypes.

5.3. Ablation Study

We conduct the ablation study with ResNet-50 backbone
under the 1-shot setting on the PASCAL-5? dataset.
Effect of GOMM and CCM. Table 3 reports the ablation
results regarding the effectiveness of the proposed General
Object Mining Module (GOMM) and Correlation Construc-
tion Module (CCM). The first line denotes the baseline result
(67.3%), where the baseline is established by the feature ex-
tractor and the decoder. As shown in Table 3, when integrat-
ing the GOMM into the baseline, class mloU significantly
increases by 1.8%. It proves that it is more effective to es-
tablish the correlation with the query general object feature
than the entire image feature. Besides, CCM exploits richer
support information and models a more suitable allocation
pattern compared to the dense global prototype compari-
son used in the baseline, resulting in a 2.6% improvement
in mloU (69.9% vs. 67.3%) .Finally, when both GOMM
and CCM are employed, the performance further improves
to 71.4% (an improvement of 4.1%), demonstrating the ef-
fectiveness of each module and the benefit of establishing
object-level correlations.
General Object Feature in GOMM. The general object
information generated by the GOMM is learned from three
components: CAM, high-level cosine similarity mask, and

Table 5. Ablation studies on different allocation methods in CCM.

Fold0 Foldl Fold2 Fold3 | Mean
699 742 683 639 | 69.1

Mean 717 755 696 644 | 703
Cosine 720 755 705 643 | 70.6
Fore 725 755 700  64.1 70.5

Fore + Back | 73.5 759 71.1 649 | 714

cross-attention. Table 4 presents our validation experiment
on the effectiveness of each component, where the first line
denotes only using CCM. As shown in the table, when we
integrate CAM to mine the general object information from
query images, the performance improves from 69.9% to
70.3%. This demonstrates that the object-level correlation is
effective, even using the incomplete and obscure object in-
formation. Then, the similarity mask and the cross-attention
are utilized to complement the object information lost by the
CAM, contributing to 0.4% and 0.6% performance gain, re-
spectively. Moreover, by integrating all the components, we
can obtain another 1.5% performance gain and improve the
result to 71.4%. Obviously, through learning the general ob-
ject prototypes from three components, GOMM effectively
mines rich and complete general object information to build
the object-level correlation.

Prototype Allocation in CCM. We apply several prototype
allocating methods in CCM and compare their performance
in Table 5 to explore their effectiveness in correlation con-
struction. The first line denotes only using GOMM. The
Mean denotes concatenating the global prototype and the
average of the remaining selected prototypes without any
allocation. In Cosine, the prototypes are allocated by the
cosine similarity. Fore and Back mean the foreground and
background prototypes are allocated by the supervision of
prototype allocating mask M,,. Compared with other meth-
ods (Mean and Cosine), our proposed M, (Fore+Back)
delivers the optimal allocation method for the prototype, ob-
taining 71.4% performance. Moreover, by comparing the
results from Fore and Fore+Back, we argue that the fore-
ground and background prototypes are complementary and
necessary in correlation construction.

6. Conclusion

In this paper, we propose a novel Object-level Correlation
Network (OCNet) to model the the query-support correlation
in the FSS from a new perspective. Instead of the previous
image-level correlation methods, our OCNet establishes the
object-level correlation between the support target objects
and the query general objects by mimicking the process of
biological vision. Target identification in the general objects
is more valid than in the entire image, especially in the
low-data regime. In this way, the query target object can
be accurately identified while the other irrelevant objects
are suppressed. Extensive experimental results demonstrate
the superiority of OCNet. In the future, we believe that it
is a promising direction to explore further possibilities of
object-level correlations in other few-shot scenarios.
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