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Abstract

Semi-Supervised Video Salient Object Detection (SS-VSOD) is challenging be-
cause of the lack of temporal information caused by sparse annotations in video
sequences. Most works address this problem by generating pseudo labels for unla-
beled data. However, error-prone pseudo labels negatively affect the VOSD model.
Therefore, a deeper insight into pseudo labels should be developed. In this work, we
aim to explore 1) how to utilize the incorrect predictions in pseudo labels to guide
the network to generate more robust pseudo labels and 2) how to further screen out
the noise that still exists in the improved pseudo labels. To this end, we propose an
Uncertainty-Guided Pseudo Label Generator (UGPLG), which makes full use of
inter-frame information to ensure the temporal consistency of the pseudo-labels
and improves the robustness of the pseudo labels by strengthening the learning of
difficult scenarios. Furthermore, we also introduce adversarial learning to address
the noise problems in pseudo labels, guaranteeing the positive guidance of pseudo
labels during model training. Experimental results demonstrate that our methods
outperform existing semi-supervised method and partial fully-supervised methods
across five public benchmarks of DAVIS, FBMS, MCL, ViSal, and SegTrack-V2.
Code and dataset are available at https://github.com/Lanezzz/UGPL.

1 Introduction

Video Salient Object Detection (VSOD) aims to locate and segment the objects people are most
interested in in the video consequence. With the increasing demand for video data processing,
research on VSOD has received increased attention. As a fundamental technique in computer vision,
many video-related applications adopt it as preprocessing to allocate more attention to salient regions,
such as video tracking [53] , video object segmentation [37], video action recognition [31]], video
captioning [41]].

Compared with still-image-based SOD tasks, VSOD is more challenging because the prediction of
salient objects in video is heavily dependent on temporal dynamics. In recent years, deep-learning-
based VSOD has achieved significant progress with the development of CNN. However, it is usually
expensive and difficult to label temporally consistent pixel-level annotations for videos. To reduce the
heavy efforts of labeling segmentation ground truth, numerous pseudo-label based semi-supervised
video methods [58| 13| [12]] are proposed. These works try to use limited, sparsely annotated ground-
truth labels to generate labels for unlabeled data through self-training or label propagation, to make
up for the lack of temporal information between sparsely annotated frames. Because video data has
much redundant information (et al., 24 fps in the DAVIS [43]] dataset), we believe using a small
amount of ground truth and large amounts of pseudo labels to supervise the model’s training tends to
be more efficient for VSOD.
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Figure 1: PL,,, and PLj_,, are the pseudo labels generated by the pseudo label generation network
in RCR [58]] for RGB;,, and RGBy,,, respectively. The areas corresponding to the red box is error-
prone. These four scenarios correspond to deformed objects, details of complex objects, interference
of similar objects, and blurred boundaries caused by fast motion.

Yan et al. [58] try to address semi-supervised VSOD by proposing a teacher network trained with
the sparsely sampled annotations (sample every n frames, n > 1) to generate pseudo labels for the
unlabeled data, which are involved in the subsequent training of the video saliency model with
manually annotated labels. Despite their great performance, further refinements for pseudo labels
should be concerned. We observe that pseudo labels tend to have obvious errors regarding difficult
scenarios, such as deformed objects, interference from similar objects, and complex contours(shown
in Fig.[I). Error-prone pseudo labels are usually detrimental to final detection. Inspired by these
observations, we think two key issues need to be considered: 1) How do we use the incorrect
information in pseudo labels to guide the pseudo labels generation network to generate more reliable
predictions in difficult scenarios. 2) How do we suppress the noise that still exists in pseudo labels
for further improving the video saliency model.

In this paper, we strive to overcome difficulties toward accurate semi-supervised VSOD. The primary
challenge toward this goal is to generate high-quality pseudo labels and avoid the interference of the
noise that still exists in the pseudo labels. The key aspect in the success of our method is to utilize the
erroneous prediction in pseudo labels to strengthen the robustness of the pseudo label generator and
formulate noise suppression as an adversarial learning problem. Concretely, our contributions are
threefold:

* We propose a pseudo label generator that is equipped with an Uncertainty-Aware Dual
Decoder Module(UADDM). It makes full use of the inter-frame information to locate the
salient objects in unlabeled frames, ensuring the temporal consistency of pseudo labels. To
our best knowledge, we first utilize the erroneous prediction in pseudo-labels to strengthen
the robustness of the pseudo-label generator by proposing UADDM in semi-supervised
VSOD.

* We introduce adversarial learning to learn the distribution of the sparsely labeled training
set, and the regions that do not conform to the ground truth distribution in pseudo labels can
be filtered out by the generative adversarial network.

* We conduct extensive experiments on 5 widely-used datasets and demonstrate that our
method outperforms existing semi-supervised VSOD method and partial fully-supervised
methods.

2 Related Work

2.1 Salient Object Detection

During the past decades, large amounts of conventional methods have been developed for SOD.
Early works [24! [2, [S9] mainly rely on intrinsic cues (e.g., color and texture) to extract saliency
features. However, because low-level features cannot capture rich contextual semantic information,
the application scenarios of these traditional methods are very limited. Later on, with the development
of deep learning techniques, deep-learning-based methods (et al., [15,16,156,145]19, 22} 163} 23] [21])
are dominant in this field, which can be divided into integration-based models and edge-based models.
Integration-based models aim to aggregate multi-scale features to leverage context information of
different levels. Hou er al. [15] introduce short connections by linking the deep layers towards
shallower ones to integrate features of different layers. Wu et al. [56] aggregate partial high-level
features to generate a coarse attention map to guide the network to output more accurate maps.



Edge-based models attempt to generate prediction maps with clear boundaries by making better
use of edge information. Qin et al. [45] Propose a hybrid loss that fuses BCE, SSIM, and IoU to
supervise the training process on pixel-level, patch-level, and map-level. Feng et al. [9] introduces
a boundary-enhanced loss as an assistant to learning exquisite object contours which saves the
post-processing operations to refine the boundaries. Wei et al. [54] design pixel position aware loss
to assign higher weights to edge positions which can help the network focus more on boundary
regions. More detailed descriptions of research in SOD field can be approached in related literatures
(50, 165} 19113011601 144 l611].

2.2 Video Salient Object Detection

Existing VSOD methods can be divided into two categories: conventional models and deep learning
models. Traditional methods rely on people’s prior knowledge to extract hand-crafted features, such
as color-contrast [34]], background prior [57] and morphology cues [46]. Because low-level features
have limited representational ability, these conventional methods are usually only suitable for specific
scenarios. With the development of CNN, deep-learning-based VOSD models have recently achieved
great success. Fan et al. 8] present a baseline model with a saliency-shift-aware convLSTM module to
progressively integrate temporal information. Li et al. [29] propose a dual-stream network to enhance
appearance features with motion features or motion saliency. Gu et al. [13]] design a 3D pyramid
constrained self-attention module to capture local motion cues of salient objects. Liu et al. [62]
proposes a dynamic context-sensitive filtering module to dynamically generate context-sensitive
convolution kernels and introduce a bidirectional fusion strategy to fuse spatial and temporal features.
However, the remarkable performance achieved by these methods relies on densely annotated video
datasets which cost considerable expense and time. Researchers explore addressing VSOD by using
weak supervision or semi-supervision to relieve the burden of handcrafted labeling. Zhao et al. [64]
designs multiple losses from the perspectives of boundary, structure, and front-background similarity
to learn SOD by using fixation guided scribble annotations. Yan ef al. [58]] proposes to utilize a
self-training method to generate pseudo labels to ease the effort of acquiring high-quality manually
annotated data.

2.3 Semi-supervised Semantic Segmentation

Existing semantic segmentation methods are also being actively explored to reduce the utilization
of large amounts of annotated data. There are two mainstream methods in Semi-supervised Image
Semantic Segmentation. The first is consistency regularization which applies different perturbation to
the same image and requires their predictions or intermediate features to be consistent [[10} 40, [25].
The second method is based on self-training [32, 38| [16]]. A teacher network is firstly trained with
a small number of ground truth labels and then the network is used to generate pseudo-labels for
unlabeled data. Finally, a student model is jointly trained with ground truth labels and pseudo-labels.

Due to the lack of strong data augmentation for video data, it is difficult to apply the consistency
regularization to video-related tasks. Current Semi-supervised Video Semantic Segmentation mainly
relys on self-training. Chen et al. [3]] train a teacher network to generate pseudo-labels for unlabeled
data and then train the student network with human-annotated labels and pseudo-labels iteratively.
Ganeshan et al. [12]] combines optical flow and the prediction of models to generate a coarse pseudo-
label, followed by a refine network to achieve better pseudo labels.

3 Our methods

3.1 Overview

To avoid low-quality pseudo labels that negatively affect VSOD, our method aims to progressively
enhance the quality of pseudo labels and strictly filter out the noise in pseudo labels: (shown in
Fig.2)) We propose an Uncertainty-Guided Pseudo Label Generator (UGPLG) which uses inter-
frame information to generate consecutive pseudo labels and enhances the learning of difficult
scenarios to further improve the robustness of pseudo labels. 2) We introduce adversarial learning for
noise suppression (NS-GAN) to screen out the regions in pseudo labels that do not conform to the
distribution of ground truth, making pseudo labels more reliable.
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Figure 2: The overall process of our method.

The proposed UGPLG (shown in Stage 1 of Fig. [2) follows the encoder-decoder architecture. The
sharing encoder is based on ResNet50 [14] with ASPP [4]]. It consists of a Cross-Frame Global
Matching Module (CFGMM) and an Uncertainty-Aware Dual Decoder Module (UADDM). CFGMM
aims to refer to the saliency cues in the same video to guarantee the temporal consistency of pseudo
labels. And UADDM aims to enhance the learning of uncertain regions in pseudo labels to improve
the robustness of pseudo labels. Equipped with the two modules, UGPLG can generate high-quality
pseudo labels for complex scenerios.

The proposed NS-GAN (shown in Stage 2 of Fig.[2) uses a video saliency model as the generator. In
the process of adversarial learning, the discriminator can accurately distinguish between the ground
truths and the predictions of the generator. Thus by using the discriminator to filter the noise for the
pseudo labels, the training process of the generator is free from the negative effects of noise.

3.2 Uncertainty-Guided Pseudo Label Generator

Cross-Frame Global Matching. Generating pseudo labels for unlabeled video data is very de-
pendent on temporal information because it contains motion cues and location information of the
salient objects. The generated pseudo labels are temporally inconsistent if temporal information is
not fully utilized. A straightforward utilization of temporal information [[11]] is computing the optical
flow to warp labels to the unlabeled frames. However, optical flow generated from [[17] [48]] usually
cannot accurately predict the geometric relationship between two frames within a long time interval.
Therefore, to model the long-term temporal relationship, we select inter-frame global matching which
can ignore time intervals to build a bridge for the saliency information propagation between labeled
frames and unlabeled frames.

The whole propagation process is divided into two steps. In the first step, shown as Stage 1 in Fig.
given two video frames I; and frame I, in the same video, F}; € RE*HW) and Fy, € RE*(HW
represent the corresponding features from the sharing encoder. We aim to compute the similarity
matrix S between F; and F},,, by leveraging the non-local [53]] mechanism:

S = (flat(Fy % Ly))"W flat(Fyy,,) € REW)I*HW) (1)

where W € RE*C means a weight matrix and flat means the operation of flatten. Then we
normalize S in a column-wise way with a softmax function:

5¢ = softmax(S) € REWI*HW), 2)



Each column of the matrix S represents the relevance between a position on the unlabeled frame and
each position on the salient regions of the labeled frame. In the second step, we aim to find out the
features in Fy,, that are most correlated to salient objects in F}. The transposed F} is multiplied by

the similarity matrix .S, and we can get the warped feature F},, propagated from Fy,
ﬁt+n == FtTSc S RCX(HW). (3)

Each element of F; ++n, represents the sum of the similarity of all positions on F} and current position

on Iy ,,. By concatenating I}, and F};,, we can achieve F's, ., which not only retains the spatial
information of current frame but also integrates the prior information about salient objects of other
frames in the same video. In this way, our UGPLG can generate temporally consistent pseudo labels.

Fruse = [Fyin, Frin) € REOXHEW), 4

where [ -, - ] means concatenation operation.

Uncertainty-aware Dual Decoder. Since conventional pseudo label generators are difficult to
make accurate predictions in difficult scenarios, to achieve robust pseudo labels, we design an
Uncertainty-Aware Dual Decoder Module (UADDM) to detect and utilize the uncertain regions in
pseudo labels to improve the performance of UGPLG. During training, when we feed the temporally
enhanced feature Fy, . to the UADDM, the auxiliary decoder makes a coarse prediction for I;,,
and it is supervised by L ,,:

lauz = lbce(Aux(Ffuse)a Lt+7z) S ]RHXW; (5)

where Aux(-) means the auxiliary decoder and L, ,, means the label of I;,,. Due to the lack of
a superior training strategy, the prediction map of the auxiliary decoder often has obvious errors
regarding difficult scenarios. When a certain position of [, is greater than a fixed value, we consider
the auxiliary decoder’s prediction for that position to be uncertain. Since the structure of the main
decoder is exactly the same as that of the auxiliary decoder, the prediction error of the auxiliary
decoder in difficult scenarios has a great probability to occur on the main decoder. We assign a higher
weight to the uncertain regions the auxiliary decoder predicts to guide the main decoder to train the
network to generate more robust pseudo-labels.

weight = 1+ a % Wlaue > Tioss) € R, (6)

lmain = U)@’Lght * (Zbce(Main(Ffuse)a Lt-i—n) + liou(Main(Ffuse)a Lt—i—n))7 (7)
where I(-) is the indicator function, and M ain(-) means main decoder. T}, is a fixed threshold
which is empirically set as 0.3, and « is empirically set as 5. Thus, the pseudo labels generated by
UGPLG can be more robust. As training goes on, the ability of the auxiliary decoder is gradually
improved, the number of erroneous predictions is gradually reduced, and the uncertain areas also
gradually shrink. Therefore the auxiliary decoder can better guide the main decoder to pay more
attention to the real complex scenarios. It is noted that the auxiliary decoder is used only in the
training stage. Apart from the standard BCELoss, we also introduce IoU loss to enable the model to
focus on global structure. Iy, and ;,,, are defined as:

HW HW
lpce = — Z Z(L(x, y)log(P(z,y)) + (1 — L(z,y))log(1 — P(z,y))), )
HW —HW
liau -1 Zm:l Zy:l L(l‘,y)P(.I,y) (9)

T HW —HW ’

szl Zy:l L($,y) + P(x,y) - L(l’,y)P({E,y)
where (x,y) means the location of the pixel, H, W means the height and width, P(-) means the
prediction of the model, and L(-) means ground truth.

3.3 Adversarial Learning for noise suppression

Generative Adversarial Network. To further improve the reliability of pseudo labels, we propose
a GAN-based noise suppression mechanism to filter out the regions that do not conform to the
distribution of ground truth. The generator is trained to confuse the discriminator so that the
distribution of the generator can be closer to the ground truth distribution. Correspondingly, in the
process of adversarial learning, the ability of the discriminator also becomes stronger. In that case, the
discriminator can accurately identify the noise that still exists in the pseudo labels. By suppressing
the noise, we can ensure that pseudo labels are always providing positive guidance to the generator.
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complementary, the fused features of the aggregation branch retain both local detailed information
and global structural information. The generator takes both labeled and unlabeled data as input and
outputs the predictions of the three branches. The encoder of each symmetrical branch is based on
ResNet50 [[14] with ASPP [4]]. The decoder of the symmetrical branch consists of three convolutional
layers, and the decoder of the aggregation branch has one more than that of the symmetrical branch.
Similar to [16], our discriminator network is based on FCN [335]]. It takes the prediction maps of the
saliency model or ground truth labels as input and then outputs a probability map of size H x W x 1.

Training with labeled data. The generator and the discriminator are alternately trained on labeled
data. For the training of the discriminator. We minimize the loss using:

lD = lbce<D(Gfuse<Il7 Ol)); MO) + lbce(D(}/lL M1)7 (]0)

where G pysc(+) is the output of the aggregation branch in the saliency model, MO0 is an all-zero
matrix and M1 is an all-one matrix. I;, Oy, and Y; are the image, optical flow, and ground truth of the
labeled frame, respectively. When the input is from ground truth, the discriminator output an all-one
map, and when the input comes from the prediction map of the generator, the discriminator output an
all-zero map.

To enable the generator to generate prediction maps with the similar distribution as ground truth,
Grgv(+)s Gopt(+), Gfuse(-) are all supervised by standard BCEloss, and G fysc(-) is additionally
supervised by the adversarial loss /,4,,. The total loss of the generator supervised by labeled data I,
is defined as:

ZGL = lbce(Grgb(Il)y )/l) + 5(lbce(Gopt(Ol)a 1/l)) + lbce(Gfuse(Ily Ol)y )/l)a (11)

Where § is a hyperparameter with its value of 0.2, and G45(:), Gopt(-) mean the prediction map of
RGB branch, Optical Flow branch, respectively. {4, is defined as:

lado = = ) 10g(D(Guse (I, O1)))- (12)

With [, 4, , the generator is trained to confuse the discriminator by maximizing the probability of the
confidence map. Then the distribution of the prediction output by the generator gets closer to the
distribution of ground truth.

Training with unlabeled data. Before using pseudo labels for supervised training, to avoid noise
providing wrong guidance to the saliency model, we need to filter out the noise in pseudo labels at
first. We feed the pseudo labels to the discriminator and obtain the corresponding confidence maps.
Then the confidence map D(PL, )is directly used as the weight of /gy which is the total loss of the
generator supervised by unlabeled data:

lGU = D(PLu) * (lbce(Grgb(Iu)7 PLu) + 5(lbce(Gopt(Ou)a PLu)) + lbce(Gfuse(Iua Ou)a PLu))7 (13)

Where the 4 is the same as in Eq. Iy, Oy, and PL,, are the image, optical flow, and pseudo label
of the unlabeled frame, respectively. Because the weights of the noisy regions are very small, the
noisy regions have little effect on the loss [y, thus avoiding the model learning from the noise in the
pseudo-labels, ensuring the stability of saliency model training and helping the model to converge
better. At last, the total loss of the generator is composed of the three types of loss:

la =lgr + lagw +lgu. (14)



4 Experiments

4.1 Datasets

To evaluate the performance of our method, we conduct experiments on five widely-used VSOD
datasets for fair comparisons. DAVIS [43] is the most popular VSOD dataset, with 50 high-quality
fully annotated video sequences. The whole dataset is split into 30 sequences (2079 frames) for
training and 20 sequences (1376 frames) for testing. FBMS [39] includes 59 natural video sequences
which contains 13860 frames while only 780 of them are sparsely annotated. The whole dataset is
split into 29 sequences (353 frames) for training and 30 sequences (720 frames) for testing. ViSal [51]]
is the first specially collected dataset for VSOD. It contains 17 video sequences with 193 sparsely
annotated frames. MCL [26] includes 9 video sequences about objects with fast movement. There
are total 463 sparsely annotated frames. SegTrack-V2 [27] is the earliest VOS dataset which contains
13 videos, with a total of 1025 annotated frames.

4.2 Experimental Setup

Evaluation Metrics. We use three universally-agreed criterions to evaluate our results, ¢.e., mean
absolute error (MAE) [42], max F-measure (F' é”‘”) [1] and structure-measure (S,,) [7].

Implementation Details. Our network is implemented on the Pytorch framework with 4 x GTX
1080Ti GPU and it is also adapted to the MindSpore framework of Huawei with an Ascend-910. We
choose the train set of DAVIS and FBMS as our training set to train both Uncertainty-Guided Pseudo
Label Generator (UGPLG) and Noise-Suppressed Generative Adversarial Network (NS-GAN). For
the training of UGPLG, the initial learning rate is set as 0.005 and decays 0.1 times every 25 epochs
with a batch size of 8. For the training of NS-GAN, the initial learning rate is set as 0.015 and
decays 0.1 times every 20 epochs. Images are uniformly resized to 448 x 448. We adopt an SGD
optimizer in which the momentum and weight decay are set to 0.9, Se-4. In the pre-train phase for
NS-GAN, we pretrain the RGB branch on DUTS [49] which is a commonly used static-image SOD
dataset. The initial learning rate is set as 0.01 and decays 0.1 times every 30 epochs.

Table 1: Quantitative comparisons of S,, Fz"** and MAE on five widely-used VSOD datasets. The
best three results are shown in boldface, red, and blue fonts respectively. * means conventional
methods. - means no available results. T means semi-supervised methods.

DAVIS FBMS ViSal MCL SegTrack-V2
Methods S, 1 F‘érrru' + MAE| S, % F;mu‘ 1+ MAE| S, 1 F;!I{L!! 1 MAE| S, 1 E;‘mu 1+ MAE| S, 1 Fé”“' 1+ MAE]

SGSP*  0.692 0.655 0.138 0.661 0.630 0.172 0.706 0.677 0.165 0.670 0.605 0.102 0.681 0.673 0.124
SCOM* 0.832 0.783 0.048 0.794 0.797 0.079 0.762 0.831 0.122 0.569 0.422 0.204 0.815 0.764 0.030

SCNN 0.783 0.714 0.064 0.794 0.762 0.095 0.847 0.831 0.071 0.730 0.628 0.054

DLVS  0.794 0.708 0.061 0.794 0.759 0.091 0.881 0.852 0.048 0.682 0.551 0.060

FGRN  0.838 0.783 0.043 0.809 0.767 0.088 0.861 0.848 0.045 0.709 0.625 0.044 - - -
SSAV  0.893 0.861 0.028 0.879 0.865 0.040 0.943 0.939 0.020 0.819 0.773 0.026 0.851 0.801 0.023
PCSA 0902 0.880 0.022 0.868 0.837 0.040 0.946 0.940 0.017 - - - 0.865 0.810 0.025
FDS 0922 0.912 0.020 0.888 0.875 0.041 0.903 0.869 0.029 0.866 0.823 0.024 0.849 0.773 0.028
DCF 0914 0900 0.016 0.873 0.840 0.039 0952 0.953 0.010 0.767 0.713 0.028 0.883 0.839 0.015

RCR}  0.886 0.848 0.027 0.872 0.859 0.053 0.922 0.906 0.026 0.820 0.742 0.028 0.842 0.781 0.035
Ourst 0914 0.900 0.019 0.899 0.892 0.027 0930 0.926 0.019 0.860 0.822 0.018 0.844 0.778 0.027

4.3 Comparison with State-of-the-Art

As shown in Table. [T, we compare Taple 2: Quantitative comparisons with the number
our methods with two conventional video  of training data used by state-of-the-art method DCF.
salient object methods (remarked with The colummn Total calculates the sum of training

*): SGSP [33]", SCOM [5]", and eight video frames. T means semi-supervised methods.
deep-learning based methods: SCNN [47]],

DLVS [52], FGRN [28], SSAV [Bl, “Model Video Total

PCSA [13], FDS [18], DCF [62], RCR [58].
To guarantee fair comparisons, we utilize DCF DAVSOD + DAVIS + VOS 11.5K

the widely-used evaluation code provided by ~ RCRf  20%(DAVIS + FBMS + VOS) 1406

[8]. First, compared to the existing Semi- Ourst 10%(DAVIVS) + FBMS 568
Supervised VSOD method RCR, our method
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Figure 4: Qualitative comparisons of state-of-the-art methods. The ground truth (GT) is shown in
the foremost column. The prediction map generated by our model in some difficult scenarios can
approach or even exceed fully supervised methods.

significantly outperforms them on all datasets.

Specifically, our method improves the MAE by 29.6%, 49.1%, 26.9%, 35.7% on DAVIS, FBMS,
ViSal, and SegTrack-V2, respectively, using only 40% of their labeled data (568 versus 1406, shown
in Table. [2). Second, compared to the fully supervised methods, our method achieves state-of-the-art
on FBMS dataset, and achieves 98.7%, 97.2%, 99.9% and 92.7% of the SOTA accuracy on Fg“”
on DAVIS, ViSal, MCL and SegTrack-V2, respectively. Despite our great performance, the number
of ground truths we use is only 5% of current state-of-the-art fully-supervised methods. Finally,
Fig. @ shows visual comparisons to demonstrate the effectiveness of our proposed method to deal
with complex scenarios, such as interference of complex background objects (15 and 2"? rows),
similar foreground and background (3"¢ and 4! rows) and multiple objects (5" and 6" rows). In
these complex cases, it can be observed that our saliency model generalizes better than most VSOD
models, which proves that our method can help the network to generate more robust predictions in a
variety of complex scenarios.

4.4 Ablation Studies

The Effectiveness of UGPLG. Uncertainty-Guided Pseudo Label Generator (UGPLG) consists
of Cross-Frame Global Matching Module(CFGMM) and Uncertainty-Aware Dual Decoder Module
(UADDM), aiming to generate high-quality pseudo labels to guide the training of the saliency model.
We perform abundant experiments to validate the effectiveness of each component of UGPLG. As
shown in Table. |4} case (1) refers to our baseline model which only retrains the encoder and the main
decoder in UGPLG, and the generator in NS-GAN.

First, compared to the baseline, case (3) Table 3: Quantitative comparisons on the quality of
equips with CFGMM additionally. The great the pseudo labels generated for the training set of
performance improvement achieved in case DAVIS.

(3) powerfully demonstrates the effectiveness

ne UGPLG DAVIS,rain

of CFGMM. To further prove the effec.twlty Case CFGMM-O CFGMM UADDM S.1 FJ | MAE,

of CFGMM on introducing temporal infor-  — - - - 097 0927 0016

mation, we propose case (2) by removing %) v - - 0943 0931 0015
; i 3 v - 0952 0942 0012

the reference to the adjacent ground truth in P Y Y 0o% 0951 0007

CFGMM. Compared to case (3), case (2) en-
counters obvious performance degradation
which demonstrates that our CFGMM can effectively utilize inter-frame information to generate
high-quality pseudo labels. Second, to prove the effect of UADDM on strengthening the learning
of difficult scenarios, we add UADDM (denoted as case (4)) based on case (3). Compared to case
(3), the performance improves by 14% and 15% on DAVIS and MCL respectively in terms of MAE.
Moreover, we directly test the performance of pseudo labels on the DAVIS dataset, shown in Table.
Specifically, we train case (1) to case (4) with 10% of the ground truth in DAVIS and then generate
pseudo-labels for the remaining 90% of the dataset. The experimental results show that the modules
in UGPLG can gradually improve the performance of pseudo labels, finally reaching an impressive
performance of 0.007 on MAE. At last, we provide the corresponding visualization results in Fig. [5]
It can be found that the pseudo labels are getting more consistent temporally. The boundaries of the
pseudo labels are getting clearer and the content of salient objects is getting more complete.
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Figure 5: Case (2) to case (4) represent the pseudo labels generated by case (2) to case (4). Case (6a)
and case (6b) are the confidence maps generated for case (4) by the discriminator of NS-GAN in the
early and middle stages of training process, respectively.

Table 4: Quantitative comparisons of the performance of our method on the DAVIS and MCL datasets.

UGPLG NS-GAN DAVIS MCL

Case CFGMM-O CFGMM UADDM GAN NS MAE| S,1 Fj“ 1 MAE| S,1 Fj“1
(1 - - - - - 0031 0900 0.887 0.027 0.839 0.803
) v - - - - 0030 0902 0.887 0.027 0.842 0.807
?3) - v - - - 0028 0907 0.892 0.026 0.848 0.803
) - v v - - 0024 0909 0.888 0.022 0.854 0.805
(5) - v v v - 0019 0910 0894 0019 0.860 0.815
(6) - v v v v 0019 0914 0900 0.018 0.860 0.822

The Effectiveness of NS-GAN. To highlight the importance of the noise suppression mechanism,
we conduct a comparative experiment between an ordinary GAN [36] (denoted as case (5)) and NS-
GAN (denoted as case (6)), shown in Table. EI It can be observed that under the condition that case
(5) has achieved a great performance, our NS-GAN still creates a further performance improvement
which demonstrates the effectiveness of further suppressing the noise of high-quality pseudo labels.
Case (6a) and case (6b) in Fig. |§] show the confidence maps generated by the discriminator at different
training stages for case (4). As the training process goes on, the discriminator can accurately identify
noise areas, ensuring that pseudo labels always provide positive guidance to the saliency model.

The Effectiveness of Multiple Output Table 5: The utility of all output streams.
Streams. To explore the importance
of all output streams in the generator, DAVIS MCL

we compare the performance differences Cfg  Sa® Fg"1 MAE] S.1 Fg"*1 MAE]
of supervised training under four output F 0.867 0.834  0.043 0821 0748  0.038
Conﬁgurations’ shown in Table. @ F, R’ RF 0.874 0.843 0.039  0.830 0.772 0.027
O are fused features branch, rgb features
branch, and flow features branch, corre-
sponding to Fuse pred, RGB pred, OPT
pred in Fig. [3]of the paper, respectively. The training set is 20% of annotated frames. As we can see
that the outputs we employ for the generator help the model achieve the best performance.

Different Ratios of Ground Truth to Pseudo Labels. We set up multiple comparative experiments
to verify the effectiveness of our method on different ratios of ground truths (GT) to pseudo labels (PL).
Table. [6] shows that in all three configurations, our method using 50% pseudo labels already achieves
the results that are comparable to the fully-supervised VSOD methods, which fully demonstrates
the superiority of our method. Finally, since the training time with 90% pseudo-labels is more than
double that with 50% pseudo labels and considering the trade-off between performance and training
time, we chose the configuration M using 50% pseudo labels as our final configuration.



Table 6: Quantitative comparisons on different ratios of GT to PL. The best three results are shown
in boldface, red, and blue fonts, respectively. The configuration S contains 5% GT of DAVIS and
50% GT of FBMS. The configuration M contains 10% GT of DAVIS and 100% GT of FBMS. The
configuration L contains 30% GT of DAVIS and 100% GT of FBMS. We generate pseudo labels
for all unused data in DAVIS and FBMS. All proportional experiments are divided according to the
proportion of the pseudo labels for training. All experiments involving pseudo labels are equipped
with noise suppression strategy. GT means ground truth and PL. means pseudo labels.

S M L
Dataset Metrics 0% 20%  50% 100% 0% 20%  50% 100% 0% 20%  50%  100%
Se T 0873 0.899 0911 0911 0880 0902 0914 0910 0.894 0903 0915 0918

DAVIS  Fg'e® 1 0.847 0.880 0.895 0.901 0.851 0.882 0900 0.895 0.867 0.878 0.901 0.905
MAE| 0.040 0.022 0.019 0.018 0.034 0.023 0.019 0.020 0.032 0.023 0.018 0.018

SeT 0870 0.885 0.893 0.897 0.887 0.889 0.889 0.892 0.885 0.891 0.896 0.891
FBMS  Fj et 0.860 0.880 0.890 0.893 0873 0879 0892 0.894 0877 0.881 0.901 0.893
MAE] 0.054 0.034 0.030 0.028 0.043 0.032 0.027 0.031 0.041 0.032 0.031 0.032

5 Conclusion

In this paper, we strive to face the challenge of error-prone pseudo labels are usually detrimental to
final detection. We propose an Uncertainty-Guided Pseudo Label Generator, which makes full use of
temporal information to generate temporally consistent pseudo labels, and enhances the learning of
uncertain regions to improve the robustness of pseudo labels. To screen out the noise that still exists in
the pseudo labels, we further propose an adversarial learning strategy for noise suppression to ensure
that the pseudo labels can always guide the network positively. Experimental results demonstrate that
our method outperforms the existing semi-supervised VSOD method and partial fully-supervised
VSOD model while using only 5% labeled data used by the SOTA fully-supervised methods.

Acknowledgements. This work was supported by the National Natural Science Foundation of
China (62172070 and 61976035), the Central Government Guided Local Science and Technology
Development Funds of Liaoning Province (2022JH6/100100028), the Natural Science Foundation of
Liaoning Province (2021-MS-123), and CAAI-Huawei MindSpore open fund (CAAIXSJLJJ-2022-
014C).

References

[1] Radhakrishna Achanta, Sheila Hemami, Francisco Estrada, and Sabine Susstrunk. Frequency-tuned salient
region detection. In Conference on Computer Vision and Pattern Recognition (CVPR), pages 1597-1604.
1IEEE, 2009.

[2] Ali Borji and Laurent Itti. Exploiting local and global patch rarities for saliency detection. In Conference
on Computer Vision and Pattern Recognition (CVPR), pages 478-485. IEEE, 2012.

[3] Liang-Chieh Chen, Raphael Gontijo Lopes, Bowen Cheng, Maxwell D Collins, Ekin D Cubuk, Barret
Zoph, Hartwig Adam, and Jonathon Shlens. Naive-student: Leveraging semi-supervised learning in video
sequences for urban scene segmentation. In European Conference on Computer Vision (ECCV), pages
695-714. Springer, 2020.

[4] Liang-Chieh Chen, George Papandreou, Iasonas Kokkinos, Kevin Murphy, and Alan L Yuille. Deeplab:
Semantic image segmentation with deep convolutional nets, atrous convolution, and fully connected crfs.
IEEE transactions on pattern analysis and machine intelligence (TPAMI), 40(4):834-848, 2017.

[5] Yuhuan Chen, Wenbin Zou, Yi Tang, Xia Li, Chen Xu, and Nikos Komodakis. Scom: Spatiotemporal
constrained optimization for salient object detection. IEEE Transactions on Image Processing (TIP),
27(7):3345-3357, 2018.

[6] Zijun Deng, Xiaowei Hu, Lei Zhu, Xuemiao Xu, Jing Qin, Guogiang Han, and Pheng-Ann Heng. R3net:
Recurrent residual refinement network for saliency detection. In Proceedings of the 27th International
Joint Conference on Artificial Intelligence (AAAI), pages 684—690. AAAI Press Menlo Park, CA, USA,
2018.

[7] Deng-Ping Fan, Ming-Ming Cheng, Yun Liu, Tao Li, and Ali Borji. Structure-measure: A new way to
evaluate foreground maps. In International Conference on Computer Vision (ICCV), pages 4548-4557,
2017.



(8]

(9]

(10]

(11]

(12]

[13]

(14]

(15]

[16]

(17]

(18]

(19]

[20]

[21]

[22]

(23]

[24]

[25]

(26]

Deng-Ping Fan, Wenguan Wang, Ming-Ming Cheng, and Jianbing Shen. Shifting more attention to video
salient object detection. In Conference on Computer Vision and Pattern Recognition (CVPR), pages
8554-8564, 2019.

Mengyang Feng, Huchuan Lu, and Errui Ding. Attentive feedback network for boundary-aware salient
object detection. In Conference on Computer Vision and Pattern Recognition (CVPR), pages 16231632,
2019.

Geoff French, Timo Aila, Samuli Laine, Michal Mackiewicz, and Graham Finlayson. Semi-supervised
semantic segmentation needs strong, high-dimensional perturbations. 2019.

Raghudeep Gadde, Varun Jampani, and Peter V Gehler. Semantic video cnns through representation
warping. In International Conference on Computer Vision (ICCV), pages 4453-4462, 2017.

Aditya Ganeshan, Alexis Vallet, Yasunori Kudo, Shin-ichi Maeda, Tommi Kerola, Rares Ambrus, Dennis
Park, and Adrien Gaidon. Warp-refine propagation: Semi-supervised auto-labeling via cycle-consistency.
In International Conference on Computer Vision (ICCV), pages 15499-15509, 2021.

Yuchao Gu, Lijuan Wang, Zigin Wang, Yun Liu, Ming-Ming Cheng, and Shao-Ping Lu. Pyramid
constrained self-attention network for fast video salient object detection. In Proceedings of the AAAI
conference on artificial intelligence (AAAI), volume 34, pages 10869-10876, 2020.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recognition.
In Conference on Computer Vision and Pattern Recognition (CVPR), pages 770-778, 2016.

Qibin Hou, Ming-Ming Cheng, Xiaowei Hu, Ali Borji, Zhuowen Tu, and Philip HS Torr. Deeply supervised
salient object detection with short connections. In Conference on Computer Vision and Pattern Recognition
(CVPR), pages 3203-3212, 2017.

Wei-Chih Hung, Yi-Hsuan Tsai, Yan-Ting Liou, Yen-Yu Lin, and Ming-Hsuan Yang. Adversarial learning
for semi-supervised semantic segmentation. arXiv preprint arXiv:1802.07934, 2018.

Eddy Ilg, Nikolaus Mayer, Tonmoy Saikia, Margret Keuper, Alexey Dosovitskiy, and Thomas Brox.
Flownet 2.0: Evolution of optical flow estimation with deep networks. In Conference on Computer Vision
and Pattern Recognition (CVPR), pages 2462-2470, 2017.

Ge-Peng Ji, Keren Fu, Zhe Wu, Deng-Ping Fan, Jianbing Shen, and Ling Shao. Full-duplex strategy for
video object segmentation. In International Conference on Computer Vision (ICCV), pages 4922-4933,
2021.

Wei Ji, Jingjing Li, Qi Bi, Chuan Guo, Jie Liu, and Li Cheng. Promoting saliency from depth: Deep
unsupervised rgb-d saliency detection. In International Conference on Learning Representations (ICLR),
2022.

Wei Ji, Jingjing Li, Shuang Yu, Miao Zhang, Yongri Piao, Shunyu Yao, Qi Bi, Kai Ma, Yefeng Zheng,
Huchuan Lu, et al. Calibrated rgb-d salient object detection. In Conference on Computer Vision and
Pattern Recognition (CVPR), pages 9471-9481, 2021.

Wei Ji, Jingjing Li, Miao Zhang, Yongri Piao, and Huchuan Lu. Accurate RGB-D salient object detection
via collaborative learning. In European Conference on Computer Vision (ECCV), pages 52-69, 2020.

Wei Ji, Ge Yan, Jingjing Li, Yongri Piao, Shunyu Yao, Miao Zhang, Li Cheng, and Huchuan Lu. Dmra:
Depth-induced multi-scale recurrent attention network for rgb-d saliency detection. IEEE Transactions on
Image Processing (TIP), 31:2321-2336, 2022.

Wei Ji, Shuang Yu, Junde Wu, Kai Ma, Cheng Bian, Qi Bi, Jingjing Li, Hanruo Liu, Li Cheng, and
Yefeng Zheng. Learning calibrated medical image segmentation via multi-rater agreement modeling. In
Conference on Computer Vision and Pattern Recognition (CVPR), pages 12341-12351, 2021.

Huaizu Jiang, Jingdong Wang, Zejian Yuan, Yang Wu, Nanning Zheng, and Shipeng Li. Salient object
detection: A discriminative regional feature integration approach. In Conference on Computer Vision and
Pattern Recognition (CVPR), pages 2083-2090, 2013.

Zhanghan Ke, Daoye Wang, Qiong Yan, Jimmy Ren, and Rynson WH Lau. Dual student: Breaking the
limits of the teacher in semi-supervised learning. In International Conference on Computer Vision (ICCV),
pages 6728-6736, 2019.

Hansang Kim, Youngbae Kim, Jae-Young Sim, and Chang-Su Kim. Spatiotemporal saliency detection
for video sequences based on random walk with restart. [EEE Transactions on Image Processing (TIP),
24(8):2552-2564, 2015.



[27]

(28]

(29]

(30]

(31]

(32]

(33]

[34]

[35]

(36]

(371

(38]

(39]

[40]

[41]

(42]

[43]

[44]

[45]

Fuxin Li, Taeyoung Kim, Ahmad Humayun, David Tsai, and James M Rehg. Video segmentation by
tracking many figure-ground segments. In International Conference on Computer Vision (ICCV), pages
2192-2199, 2013.

Guanbin Li, Yuan Xie, Tianhao Wei, Keze Wang, and Liang Lin. Flow guided recurrent neural encoder for
video salient object detection. In Conference on Computer Vision and Pattern Recognition (CVPR), pages
3243-3252, 2018.

Haofeng Li, Guanqgi Chen, Guanbin Li, and Yizhou Yu. Motion guided attention for video salient object
detection. In International Conference on Computer Vision (ICCV), pages 7274-7283, 2019.

Jingjing Li, Wei Ji, Qi Bi, Cheng Yan, Miao Zhang, Yongri Piao, Huchuan Lu, and Li Cheng. Joint
semantic mining for weakly supervised RGB-d salient object detection. In Advances in Neural Information
Processing Systems (NeurIPS), 2021.

Jingjing Li, Tianyu Yang, Wei Ji, Jue Wang, and Li Cheng. Exploring denoised cross-video contrast
for weakly-supervised temporal action localization. In Conference on Computer Vision and Pattern
Recognition (CVPR), pages 19914-19924, June 2022.

Yunsheng Li, Lu Yuan, and Nuno Vasconcelos. Bidirectional learning for domain adaptation of semantic
segmentation. In Conference on Computer Vision and Pattern Recognition (CVPR), pages 6936-6945,
2019.

Zhi Liu, Junhao Li, Linwei Ye, Guangling Sun, and Liquan Shen. Saliency detection for unconstrained
videos using superpixel-level graph and spatiotemporal propagation. /EEE transactions on circuits and
systems for video technology, 27(12):2527-2542, 2016.

Zhi Liu, Xiang Zhang, Shuhua Luo, and Olivier Le Meur. Superpixel-based spatiotemporal saliency
detection. IEEE transactions on circuits and systems for video technology, 24(9):1522-1540, 2014.

Jonathan Long, Evan Shelhamer, and Trevor Darrell. Fully convolutional networks for semantic seg-
mentation. In Conference on Computer Vision and Pattern Recognition (CVPR), pages 3431-3440,
2015.

Pauline Luc, Camille Couprie, Soumith Chintala, and Jakob Verbeek. Semantic segmentation using
adversarial networks. In NIPS Workshop on Adversarial Training, 2016.

Dwarikanath Mahapatra, Syed Omer Gilani, and Mukesh Kumar Saini. Coherency based spatio-temporal
saliency detection for video object segmentation. IEEE Journal of Selected Topics in Signal Processing,
8(3):454-462, 2014.

Sudhanshu Mittal, Maxim Tatarchenko, and Thomas Brox. Semi-supervised semantic segmentation with
high-and low-level consistency. /EEE transactions on pattern analysis and machine intelligence(TPAMI),
43(4):1369-1379, 2019.

Peter Ochs, Jitendra Malik, and Thomas Brox. Segmentation of moving objects by long term video analysis.
IEEE transactions on pattern analysis and machine intelligence (TPAMI), 36(6):1187-1200, 2013.

Y. Ouali, C. Hudelot, and M. Tami. Semi-supervised semantic segmentation with cross-consistency training.
In In Conference on Computer Vision and Pattern Recognition (CVPR), 2020.

Yingwei Pan, Ting Yao, Hougiang Li, and Tao Mei. Video captioning with transferred semantic attributes.
In Conference on Computer Vision and Pattern Recognition (CVPR), pages 6504—-6512, 2017.

Federico Perazzi, Philipp Kréhenbiihl, Yael Pritch, and Alexander Hornung. Saliency filters: Contrast
based filtering for salient region detection. In Conference on Computer Vision and Pattern Recognition
(CVPR), pages 733-740. IEEE, 2012.

Federico Perazzi, Jordi Pont-Tuset, Brian McWilliams, Luc Van Gool, Markus Gross, and Alexander
Sorkine-Hornung. A benchmark dataset and evaluation methodology for video object segmentation. In
Conference on Computer Vision and Pattern Recognition (CVPR), pages 724-732, 2016.

Yongri Piao, Wei Ji, Jingjing Li, Miao Zhang, and Huchuan Lu. Depth-induced multi-scale recurrent
attention network for saliency detection. In International Conference on Computer Vision (ICCV), pages
7254-7263, 2019.

Xuebin Qin, Zichen Zhang, Chenyang Huang, Chao Gao, Masood Dehghan, and Martin Jagersand. Basnet:
Boundary-aware salient object detection. In Conference on Computer Vision and Pattern Recognition
(CVPR), pages 7479-7489, 2019.



[46]

[47]

(48]

[49]

(50]

[51]

[52]

(53]

[54]

[55]

[56]

[57]

(58]

(591

(60]

[61]

[62]

[63]

[64]

[65]

Esa Rahtu, Juho Kannala, Mikko Salo, and Janne Heikkild. Segmenting salient objects from images and
videos. In European Conference on Computer Vision (ECCV), pages 366—379. Springer, 2010.

Yi Tang, Wenbin Zou, Zhi Jin, Yuhuan Chen, Yang Hua, and Xia Li. Weakly supervised salient object
detection with spatiotemporal cascade neural networks. /IEEE Transactions on Circuits and Systems for
Video Technology, 29(7):1973-1984, 2018.

Zachary Teed and Jia Deng. Raft: Recurrent all-pairs field transforms for optical flow. In European
Conference on Computer Vision (ECCV), pages 402-419. Springer, 2020.

Lijun Wang, Huchuan Lu, Yifan Wang, Mengyang Feng, Dong Wang, Baocai Yin, and Xiang Ruan.
Learning to detect salient objects with image-level supervision. In Conference on Computer Vision and
Pattern Recognition (CVPR), pages 136-145, 2017.

Wenguan Wang, Qiuxia Lai, Huazhu Fu, Jianbing Shen, Haibin Ling, and Ruigang Yang. Salient object
detection in the deep learning era: An in-depth survey. IEEE Transactions on Pattern Analysis and Machine
Intelligence (TPAMI), 44(6):3239-3259, 2021.

Wenguan Wang, Jianbing Shen, and Ling Shao. Consistent video saliency using local gradient flow
optimization and global refinement. /EEE Transactions on Image Processing (TIP), 24(11):4185-4196,
2015.

Wenguan Wang, Jianbing Shen, and Ling Shao. Video salient object detection via fully convolutional
networks. IEEE Transactions on Image Processing (TIP), 27(1):38-49, 2017.

Xiaolong Wang, Ross Girshick, Abhinav Gupta, and Kaiming He. Non-local neural networks. In
Conference on Computer Vision and Pattern Recognition (CVPR), pages 7794-7803, 2018.

Jun Wei, Shuhui Wang, and Qingming Huang. F®net: fusion, feedback and focus for salient object
detection. In Proceedings of the AAAI Conference on Artificial Intelligence (AAAI), volume 34, pages
12321-12328, 2020.

Hefeng Wu, Guanbin Li, and Xiaonan Luo. Weighted attentional blocks for probabilistic object tracking.
The Visual Computer, 30(2):229-243, 2014.

Zhe Wu, Li Su, and Qingming Huang. Cascaded partial decoder for fast and accurate salient object
detection. In Conference on Computer Vision and Pattern Recognition (CVPR), pages 3907-3916, 2019.

Tao Xi, Wei Zhao, Han Wang, and Weisi Lin. Salient object detection with spatiotemporal background
priors for video. IEEE Transactions on Image Processing (TIP), 26(7):3425-3436, 2016.

Pengxiang Yan, Guanbin Li, Yuan Xie, Zhen Li, Chuan Wang, Tianshui Chen, and Liang Lin. Semi-
supervised video salient object detection using pseudo-labels. In International Conference on Computer
Vision (ICCV), pages 7284-7293, 2019.

Qiong Yan, Li Xu, Jianping Shi, and Jiaya Jia. Hierarchical saliency detection. In Conference on Computer
Vision and Pattern Recognition (CVPR), pages 1155-1162, 2013.

Miao Zhang, Wei Ji, Yongri Piao, Jingjing Li, Yu Zhang, Shuang Xu, and Huchuan Lu. LFNet: Light field
fusion network for salient object detection. /IEEE Transactions on Image Processing (TIP), 29:6276—6287,
2020.

Miao Zhang, Jingjing Li, Wei Ji, Yongri Piao, and Huchuan Lu. Memory-oriented decoder for light field
salient object detection. In Advances in Neural Information Processing Systems (NeurIPS), pages 896-906,
2019.

Miao Zhang, Jie Liu, Yifei Wang, Yongri Piao, Shunyu Yao, Wei Ji, Jingjing Li, Huchuan Lu, and
Zhongxuan Luo. Dynamic context-sensitive filtering network for video salient object detection. In
International Conference on Computer Vision (ICCV), pages 1553-1563, 2021.

Miao Zhang, Shunyu Yao, Beiqi Hu, Yongri Piao, and Wei Ji. Dfnet: Criss-cross dynamic filter network
for rgb-d salient object detection. IEEE Transactions on Multimedia (TMM), 2022.

Wangbo Zhao, Jing Zhang, Long Li, Nick Barnes, Nian Liu, and Junwei Han. Weakly supervised video
salient object detection. In Conference on Computer Vision and Pattern Recognition (CVPR), pages
16826-16835, 2021.

Tao Zhou, Deng-Ping Fan, Ming-Ming Cheng, Jianbing Shen, and Ling Shao. Rgb-d salient object
detection: A survey. Computational Visual Media (CVM), 7(1):37-69, 2021.



Checklist

The checklist follows the references. Please read the checklist guidelines carefully for information on
how to answer these questions. For each question, change the default [TODO] to [Yes] , , or
[N/A] . You are strongly encouraged to include a justification to your answer, either by referencing
the appropriate section of your paper or providing a brief inline description. For example:

* Did you include the license to the code and datasets? [Yes] See Section ??.

* Did you include the license to the code and datasets? The code and the data are
proprietary.

* Did you include the license to the code and datasets? [IN/A]

Please do not modify the questions and only use the provided macros for your answers. Note that the
Checklist section does not count towards the page limit. In your paper, please delete this instructions
block and only keep the Checklist section heading above along with the questions/answers below.

1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]
(b) Did you describe the limitations of your work?
(c) Did you discuss any potential negative societal impacts of your work?
(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]
2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [Yes]
(b) Did you include complete proofs of all theoretical results? [Yes]

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [Yes] see Sec.
Sec.F2l

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes]

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)?

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes]
4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes]

(b) Did you mention the license of the assets?

(c) Did you include any new assets either in the supplemental material or as a URL?

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating?

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content?

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [IN/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A ]



