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Generative Transformer for Accurate and
Reliable Salient Object Detection

Yuxin Mao, Jing Zhang, Zhexiong Wan, Yuchao Dai*,
Aixuan Li, Yungiu Lv, Xinyu Tian, Deng-Ping Fan and Nick Barnes

Abstract—Transformer, which originates from machine translation, is particularly powerful at modeling long-range dependencies.
Currently, the transformer is making revolutionary progress in various vision tasks, leading to significant performance improvements
compared with the convolutional neural network (CNN) based frameworks. In this paper, we conduct extensive research on exploiting
the contributions of transformers for accurate and reliable salient object detection. For the former, we apply transformer to a deterministic
model, and explain that the effective structure modeling and global context modeling abilities lead to its superior performance compared
with the CNN based frameworks. For the latter, we observe that both CNN and transformer based frameworks suffer greatly from the
over-confidence issue, where the models tend to generate wrong predictions with high confidence. To estimate the reliability degree
of both CNN- and transformer-based frameworks, we further present a latent variable model, namely inferential generative adversarial
network (iGAN), based on the generative adversarial network (GAN). The stochastic attribute of the latent variable makes it convenient
to estimate the predictive uncertainty, serving as an auxiliary output to evaluate the reliability of model prediction. Different from the
conventional GAN, which defines the distribution of the latent variable as fixed standard normal distribution A(0,I), the proposed
“iGAN” infers the latent variable by gradient-based Markov Chain Monte Carlo (MCMC), namely Langevin dynamics, leading to an input-
dependent latent variable model. We apply our proposed iGAN to both fully and weakly supervised salient object detection, and explain
that iIGAN within the transformer framework leads to both accurate and reliable salient object detection.

Index Terms—Vision Transformer, Salient Object Detection, Inferential Generative Adversarial Network.
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1 INTRODUCTION SOD models [5], [15]-[17] is to extensively utilize the geometric
information for effective multimodal learning.

By thoroughly analyzing the existing saliency detection mod-
els, we observe three major issues, namely the less effective global
context modeling abilities, the missing structure information issue,
and the inconsistent depth distribution issue.

Less effective global context modeling: Conventional CNN

Isual salient object detection (SOD) [1]-[14] aims to lo-
Vcalize and segment the regions of an image that attract
human attention, which is usually defined as a binary segmentation
task. Depending on whether unimodal data (i.e. RGB image)
or multimodal data (i.e. RGB-D data) is used, the majority of
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salient object detection models can be roughly divided into RGB
image saliency detection [2], [3], [12]-[14] and RGB-D image
pair saliency detection [4], [5]. The former involves two variables,
namely the RGB image x and its corresponding ground truth
saliency map y, while the extra depth data d is involved in the
latter, making it a multimodal learning task.

Given the one-to-one mapping formulation, and the backbone-
dependent network structures, the main focus of conventional
deep RGB image-based saliency detection models is achieving
structure-preserving prediction with effective high/low level fea-
ture aggregation. On the other hand, as a multimodal learning
task, the basic assumption of RGB-D saliency detection is that
the extra depth data can bring informative geometric information,
which can be complementary to the appearance information from
the RGB image. In this case, the main focus of existing RGB-D
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based saliency detection models usually consist of two main
parts: 1) an encoder for feature extraction; and 2) a decoder for
high/low feature aggregation, where the encoder is usually adopted
from an ImageNet pre-trained backbone network, e.g., VGG [29],
ResNet [18]. In this way, the SOD models are mainly designed to
obtain effective decoders for feature aggregation [2], [3], [30]. We
visualize the different levels of CNN and transformer backbone
features of the SOD models in Fig. 1 and find that the former
encodes less accurate global context than the latter, especially for
the large salient foreground (the first row of Fig. 1).

Missing structure information: Conventional CNN backbones
have gradually larger receptive fields with the deeper layers by
using stride or pooling operation, leading to extensive down-
sampling as shown in Fig. 1 (“CNN”), where we show the different
levels of backbone features of the ResNet50 [18] after fine-tuning
it for SOD. We observe missing structure information! in both
higher and lower level features, which makes effective high/low
feature aggregation especially necessary for CNN backbone based
framework to achieve structure-accurate predictions. However,
once the information is lost, it will not be fully recovered.
Inconsistent depth distribution: For RGB-D saliency detection,

1. We define “structure information” as the detail-alignment of prediction
with the input image.
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Fig. 1. Visualizing the features of the ResNet50 backbone [18] (“*CNN”) and the transformer backbone (“Transformer”) after fine-tuning them for

SOD.

TABLE 1
Details of the widely used RGB-D saliency datasets to explain the domain gap issue for RGB-D saliency detection.

| vear | s |

‘ #Train ‘ #Test

Dataset Type Depth Source
SSB [19] 2012 1,000 Internet Stereo cameras+ optical flow [20] - 1,000
NLPR [21] 2014 1,000 Indoor/Outdoor Microsoft Kinect [22] 700 300
DES [23] 2014 135 Indoor Microsoft Kinect [22] - 135
NJU2K [24] 2014 1,985 Movie/Internet FujiW3 camera + Sum’s optical flow [25] 1,500 485
LFSD [26] 2014 80 Indoor/Outdoor Lytro Illum cameras [27] - 80
SIP [28] 2020 929 Person in outside Huawei Matel0 - 929
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Fig. 2. Global contrast of depth from benchmark RGB-D SOD datasets, where the x-axis is the Chi-squared distance between salient foreground
and non-salient background within the depth data, and the y-axis is the number of images.

extra depth data is involved, and the mainstream is then to effec-
tively explore the complementary information of both modalities
for effective multimodal learning. We observe that the depth data
of RGB-D saliency detection can come from different sensors
as shown in Table 1, thus the training data and the testing data
can be treated as from different domains. Further, we find that
depth from different sensors has different contrast distributions,
leading to inconsistent input distributions across the training and
testing datasets. We compute the global contrast of the depth data
from different testing datasets and show the global depth contrast
in Fig. 2. The global contrast measures the noticeability of the
salient objects. To obtain the global contrast of the depth data, we
first compute a 3/ dimensional color histogram of both salient
foreground and background of the depth data. Following [31],
we obtain an H = 16 dimensional histogram for the Red,
Green, and Blue channel® of the RGB image respectively, and the
histogram of the color image is then the concatenation of the above
histograms. Then we adopt the Chi-squared distance to measure
the global contrast between salient objects and background. We
define the mean of the Chi-squared distance as the global depth
contrast. Fig. 2 clearly shows that the global contrast of the salient
foreground with the depth data varies across the testing datasets.
Similarly, we obtain the RGB image global contrast and compute
the global contrast difference of the RGB image and depth for each
testing dataset, which is shown in the title of each figure in Fig. 2.
The various global contrast differences between RGB images and
depth data further explain the different contributions of depth.

Advantages of Transformer: Researchers have found that the

2. For gray image, we obtain its color version by concatenating it channel-
wise to obtain the three-channel color image.

“Transformer” [32] has great potential to solve the limited recep-
tive field issue in vision tasks. The advantage of the “Transformer”
lies in the use of self-attention to capture global contextual
information to establish a long-range dependency. Different from
convolutional neural networks that focus on a small patch of
the image, the transformer network [32] performs global context
modeling with self-attention. Inspired by [33], [34] and the accu-
rate structure modeling ability of the transformer (see Fig. 1),
we conduct extensive research to explore the contributions of
the transformer for accurate salient object detection. Specifically,
we design transformer based deterministic neural networks for
SOD, and explain that the accurate structure modeling and the
global context modeling abilities lead to its superior performance
compared with the CNN based frameworks (see Table 5).

Overcoming the over-confidence issue: Although significant
performance has been achieved with the transformer, we still ob-
serve “over-confidence” issue within the transformer based SOD
models, where the model tends to generate wrong prediction with
high confidence, which is also defined as the model less-calibrated
issue in [35]. We then present an inferential generative adversarial
network (iGAN) to analyze the reliability degree [35] of the trans-
former based framework. Different from the conventional genera-
tive adversarial network (GAN) [36] which defines the distribution
of the latent variable as fixed standard normal distribution A/ (0, I),
our proposed “iGAN” infers the latent variable by gradient based
Markov Chain Monte Carlo (MCMC), namely Langevin dynamics
[37]. The latent variable within iGAN is sampled directly from its
true posterior distribution [38], leading to more informative latent
space exploration. We apply the proposed iGAN to both fully
and weakly supervised SOD, and explain that iGAN within the
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transformer framework leads to both accurate and reliable salient
object detection, where the produced uncertainty maps [39] can
serve as an auxiliary output to explain the reliability of model
predictions. Experimental results show that the proposed iGAN
within the transformer backbone can fix the “less effective global
context modeling” and “missing structure information” issues of
conventional CNN backbone based framework, and the auxiliary
uncertainty outputs can be used to explain model reliability.
Fixing the depth domain gap issue: Although consistent per-
formance improvement is achieved with the transformer backbone
based framework, we still observe the depth domain inconsistency
issue, where the testing datasets with depth different from the
training datasets achieve a marginal performance improvement,
e.g. LFSD [26] in Fig. 2. To fix it, we present an “auxiliary depth”
module and perform self-supervised depth estimation. The deep
hybrid model structure [40] via depth reconstruction, i.e. RGB-D
saliency detection as conditional generation and depth estimation
as marginal density estimation, works effectively when a depth
domain gap exists.

Our main contributions can be summarized as: 1) We exten-
sively explore the contributions of transformer networks [32]-[34],
[41] for accurate salient object detection and explain that the
effective structure and global context modeling abilities lead to
the superior performance of the transformer-based saliency detec-
tion network; 2) We present an inferential generative adversarial
network (iGAN) to effectively measure the reliability degree of
the transformer-based SOD network, leading to reliable saliency
prediction; 3) We apply iGAN to fully and weakly supervised
salient object detection to extensively explore the proposed new
generative model within the transformer framework.

2 RELATED WORK

Salient Object Detection: Driven by visual attention [42], salient
objects are defined as objects that have strong contrast [43]. Early
works usually utilized this prior for saliency related feature ex-
traction. Deep SOD models usually take the pretrained backbone
networks [18], [29] as an encoder with UNet [44] structure, where
effective decoders are designed to achieve high-low level feature
aggregation [2], [3], [30], [45]-[54]. Among them, Wu et al. [2]
proposed a “stacked cross refinement network”, and used the
interaction between the edge module and the detection module to
optimize the two tasks at the same time. Wei et al. [3] introduced
an adaptive selection of complementary information when aggre-
gating multi-scale features with a structure-aware loss function.
Tang et al. [55] modeled the two tasks of discriminating salient
regions and identifying accurate edges independently and solved
the limitations of low-resolution SOD by using low-resolution
images to delineate salient regions and using high-resolution to
refine salient regions. Meanwhile, edge detection [56], [57] is
likewisely used as a piece of auxiliary information [58], [59]
to improve the performance of SOD. And different attention
mechanisms such as spatial and channel attention [15], [60] or
pixel-wise contextual attention [46] are also used to learn more
discriminative features. Unlike the mainstream design refinement
prediction networks, Zhang et al. [61] proposed an automatic
consolidation of multi-level features based on neural architecture
search for flexible integration of information at different scales.
With extra depth information, RGB-D pair based SOD models
[4], [5], [15], [16], [62], [63] mainly focus on exploring the
complementary information between the RGB image and the
depth data for effective multi-modal learning. Depending on how
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information from these two modalities is fused, existing RGB-
D SOD models can be roughly divided into three categories:
early-fusion models [4], [64], late-fusion models [65]-[67] and
cross-level fusion models [5], [15], [17], [68]-[78]. The early-
fusion models fuse RGB image and depth data at the input layer,
forming a four-channel feature map. The late fusion models treat
each mode (RGB and depth) separately, and then saliency fusion
is achieved at the output layer. The cross-level fusion models
gradually fuse features of RGB and depth [5], [17], [72], [73],
[75], [77]-[83], which is the main stream for RGB-D SOD.
Vision Transformer and Its Applications: The transformer
network [32] has sparked great interests in the computer vi-
sion community to adapt these models for vision tasks such
as object detection [84]-[88], object tracking [89], [90], pose
estimation [91], optical flow [92] efc. Inspired by the success of
the Vision Transformer (ViT) [41] in image classification which
splits the input image into a sequence of patches and feeds them to
a standard Transformer encoder, some works extend transformers
for dense prediction tasks, e.g., semantic segmentation or depth
estimation. SETR [93] and PVT [87] use several convolutional
layers as the decoder to upsample feature maps and get the dense
prediction with the input image size. DPT [33] uses ViT [41] as an
encoder to extract features from different spatial resolutions of the
initial embedding. Liu et al. [34] presented the Swin Transformer,
a hierarchical transformer with a shifted windowing scheme to
achieve an efficient network for vision tasks. Recently, [94],
[95] introduce the transformer to saliency detection, achieving
significant performance improvement.

Generative Models and Their Applications: There mainly
exist two types of generative models, namely latent variable
models [36], [96] and energy-based models [97]. The former
usually involves an extra latent variable to model the predictive
distribution, and the latter directly estimates the compatibility of
the input and output variable with a designed energy function.
The variational auto-encoder (VAE) [96], [98] and generative
adversarial network (GAN) [36] are two widely studied latent
variable models. VAEs use an extra inference model to con-
strain the distribution of the latent variable, and GANs design
a discriminator to distinguish real samples and the generated
samples. VAEs have already been successfully applied to image
segmentation [99], [100] to produce stochastic predictions during
testing. For saliency prediction, [101] adopts a VAE for image
background reconstruction and the residual of the raw image
and the reconstructed background is then defined as the salient
region(s). Differently, [4] designs conditional variational auto-
encoder (CVAE) to model the subjective nature of saliency,
where the latent variable is used to model the prediction variants.
GAN-based methods can be divided into two categories, namely
fully-supervised and semi-supervised settings. The former [102],
[103] uses the discriminator to distinguish model predictions from
ground truth, while the latter [104], [105] rely on the GAN
to explore the contributions of unlabeled data. [106] introduces
an inferential Wasserstein GAN model, which is a principled
framework to fuse auto-encoders and Wasserstein GAN and jointly
learns an encoder network and a generator network motivated
by the iterative primal-dual optimization process. Differently, we
infer the latent variable via Langevin dynamics [37], which suffers
no posterior collapse issue [107].

Weakly Supervised Segmentation Models: Instead of label-
consuming pixel-wise annotations, Weakly Supervised Segmenta-
tion (WSS) models are designed to explore the possibility of using
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weak labels, e.g., image tags [108]-[112], bounding box [113]-
[117], scribble [6], [118]-[120], point [121], [122], as supervision.
The typical methods [114], [118], [123] usually consider the initial
segmentation map produced by traditional unsupervised methods,
such as MCG [124] and GrabCut [125], as the supervision to train
the deep neural networks and then repeat the iterative process
between refinement of the prediction and training of the network.
However, the framework tends to introduce accumulated label
noise in each step and the iteration is time-consuming. Zhang et
al. [9] proposed an end-to-end deep learning framework to predict
the latent saliency map from multiple noisy saliency maps created
by unsupervised handcrafted saliency methods and mitigated the
influence of label noise by a specifically-designed noise modeling
module. The idea is further extended [126] to use a generative
model [38] to model the label noise from a single noisy saliency
map. In addition to noise modeling strategies, some methods refine
the segmentation map with structure-aware loss functions. Yu et
al. [120] used partial cross-entropy loss to expand the scribble
region to the whole object region and refine the segmentation with
a local saliency coherency loss. Most WSS methods are based
on CNNs. We explore the potential of transformers for weakly
supervised segmentation, especially weakly supervised SOD with
scribble supervision [6], [120].

3 ACCURATE AND RELIABLE SALIENT OBJECT
DETECTION VIA GENERATIVE TRANSFORMER

As a context-based task, SOD strongly relies on both local and
global context, where the former is necessary for identifying
median size salient foreground, and the latter is essential for large
salient object detection. As discussed in Sec. 1, conventional CNN
backbone-based frameworks [2], [30] are effective in modeling the
local context, and their performance deteriorates for salient objects
that expand to a larger region (see Fig. 1). The self-attention
model within the transformer framework [32] enables it to achieve
long-range dependency modeling with global context exploration,
which is desirable for accurate salient object detection.

Let’s define our training dataset as D = {x;, 3}, of
size N, where x; and y; are the input RGB image (or RGB-D
image pair for RGB-D saliency detection) and the corresponding
ground truth saliency map, and ¢ indexes the samples, which
is omitted. With the transformer backbone (we use 6 to repre-
sent its parameters), given any testing sample x* with ground
truth y*, we define its joint distribution as p(z*,y*,0|D) =
p(y*|x*, 0)p(6]D)p(z*| D), where p(y*|z*,0) represents the
predictive distribution or the inherent randomness given 6 as
the oracle [39]. p(6|D) explains the ambiguity of the model 6
given the provided training dataset D, and p(x*|D) measures the
discrepancy between x* and the training dataset D.

With the global context modeling ability of transformer,
the p(f#|D) term can be modeled more effectively compared
with the CNN frameworks. However, there exists no solution
in the transformer framework to model the predictive distribu-
tion p(y*|x*, ). Further, the training/testing discrepancy is not
mentioned either, thus it is inconvenient to evaluate the domain
gap caused by p(a*|D). To fix the above-mentioned issues, we
introduce a latent variable model with an extra latent variable
z involved to model the inherent data noise. Further, we find
one of the main domain gap for RGB-D saliency detection lies
in the inconsistent depth data as shown in Table 1 and Fig. 2.
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We then introduce an auxiliary depth module, achieving self-
supervised learning, with which it’s more convenient to evaluate
the training/testing discrepancy. Specifically, with extra latent
variable z, the joint distribution of the testing sample z* can be
rewritten as:

p<x*’ y*) 9’ Z‘D)

_ pla*,y*,0,2,D)

p(D)
_ py*|z", 0, 2)p(x"0, 2, D)p(0, 2, D)
p(D)
= p(y*|z", 0, 2)p(0|D)p(z|x”, D)p(x*| D).

(M

The extra latent variable in Eq. (1) makes it convenient to
estimate p(y*|z*, 6, z), where the latent variable z can be sam-
pled from p(z|z*, D) during testing, modeling the discrepancy
between training and testing sample. Specifically, for RGB-D
saliency detection, the p(x*|D) term is modeled directly fol-
lowing self-supervised learning with an auxiliary depth module,
which can also be explained as an auto-encoder framework. In
the following, we will first introduce a transformer for accurate
saliency detection (Sec. 3.1) for effective model parameter estima-
tion (p(@|D)). We present the auxiliary depth module in Sec. 3.2,
achieving an auto-encoder framework to evaluate the domain gap
between training and testing samples, or the p(x*|D) term. We
will introduce the latent variable model in Sec. 3.3 to achieve
modeling of p(z|x*, D), with which it’s convenient to model
the inherent randomness of model prediction p(y*|z*, 6, z). We
present the objective function in Sec. 3.4.

3.1 Transformer for Accurate Saliency Detection

The straightforward solution of using a transformer is to replace
the CNN backbone with a transformer backbone, leading to the
“transformer encoder”. We take the Swin transformer [34] as our
transformer encoder, which takes the embedded image features as
input and produces a list of feature maps fp, () = {t;}}_, of
channel size 128, 256, 512 and 1024 respectively, representing
different levels of features. Different from [33], [41] that use
fixed tokenization, the Swin transformer [34] is a hierarchical
transformer structure whose representation is computed with self-
attention in shifted non-overlapped windows, thus it enables even
larger receptive field modeling. Given the “transformer encoder”,
we design a simple “convolution decoder” to achieve high/low
level feature aggregation. Specifically, we first feed each backbone
feature ¢; to a simple convolutional block and obtain the new
backbone feature {¢]};_; of the same channel size C' = 32.
Such channel reduction operation aims to further enhance context
modeling and reduce the huge memory requirement. Our final
saliency map s = fg,({¢]};,) is then obtained via a decoder
parameterized by 65.

The detailed structure of the decoder can be formulated
as s = fo,u(fou [({t/}721)]), where [-] denotes the channel-
wise concatenation operation, fp_, is the residual channel atten-
tion block [127], fs,. is the multi-scale dilated convolutional
block [128] to obtain a one-channel saliency map. Note that,
6 = {01, 0>} indicates the entire parameters of our salient object
detection network. fp(x) can directly produce the saliency map
for RGB image z. For RGB-D saliency detection, we perform
early fusion by simply concatenating the RGB image and depth
data at the input layer, and feeding it to a 3 X 3 convolutional layer
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to generate a new input tensor x’ with a channel size of 3, which
is then fed to the saliency generator ¢. With the global context
modeling ability, the regression ability of the transformer is proven
better than CNN frameworks, leading to better # estimation given
the same training dataset D with less ambiguity/uncertainty.

3.2 Auxiliary Depth Module

As we discussed before, the inconsistent depth data (see both
Table 1 and Fig. 2) may hinder the performance of existing RGB-
D saliency detection models. We then propose an auxiliary depth
module to solve the “distribution gap” issue within existing RGB-
D SOD datasets. The auxiliary depth module with parameters 603
has the same structure as our saliency decoder 5, which takes
the backbone feature fy, (') as input, and outputs a one-channel
depth map d’ = fy,(fy, (2')). Within this framework, the final
loss function has extra depth related loss:

Edepth = O‘(ﬂ * Essim + (1 - ﬂ) * Ll)y (2)

where o = (.1 is used to control the contribution of the auxiliary
depth module, and following the conventional setting, we set 5 =
0.85 in this paper. Lg;m is the SSIM loss function [129] and £
denotes the L1 loss.

The Auto-encoder for joint distribution modeling: Given a test
sample z*3, for a segmentation model with parameters 6, the
output distribution is defined as p(y*|z*, ), and there is no way
to model the marginal data distribution p(z*). For RGB saliency
detection, the “domain gap” issue is not that significant. However,
for RGB-D saliency detection, we observe differences between
training depth data and testing depth data (see Table 1 and Fig. 2),
making reliable p(z*) estimation necessary for RGB-D saliency
detection to take into account the training/testing discrepancy. In
our setting, with the auxiliary depth module, we obtain the model-
ing of p(z*) or p(x*| D) via conditional self-supervised learning,
where the RGB image is the conditional variable. Combining
with the main task, i.e. salient object detection, we achieve the
joint distribution modeling instead of the conditional distribution
modeling. The hybrid model [40] is proven more robust to the
depth distribution gap issue as discussed in Sec. 1.

3.3 Generative Model for Reliable Saliency Detection

As deep neural networks can fit any random noise [35], the deter-
ministic CNN and transformer backbone based models have se-
rious over-confidence issues, where the model could inaccurately
assign a high probability to the wrong prediction. To overcome
this, a model which is aware of its prediction with reasonable
predictive distribution modeling is desired. As discussed in Eq. (1),
a latent variable model makes it convenient to estimate predictive
distribution p(y*|x*, 6, z), which can be defined as being Gaus-
sian distribution via:

p(y*|z*,0,2) = N(u(z*,0,2),0°(z*,0,2)), 3)

where the mean is p(x*,0,2) = E. pije,0)P(y"|2*,0,2)
and the variance (uncertainty) is o*(z*,0, 2) =
Ezwp(z\ac*,D)(p(y*'x*aaaZ) - M(‘T*ve’z))z' Eq. (3) presents
a convenient solution for evaluating uncertainty from a latent
variable model, where the randomness or uncertainty of model
prediction is controlled by the latent variable z, making

3. we define z* as RGB image for RGB saliency detection and RGB-D
image pair for RGB-D saliency detection.
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meaningful z quite desirable for reliable uncertainty estimation.
We will first introduce the existing latent variable models and
adapt them to our task. We then analyze their advantages and
limitations. Based on this, we present the proposed inferential
generative adversarial net.

Conventional latent variable models

1) Generative Adversarial Nets (GAN) [36]: Within the GAN-
based framework, we design an extra fully convolutional discrim-
inator g following [105], where 3 is the parameter set of the
discriminator. Two different modules (the saliency generator fy
and the discriminator gg in our case) play the minimax game in
GAN based framework:

minmax V(g5, fo) = Ez.y)~paara(e 108 95(y1)]
+ E.p(x)[log(1 — gs(fo(z, 2)))],

where Pgqtq(x,y) is the joint distribution of training data, p(z)
is the prior distribution of the latent variable z, which is usually
defined as p(z) = N (0,I).

In practice, we define the loss function for the generator as
the sum of a reconstruction loss L., and an adversarial loss L4y,
which is Leen = Lyec + ALaay, Where the hyper-parameter A is
tuned, and empirically we set A = 0.1 for stable training. For
SOD, we define the reconstruction loss L. as the structure-aware
loss as in Eq. (10), and the adversarial loss as cross-entropy loss:
Lagv = Lee(98(fo(x, 2)), 1), which fools the discriminator that
the prediction is real, where L. is the binary cross-entropy loss,
and 1 is an all-one matrix. The discriminator gg is trained via
the loss function: Lgs = Lee(95(fo(2,2)),0) + Lee(9s8(y), 1),
which aims to correctly distinguish prediction and ground truth.
Similarly, O is an all-zero matrix. In this way, the generator loss
and the discriminator loss can be summarized as:

Egen = ACrec + )\ﬁadw
Edis — Ece(gﬂ(fe('r7 Z))a 0) + £Ce(gﬂ(y)7 1)

2) Variational Auto-encoder (VAE) [96]: For dense prediction
task with input variable = and output variable y, we refer to
conditional variational auto-encoder (CVAE) [98] instead, where
the input image x is the conditional variable. As a conditional
directed graph model, a conventional CVAE mainly contains two
modules: a generator model fy(x), which is a saliency generator
in this paper, to produce the task related predictions, and an
inference model gg(z|z, y), which infers the latent variable z with
image = and annotation y as input. Learning a CVAE framework
involves approximation of the true posterior distribution of z with
an inference model gp (2|, y), with the loss function as:

®)

Levee = Ethg(z\x,y) [710gp9 (y|$, Z)]
Lo (6)
+Drr(qo(z]z,y) || po(z|2)).

The first term is the reconstruction loss and the second is the
Kullback-Leibler divergence of prior distribution pp(z|x) and
posterior distribution gy (z|x,y), where both of them are usually
parameterized by multi-layer perceptron (MLP).

3) Alternating back-propagation (ABP): Alternating back-
propagation [38] updates the latent variable and network param-
eters in an EM manner. Given the network prediction with the
current parameter set, it infers the latent variable by the Langevin
dynamics based Markov Chain Monte Carlo (MCMC) [37], which
is called “Inferential back-propagation” [38]. Given the updated
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Fig. 3. Flowchart of our proposed inferential GAN (iGAN) (note that the
“auxiliary depth” module is removed for RGB SOD). The “Generator”
takes image = and latent variable z as input, and generates saliency
map s, where the latent variable z is updated via the Langevin dynamics
based MCMC [37]. The fully convolutional “Discriminator” is designed to
distinguish prediction (fake) and ground truth (real). d’ is the predicted
depth for RGB-D SOD.

latent variable z, the network parameter set is updated with gra-
dient descent, which is called “Learning back-propagation” [38].
Similar to the VAE [96] or CVAE [98] frameworks, ABP intends
to infer z and learn the network parameter € to minimize the
reconstruction loss. Specifically, ABP [38] samples z directly
from its posterior distribution with a gradient-based Monte Carlo
method, namely Langevin Dynamics [37]:

2

13}
%t @logpe(yyztm) +s:N(OD), (D

where zg ~ N (0, 1), and the gradient term is defined as:

Zt+1 = 2t +

7]
~log pa(y, 2l) =

t is the time step for Langevin sampling, s; is the step size, o
is variance of the inherent labeling noise. As no extra network
is involved in the ABP based framework, the final loss function
contains only the task-related loss.

Analysis of the conventional latent variable models: As no in-
ference model is included in GAN [36], the latent variable z
within GAN is always sampled from the standard normal dis-
tribution N(0, I), which is less informative. For the CVAE based
model [96], [98], it samples the latent variable z from the designed
posterior distribution during training, and the distribution gap
between the designed posterior and the true distribution leads
to the posterior collapse issue [107], where the latent variable
is independent of the input image, leading to less representative
latent space. For the ABP [38] based framework, although it
samples from the true posterior distribution via Eq. (7), the task
related training is not changed, and our experimental results show
that the deterministic performance is usually heavily influenced,
especially for the conventional CNN backbone based frameworks.

%(y - fe(%z))%fe(x,z) —2z. (8
2

The proposed inferential GAN

For the VAE [96], [98] based framework, as parameters of the
reconstruction model and the posterior net, are updated together,
the convergence of the Dy term in Eq. (6) may influence the
convergence of the reconstruction part, which is also discussed
in [130]. Although beta-VAE [130] can slightly balance the con-
vergence of the two parts, carefully picked hyper-parameters are
needed. For the ABP [38] based framework, the basic assumption
to achieve sampling from the true posterior distribution is that the

6

time step should be large enough, and the step size should be
infinitely small (see Eq. (8)). For the GAN [36] based framework,
the less informative latent space makes it not ideal to be directly
used to model the predictive distribution. However, its adversarial
training strategy can usually lead to better model performance
than the other two latent variable models. In this paper, we
introduce inferential generative adversarial network (iIGAN), a
new generative model for SOD, where we infer the latent variable
within the proposed framework instead of defining it as fixed
N(0,1). Specifically, the proposed iGAN infers the latent variable
by gradient-based Markov Chain Monte Carlo (MCMC), namely
Langevin dynamics [37] (see Fig. 3) following ABP [38], leading
to an image conditioned latent variable. Further, as adversarial
training is applied, our new generative model can achieve reliable
latent space exploration with fewer time steps.

Algorithm 1 iGAN for fully supervised salient object detection

Input: (1) Training images {x;}{" with associated saliency maps
{yl}{v , where 7 indexes images, and N is the size of the training
dataset (We perform early fusion for RGB-D saliency detection
model). (2) Maximal number of learning epochs Ep; (3) Numbers of
Langevin steps for posterior 1'; (4) Langevin step sizes for posterior
s¢ and variance of inherent labeling noise o.
Output: Parameters 6 for the generator and /3 for the discriminator.
1: Initialize 6 and (8
2: for ep < 1to Ep do
3: Sample image-saliency pairs {(zs,yi)}1
4 For each (x;, y;), sample the prior 2§ ~ N(0,I), and sample
the posterior z; using 7' Langevin steps in Eq. (7) with a step size
s¢ and inherent noise o>,
5: Update the transformer generator with model prediction
fo(x, 2%) using the generator loss function in Eq. (5).
6: Update the discriminator with loss function in Eq. (9).
7: end for

Following the previous variable definitions, given the training
example (z,y), we intend to infer z and learn the network
parameters € to minimize the reconstruction loss as well as a
regularization term that corresponds to the prior on z. Our iGAN
based framework includes three main parts: a generator for task re-
lated predictions, a discriminator to distinguish the prediction and
ground truth, and an inference model via Langevin dynamics [37]
to infer the latent variable with gradient based MCMC. Different
from the isotropic Gaussian distribution assumption for the latent
variable in GAN [36], or the possible posterior issue [107] within
VAE [96], our latent variable z is sampled directly from its real
posterior distribution via gradient based MCMC following [38].
Further, we introduce extra adversarial loss and the fully convo-
lutional discriminator, serving as a higher-order loss function for
accurate deterministic predictions. Empirically, we set s; = 0.1
and 02 = 0.3 in Eq. (7) and Eq. (8). During training, we sample
2o from N(0,1I), and update z via Eq. (7) by running T = 5
steps of Langevin sampling [37], and the final z7 is then used
to generate saliency prediction in our case. For testing, we can
sample directly from the prior distribution A/ (0, I).

Network Details: The proposed iGAN can be applied to any
deterministic saliency detection model, and we show the flowchart
of the proposed iGAN for saliency detection in Fig. 3. Specifically,
we first extend the latent variable z to the same spatial size
as the highest level backbone feature (t4 in this paper). Then
we concatenate z with ¢4 channel-wise and feed it to a 3 X 3
convolutional layer, which will serve as the new ¢4 for saliency
prediction. The discriminator contains four 3 X 3 convolutional
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layers following batch normalization and leakyReLU activation
function with 64 channels, which takes the concatenation of image
and model prediction (or ground truth) as input to estimate its
pixel-wise realness. In this way, the discriminator loss in Eq. (5)
can be rewritten as:

Ldis = Ece(gﬂ([fQ(Iaz)vx])ao) + Ece(gﬂ([y7x])7l)a (9)

where [-, -] is the channel-wise concatenation operation. The train-
ing of the proposed iGAN is the same as the conventional GAN
based models in Eq. (5), except that we have an extra inference
model via MCMC [37]. We show the learning pipeline of iGAN
in Algorithm 1.

Inferential GAN analysis: Same as other generative models, iGAN
aims to produce reliable uncertainty maps while keeping the deter-
ministic performance unchanged. As the conventional GAN [36]
has no inference step, the latent variable is independent of the
input image z, leading to less informative uncertainty maps while
sampling from the latent space at test time. Although VAE [96]
and ABP [38] can produce input-dependent latent space modeling,
the possible posterior collapse [107] issue within the former and
the less accurate deterministic prediction of the latter limit their
applications for SOD. With the proposed iGAN, we can achieve
two main benefits: 1) extra inference step is included without
increasing model parameters, leading to an input-dependent latent
variable; 2) with the adversarial loss function serving as a high-
order similarity measure, iGAN can lead to more effective model
learning compared with ABP [38]. For the former, our iGAN is
built upon GAN [36] and ABP [38], and the fully convolutional
discriminator introduces less than 1M extra parameters, which
is comparable to both the alternative latent variable models and
the deterministic models. For the latter, the adversarial training
is proven effective in maintaining the deterministic performance
compared with the alternative stochastic models.

3.4 Objective Function

For RGB saliency detection, we remove the “auxiliary depth”
module from Fig. 3. The objective is shown in Eq. (5), where
the reconstruction loss L. is chosen as the structure-aware loss
from [3], which is the sum of the weighted binary cross-entropy
loss and the weighted IOU loss:

‘CFCSB = W(ﬁce(S, y) + ‘CiOu(S) y))a

where y is the ground truth saliency map, w is the edge-aware
weight, and is defined as w = 1 4+ 5 * |(ap(y) — y)|, with ap(.)
representing the average pooling operation. L. is the binary cross-
entropy loss. Ly, is the weighted IOU loss [3].

For RGB-D saliency detection, Fig. 3 represents the entire
training pipeline. As shown, we introduce an auxiliary depth
module to model the joint distribution in Eq. (1). Specifically, as
an early fusion model, we concatenate the RGB image and depth
data at the input level, which is then fed to a 3 X 3 convolutional
layer to produce a tensor with channel size 3, which is defined
as the fused input x’. The proposed iGAN framework for RGB-
D SOD takes x’ as input and produces both saliency map s and
depth prediction d’. The reconstruction loss for RGB-D saliency
detection is defined as:

EFeSIBD = w(£06(57 y) + Liou(‘ga y)) + Aﬁdeptm (11)

where ) is used to balance the contribution of the auxiliary depth
module, and empirically we set A = 1. The generator loss and

(10)

7

discriminator loss are obtained following Eq. (5). Note that for
both RGB and RGB-D SOD models, the latent variable z is
updated via Langevin dynamics as shown in Eq. (7).

4 EXPERIMENTS

Dataset: In this paper, we conduct research on salient object de-
tection (SOD), including both RGB image-based SOD and RGB-
D image pair-based SOD. For the former, we perform fully and
weakly supervised saliency detection. Within the fully supervised
learning frameworks, we train the models by using the DUTS
training dataset [7] D1 = {z;,y;}Y, of size N = 10,553, and
test on six other widely used datasets: the DUTS testing dataset,
ECSSD [131], DUT [132], HKU-IS [133], PASCAL-S [134] and
the SOD testing dataset [135]. For the weakly supervised models,
we use the DUTS-S training dataset [6], D2 = {z;,v;}, of
size N = 10, 553, where y; is the scribble annotation. The testing
dataset is the same as the fully supervised RGB SOD models.

For RGB-D SOD, we follow the conventional setting, where
the training set D3 = {w;,y;}}V, is a combination of 1,485
images from the NJU2K dataset [24] and 700 images from the
NLPR dataset [21]. We then test the performance of our model
and competing models on the NJU2K testing set, NLPR testing
set, LFSD [26], DES [23], SSB [19] and SIP [28] dataset.
Evaluation Metrics: For all three tasks, we use four evaluation
metrics to measure the performance, including Mean Absolute
Error M, Mean F-measure (F3), Mean E-measure (F¢) [139]
and S-measure (S,) [140].

MAE M is defined as the pixel-wise difference between the
prediction s and the ground truth y: M = Hxlw |c — y|, where
H and W are the height and width of ¢ correspondingly.

F-measure Fj is a region-based similarity metric, and we pro-
vide the mean F-measure using varying fixed (0-255) thresholds.

E-measure F¢ is the recently proposed Enhanced alignment
measure [139] in the binary map evaluation field to jointly capture
image-level statistics and local pixel matching information.

S-measure S, is a structure based measure [140], which

combines the region-aware (S;.) and object-aware (.S,) structural
similarity as their final structure metric: S = @S, + (1 — @) S,
where a € [0, 1] is set to 0.5 by default.
Calibration measures: Due to the close correlation between un-
certainty estimation and model calibration [35], uncertainty is usu-
ally evaluated with modal calibration measures [141], i.e.expected
calibration error (ECE) [142]. The basic assumption is that a
reliable uncertainty output should lead to a well-calibrated model,
where model confidence is consistent with model accuracy.

4.1 Accurate and Reliable Fully-supervised Salient Ob-
ject Detection

4.1.1 Performance Comparison with Benchmark Models

We compare the proposed framework with benchmark saliency
models and show model performance in Tables 2, 3 and 4. Note
that, VST [94] and GTSOD [95] are two existing transformer
based saliency detection models.

We observe the competitive performance of our CNN based
generative model (CIGAN) with existing techniques in Tables
2 and 3. To focus on explaining the superior performance of
the transformer backbone for SOD, our decoder has only 1M
parameters, which is around 5% of model parameters of existing
techniques. Further, we find a better performance of our generative
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TABLE 2
Performance comparison with benchmark fully-supervised RGB SOD models.

DUTS [7] ECSSD [131] DUT [132] HKU-IS [133] PASCAL-S [134] SOD [135]
Method Sa T Fgt Ect MU|Sat Fgt B¢t ML|Sal Fgl Ec? M||Sat Fgl Ect MU|[Sa 1 Fgt B¢t ML|Sal Fgt Ec T M|
CIGAN 876 820 906 .042[.923 913 .945 .037 | .823 733 .848 .061 | 911 .892 .943 .034 | .856 .836 .893 .068 | .833 .816 .862 .075
TIGAN 909 873 941 .028 | .941 .936 .964 .025| .861 .796 .890 .047 | 929 918 962 .025|.879 .869 .916 .054 | .861 .854 .894 .060
SCRN [2] 885 833 900 .040 [ 920 910 .933 .041 [ .837 .749 847 .056 | 916 .894 935 .034 | .869 .833 .892 .063 |.817 .790 .829 .087
F3Net [3] 888 852 920 .035 | 919 .921 943 .036 | .839 .766 .864 .053 | 917 910 952 .028 | .861 .835 .898 .062 | .824 .814 .850 .077
ITSD [136] | .886 .841 .917 .039 | .920 916 .943 .037 | .842 .767 .867 .056 | .921 .906 .950 .030 | .860 .830 .894 .066 | .836 .829 .867 .076
PAKRN [12] |.900 .876 .935 .033|.928 .930 .951 .032|.853 .796 .888 .050 | .923 .919 .955 .028 | .859 .856 .898 .068 | .833 .836 .866 .074
MSFNet [61] | .877 .855 .927 .034 | .915 .927 951 .033|.832 .772 .873 .050 [ .909 913 .957 .027 | .849 .855 .900 .064 | .813 .822 .852 .077
CTDNet [137]] .893 862 .928 .034 | .925 928 950 .032 | .844 .779 .874 .052 | 919 915 .954 .028 | .861 .856 .901 .064 | .829 .832 .858 .074
VST [94] 896 842 918 .037 | 932 911 .943 .034 | .850 .771 .869 .058 | .928 .903 .950 .030 | .873 .832 .900 .067 | .854 .833 .879 .065
GTSOD [95] |.908 .875 .942 .029 |.935 .935 .962 .026 | .858 .797 .892 .051 |.930 .922 .964 .023 | .877 .855 .915 .054 | .860 .860 .898 .061
TABLE 3
Performance comparison with benchmark fully-supervised RGB-D SOD models.
NJU2K [24] SSB [19] DES [23] NLPR [21] LFSD [26] SIP [28]
Method Sa T Fgt B¢t ML|Sat Fgt Ect MU|Sat Fg1t Ect MUL|Sat Fg1T Ect ML|Sat Fgt Ect MUL|[Sat Fgt Ect M
CIGAN 914 900 939 .036| 903 .876 934 .040 | 937 921 970 .018 | .922 890 .952 .025| 851 .832 .889 .075| .884 .870 917 .049
TIGAN 928 919 .956 .028 | 915 .893 .947 .034 | .940 .929 970 .016 | .932 911 .961 .020 | .884 .868 .911 .057 | .905 .901 .941 .037
BBSNet [5] [ .921 .902 .938 .035|.908 .883 .928 .041 [ .933 .910 .949 .021|.930 .896 .950 .023 | .864 .843 .883 .072|.879 .868 .906 .055
BiaNet [76] | 915 .903 .934 .039 | .904 .879 .926 .043 | .931 .910 .948 .021 | .925 .894 .948 .024 | .845 .834 .871 .085 | .883 .873 913 .052
CoNet [74] | 911 .903 .944 .036 | .896 .877 .939 .040 | .906 .880 .939 .026 | .900 .859 .937 .030 | .842 .834 .886 .077 | .868 .855 .915 .054
UCNet[4] | .897 .886 .930 .043 | .903 .884 .938 .039 | .934 919 .967 .019|.920 .891 .951 .025 | .864 .855 .901 .066 | .875 .867 .914 .051
JLDCFE [16] | .902 .885 .935 .041|.903 .873 .936 .040 | .931 .907 .959 .021 | .925 .894 .955 .022 | .862 .848 .894 .070 | .880 .873 .918 .049
VST [94] 922 898 939 .035|.913 .879 .937 .038|.943 .920 .965 .017 |.932 .897 .951 .024 | .882 .871 .917 .06l | .904 .894 .933 .040
GTSOD [95]| .929 924 956 .028 | 916 .898 .950 .032 |.945 928 .971 .016 | .938 .921 .966 .018 | .872 .862 .901 .066 | .906 .908 .940 .037
TABLE 4
Performance comparison with benchmark weakly-supervised RGB SOD models.
DUTS [7] ECSSD [131] DUT [132] HKU-IS [133] PASCAL-S [134] SOD [135]
Method Sa T Fg 1 Eet M1|Sat Fgl Ect M]|Sal Fg? Ect M|Sa? Fgt Ect M1[Sat Fg1 B¢t M]|Sal Fgt Ect M|
CIGAN 834 779 887 .056 | .896 .890 .938 .044 | .799 713 .838 .070 | .886 .873 .938 .039 | .827 .810 .880 .079 | .800 .793 .855 .083
TIGAN 855 814 918 .043 | 905 .905 .950 .037 | .826 .760 .874 .058 | .893 .887 .949 .035 | .844 .839 .902 .066 | .811 .810 .872 .082
SSAL[6] |.803 .747 .865 .062 | .863 .865 .908 .061 | .785 .702 .835 .068 | .865 .858 .923 .047 | .798 773 .854 .093 [ 750 .743 .80l .108
WSS [7] 748 633 806 .100 | .808 .774 .801 .106 |.730 .590 .729 .110 | .822 .773 .819 .079 | .701 .691 .687 .187 | .698 .635 .687 .152
C2S[138] |.805 .718 .845 .071| - - - - | 773 665 810 .082 | .869 .837 .910 .053|.784 .806 .813 .130|.770 741 .799 .117
SCWS [120]| .841 .818 .901 .049 | .879 .894 .924 .051 | .813 .751 .856 .060 | .883 .892 .938 .038 | .821 .815 .877 .078 | .782 .791 .833 .090

model (TIGAN) compared with VST [94], indicating the supe-
riority of the proposed model. Different from the deterministic
VST [94], as a generative model, we aim to produce stochastic
predictions leading to reliable saliency prediction. In this way,
we compare with GTSOD [95], another generative transformer
SOD model, in the way of both accurate and reliable saliency
prediction. Tables 2 and 3 show that the proposed iGAN achieves
comparable performance compared with GTSOD [95], leading
to an alternative generative saliency transformer. In Fig. 4, we
further visualize the produced uncertainty maps of GTSOD [95]
and ours for RGB SOD. The more reliable uncertainty maps,
highlighting the less confident or hard regions, further explain
our superiority. Besides the visual comparison, we also compute
calibration measures of GTSOD [95] and ours and show the results
in Table 6, which clearly shows the advantages of our model in
achieving better calibrated models compared with GTSOD [95].

4.1.2 Accurate Saliency Model

In Sec. 1, we discuss that the CNN backbone is not effective in
detecting salient objects that rely on global context and the stride
and pooling operation lead to less accurate structure information
of CNN backbone features. We then compare the performance
of CNN backbone (B_cnn with ResNet50 [18] backbone) and

transformer backbone model (B_tr with Swin transformer back-
bone [34]) for RGB image based SOD, and show performance in
Table 5, where the models share the same decoder*. Note that,
for both B_cnn and B_tr, we use binary cross-entropy loss for
the saliency generator. To further explain how the two types of
backbone based models perform with structure-aware loss [3] in
Eq. (10), we train B_cnn and B_tr with a structure-aware loss
instead and obtain model B’_cnn and B’_tr respectively. We also
visualize predictions from the two different backbone networks
in Fig. 5. The significant performance gap between the two
different backbones (B_cnn and B_tr) indicates the superiority of
the transformer backbone for SOD. Further, we observe, although
the transformer has encoded accurate structure information, the
structure-aware loss function (B’_tr) that penalizes the wrong
prediction along object boundaries can lead to more accurate
predictions (see Table 5 and Fig. 5).

Transformer backbone for large salient object detection:
As discussed, the larger receptive field of transformer backbone
makes it ideal for the context based task, i.e. salient object detec-
tion. We then visualize the performance (we use mean absolute
error (MAE) here as it’s easy to implement and share the similar
performance comparison trend with other measures) of CNN

4. We adjust the decoder accordingly to the backbone features.
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TABLE 5
Baseline model performance, where B_cnn and B_tr are models with CNN and transformer backbones respectively using a binary cross-entropy
loss function, B’_cnn and B’_tr are the corresponding models with the structure-aware loss function in Eq. (10).

DUTS [7] ECSSD [131] DUT [132] HKU-IS [133] PASCAL-S [134] SOD [135]
Method | Sq T Fg T B¢t MU |Sa® Fgt Egt ML[Sal Fgl Ect M]|Sal Fgt B¢t MU|Sa T Fgt B¢t MU|Sal Fg?t Ect M|
B_cnn | .878 818 .895 .042 [ .922 907 937 .039 | .822 .724 .834 .061 | 912 886 .933 .035 | .862 .838 .891 .067 | .831 .808 .846 .079
B’_cnn | .882 840 916 .037 | .922 919 947 .035| .823 .742 .851 .057 | 912 901 .947 .030 | .855 .841 .896 .065 | .832 .825 .863 .073
B_tr 907 .863 .930 .031 | .939 .929 957 .028 | .858 .786 .878 .051[.929 912 .954 .027 | .881 .866 911 .056 | .854 .841 .882 .065
B _tr |.911 .882 .947 .026 | .939 .940 .965 .024 | .860 .801 .894 .045 | 927 .921 .964 .023 | 876 .872 .917 .053 | .858 .853 .897 .059
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DUTS  ECSSD DUT HKU-IS  PASCAL-S SOD

[7] [131] [132] [133] [134] [135]

GTSOD [95] .0388 0214 .0461 .0231 0476 .0552
MCD .0391 .0230 .0468 .0234 .0498 .0581
TGAN .0382 .0227 .0464 .0227 .0488 .0570
TCVAE .0377 .0220 .0441 .0229 .0497 .0560
TABP 0365 {0204 .0430 0211 0487 0545
TIGAN 10353 0198 .0400 .0198 0467 0519

backbone (B’_cnn) and transformer backbone (B’_tr) w.r.t. size
of the salient foreground in Fig. 6. Specifically, we uniformly
group the scale of salient foreground to 10 bins and compute
the mean performance of each backbone based model. Fig. 6
shows that the transformer backbone based model outperforms the
CNN backbone based model almost consistently across all scales.
Specifically, the performance gap for the largest foreground scale
(on the DUT [132] and SOD datasets [135]) is the most significant
compared with other scales, which explains the superiority of
the transformer for large salient object detection. There also
exist scales for the HKU-IS [133] and PASCAL-S [134] datasets
when the transformer backbone based model fails to outperform
the CNN backbone based model, which are mainly due to the
“double-edged sword” effect of the transformer’s larger receptive
field, which will be explained in Sec. 4.3. Images in ECSSD
dataset [131] are relatively simpler compared with other datasets,

0.0 25 715 10.0 0.0

Scale Scale

Fig. 6. Model (B’_cnn and B’_tr in Table 5) performance (the top curve
of each block) w.r.t. salient foreground size distribution (the bottom bar
of each block) on six testing datasets.

and the foreground objects are distributed compactly around the
image center, leading to less significant performance gain with the
transformer backbone.
Auxiliary depth module for depth domain gap modeling: We
discuss this in Sec. 1 that the inconsistent depth distribution (see
Table 1 and Fig. 2) leads to a domain gap between the training
datasets and testing datasets for RGB-D salient object detection.
To solve the issue, we present an auxiliary depth module to fully
explore the depth contribution and fix the depth domain gap
issue via self-supervised learning. To evaluate the effectiveness
of the proposed auxiliary depth module, we design three SOD
models, namely the pure RGB image based model (“CB_RGB”
and “TB_RGB”), early fusion model (“CEarly” and “TEarly”)
and early fusion model with auxiliary depth module (“CADE”
and “TADE”), where “C*” represents CNN backbone (ResNet50
[18]), and “T*” is the transformer backbone. The performance of
each model is shown in Table 7.

Firstly, we observe the improved performance of early fusion
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TABLE 7

10

Depth contribution analysis for RGB-D SOD. Given the RGB image based model (““_RGB”), we first adapt it for RGB-D saliency detection with

early-fusion (“*Early”). Then, the auxiliary depth module is attached to “*Early” to analyze the depth contribution.

NJUZK [24] SSB [19] DES [23] NLPR [21] LFSD [26] SIP [28]
Method |So t Fs 1 Ee ? M L|Sat Fst BEet ML|Sat Fgt Bet ML|Sat Fs1 BEet ML|Sat Fat B¢t ML|Sat Fst Bet MU
CB_RGB| 906 891 936 .038 | 903 .882 933 .039 | 908 .890 .936 .025| 916 891 948 .025| 802 .777 833 .105 | 874 862 913 .052
CEarly | .912 901 941 .036|.903 .881 934 .038|.932 921 .964 .018| 914 886 .945 .026|.830 .804 .858 .082 | .878 .864 914 .050
CADE | 911 902 939 .036|.902 .877 936 .039|.935 922 968 .018|.922 896 951 .025|.860 .843 .899 .069 | .888 .880 .925 .045
TB_RGB| 924 919 .955 029 [ .922 .906 .952 .030 | 918 908 943 .022| 931 914 962 021 | 869 856 .899 .067 | .895 .898 935 042
TEarly |.925 917 .955 .028 | 911 .890 .948 .033 | .938 926 974 .016|.935 .916 865 .019| .875 .862 .903 .060 | .897 .895 .938 .039
TADE | .925 917 .953 .029 | 911 .890 946 .034 |.944 930 .977 .015| 934 913 .965 .018 | .879 .869 .910 .056 | .902 895 .939 .038

TABLE 8

Reliable fully-supervised RGB SOD models, where we present performance of stochastic saliency prediction models via GAN, CVAE, ABP as well
as the proposed iGAN. Performance of the baseline deterministic models (B’_cnn and B’_tr in Table 5) are listed for easier reference.

DUTS [7] ECSSD [131] DUT [132] HKU-IS [133] PASCAL-S [134] SOD [135]
Method [So t Fgt Eet ML|Sa® Fgt Eet MU|Sa? Fs1 Ee? ML|Sat Fat Ect ML|Sa® Fgt Ect ML|Sa? Fs1 Ect M
CGAN | 881 839 017 .036| 919 916 945 036 | 818 .734 845 .056 | 909 898 945 031 | 857 .845 899 .064 | 818 807 .846 .078
CCVAE| 877 .833 911 .040 | 922 920 .949 .034 | 817 .735 .845 .063 | 910 .900 .947 .031 | .855 .842 .897 .066 | .830 .822 .866 .073
CABP | 828 .757 .859 .058 | .887 .877 913 .055|.778 .670 .801 .078 | .878 .855 913 .047 | 810 782 .845 .094 | 773 .744 799 .102
CIGAN | 876 .820 .906 .042 | 923 913 945 037 | 823 .733 .848 .061 | 911 .892 .943 .034 | 856 .836 .893 .068 | .833 816 .862 .075
B’_cnn | 882 .840 916 .037 | 922 919 947 035 | .823 .742 851 .057 | 912 901 .947 .030 | .855 .841 .896 .065 | .832 .825 .863 .073
TGAN | 907 877 944 029 | 939 938 964 .025 | 852 .789 882 .051 | 927 920 .963 .024 | 878 .872 .918 .053 | 855 .849 894 .06l
TCVAE| 908 .879 .945 .028 | 940 .940 .966 .024 | 857 .796 .890 .048 | 927 .922 964 .024 | 876 .871 918 .054 | 858 .854 .898 .060
TABP | 910 .878 .944 .028 | .942 .940 .966 .024 | .860 .799 .891 .048 | .929 922 964 .024 | 879 870 .918 .054 | .860 .858 .897 .061
TIGAN | 909 873 941 028 | .941 936 964 .025|.861 .796 .890 .047 | .929 918 .962 .025|.879 .869 916 .054 | .861 .854 .894 060
B'_tr |.911 .882 .947 .026| 939 .940 .965 .024 | .860 .801 .894 .045 | .927 .921 .964 .023 | 876 .872 917 .053 | .858 .853 .897 .059

TABLE 9

Reliable fully-supervised RGB-D SOD models, where we present performance of stochastic saliency prediction models via GAN, CVAE, ABP as
well as the proposed iGAN. Performance of the baseline models (CADE and TADE in Table 7) are listed for easier reference.

NJU2K [24] SSB [19] DES [23] NLPR [21] LFSD [26] SIP [28]
Method S(‘,T FgT EgT M»L SQT FBT EfT M~L SQT FBT EETMJ/ S(VT FHT E&T M\L SQT F/jT E{T M.L SaT FBT EET MJ/
CGAN | 914 905 .943 .035| .904 .881 .937 .039|.929 917 957 .019 | .924 899 954 .023 | 849 .826 .884 .074 | .885 .875 .921 .047
CCVAE| .906 .894 .937 .039 | .896 .871 .934 .041 | .940 923 975 .017 | 916 .891 .951 .026 | .841 .825 .881 .075 | .887 .878 .927 .045
CABP | 916 .903 .941 .034 | .905 .878 .935 .039 | .941 .928 972 .017 | .921 .891 .949 .025 | .845 .828 876 .077 | .888 .876 .922 .046
CIGAN | 914 900 .939 .036 | .903 .876 .934 .040 | .937 921 .970 .018 | .922 .890 .952 .025 | .851 .832 .889 .075 | .884 .870 917 .049
CADE | 911 .902 .939 .036 | .902 .877 .936 .039 | .935 .922 968 .018 | .922 .896 .951 .025 | .860 .848 .899 .069 | .888 .880 .925 .045
TGAN | .928 921 .956 .027 | 911 .890 .946 .034 | 941 .931 975 .015]| .934 915 964 .019 | .875 .860 .903 .060 | .900 .901 .939 .038
TCVAE | 928 .922 .956 .028 | 911 .889 .944 .035| .941 929 973 016 |.935 915 964 .020 | .879 .863 .905 .060 | .903 .904 .941 .038
TABP | .927 917 .954 .029 | .913 891 .947 .034 | .943 929 974 .015| 933 911 962 .020 | .870 .852 .900 .065 | .904 .900 .942 .037
TIGAN | .928 919 .956 .028 | .915 .893 .947 .034 | .940 929 970 .016 | .932 911 961 .020 | .884 .868 .911 .057 | .905 .901 .941 .037
TADE |.925 917 953 .029| 911 .890 .946 .034 | .944 930 .977 .015|.934 913 .965 .018 | .879 .869 .910 .056 | .902 .895 .939 .038

models compared with training only with RGB images, indicating
the benefits of depth for SOD. Further, as shown in Fig. 2,
salient foreground depth contrast of the LFSD dataset [26] is most
different from the corresponding RGB image salient foreground
contrast. In this way, we claim that the auxiliary depth module
should contribute the most, which is consistent with our exper-
iments. Note that, the proposed auxiliary depth module aims to
further explore the depth contribution, especially for depth data
that distributes differently from the training dataset.

4.1.3 Reliable Saliency Model

Model reliability is an important factor for measuring account-
ability for decisions before deployment, and a reliable model
should be aware of its predictions. In this paper, we introduce
the iGAN for reliable saliency detection with an image condi-
tioned latent prior. In addition to the proposed iGAN, we also
design GAN-based [36], CVAE-based [96], [98] and ABP-based
[38] generative models for RGB SOD and RGB-D SOD. The
performance is shown in Table 8 and Table 9 respectively, where
“CGAN”, “CCVAE”, “CABP” and “CIGAN” are the stochastic

models based on GAN, CVAE, ABP, and the proposed inferential
GAN respectively with CNN backbone, and “TGAN”, “TCVAE”,
“TABP” and “TIGAN” are the transformer counterparts.

For easier reference, we also include the baseline models
B’_cnn and B’_tr from Table 5 in Table 8, and the CNN and trans-
former backbone based stochastic models are built upon the two
baseline models respectively. The stochastic RGB-D SOD models
in Table 9 are based on the corresponding RGB-D SOD models
with auxiliary depth module as shown in Table 7. We show the
performance of “CADE” and “TADE” for easier reference. Table
8 and Table 9 show that the four types of generative models can
achieve comparable deterministic performance (compared with the
corresponding deterministic baseline models) for both RGB image
based SOD and RGB-D image pair based SOD. As the goal
of a generative model is to obtain stochastic predictions for the
model explanation, the deterministic performance may be slightly
The proposed inferential GAN, e.g. “CABP” for RGB SOD. The
main reason lies in two parts. First, the hyper-parameters within
the inference model in Eq. (7) need to be tuned to effectively
explore the latent space. Second, the final performances of those
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Fig. 7. Predictions from different generative models in Table 8, where we randomly sample 7' = 10 times and obtain the entropy of mean prediction
as predictive uncertainty [39]. Note that the predictions within each method block are saliency prediction and uncertainty respectively.

TABLE 10
Weakly-supervised SOD models analysis with both the CNN and transformer backbone, where models in the top block are the CNN based models
with different weakly supervised loss functions, and models in the bottom block are the corresponding transformer based counterparts.

DUTS [7] ECSSD [131] DUT [132] HKU-IS [133] PASCAL-S [134] SOD [135]
Method  [Sot Fs 1 B¢t ML[Sat Fst Be? MU[Sat Fat Bt ML|Sat Fst Bt ML[Sat Fst Bet MU[Sat Fst Bt M
BCNN 754 641 806 .088 | .822 .771 .868 .087 | .723 .588 .758 .107 | .807 .739 .864 .080 | .760 .703 .812 .117 | .745 .692 .801 .117
BCNN_S 805 724 858 .069 | .869 .846 913 .060 | .771 .664 806 .088 | .859 .822 913 .055| .802 .768 .855 .095]| .780 .750 .841 .098
BCNN_G 835 781 .884 .053|.895 .889 934 .046|.796 .708 .831 .068 | .883 .871 .932 .041 | .825 .807 .874 .080 | .797 .787 .843 .870
BCNN_self | .787 .682 .834 .077 | .851 .803 .888 .075]|.761 .634 .793 .089 | .833 .767 .880 .072 | .796 .743 839 .100 | .766 .716 .811 .111
BCNN_weak | .839 792 .892 .050 | .895 .892 .934 .044 | .800 .719 .835 .063 | .886 .877 935 .039 | .829 .813 .880 .078 | .788 .778 .834 .088
BT 748 636 798 .081 | .834 .786 .885 .071 | .728 .600 .765 .099 | .802 .734 861 .077 | .777 .727 .830 .100 | .756 .710 .820 .108
BT_S 829 767 .893 .053 | .886 .878 .938 .045 | .807 .726 .854 .069 | .869 .848 932 .046 | .825 .810 .884 .078| .802 .791 .869 .085
BT_G 857 808 916 043 | 908 903 951 036|825 751 870 059 |.896 883 949 035 |.843 831 898 069 | 819 813 877 077
BT_self 791 683 .840 .070 | .854 .799 .893 .069 | .773 .649 809 .083 | .832 .763 .882 .070 | .802 .748 .846 .094 | .781 .732 .836 .101
BT_weak 858 .815 917 .042 | .908 .907 .952 .035| .835 .770 .879 .054 | .898 .891 .952 .034 | .848 .843 .904 .065 | .821 .819 .880 .075

generative models are obtained by performing multiple iterations
(10 iterations in this paper) of forward passes during testing, and
the performance of the mean prediction is then reported, which
varies with different iterations of sampling. In this paper, we
focus on the new generative model for accurate and reliable SOD,
we leave the generative model hyper-parameter tuning for future
work.

Besides the deterministic performance, the main advantage
of the generative model is its ability for stochastic predictions,
making it possible to estimate predictive uncertainty [39] for
model reliability estimation. In Fig. 7, we visualize the uncertainty
maps of each generative model. In this paper, the “uncertainty”
refers to predictive uncertainty [39], [143], which is the total
uncertainty, including both data uncertainty and model uncertainty.
Given the mean predictions after multiple forward passes during
testing, the predictive uncertainty is defined as the entropy of
the mean prediction. A reliable model should be aware of its
prediction, leading to a reasonable uncertainty model to explain
model prediction. Fig. 7 shows that the uncertainty map from the
proposed inferential GAN explains better model prediction, high-
lighting the hard samples caused by training/testing discrepancy.
Especially, for the 15 sample the bottom region is relatively low-
contrast, which is different from the high-contrast foreground in
the training dataset. The ground truth of the 2" image is biased,
focusing only on a compact foreground region, where the less
compact region is discarded. All four latent variable models can
discover the discarded less compact region, where the uncertainty
map of “TIGAN” is more informative in explaining the less
accurate predictions (see Table 6 for extensive comparison).

4.2 Accurate and Reliable Weakly-supervised Salient
Object Detection

Different from pixel-wise annotation based fully supervised SOD,
weakly supervised SOD models learn saliency from cheap annota-
tions, e.g., scribble annotations [6], image-level labels [7]. In this
paper, we investigate the superiority of the transformer backbone
for weakly supervised SOD with scribble supervision [6].

4.2.1 Weakly-supervised Transformer

The main difficulty of learning from weak annotations is the
missing structure information, which cannot be recovered without
extra structure-aware regularizers. In this way, the main focus of
designing models to learn from weak annotations is to recover the
missing structure information. Specifically, we investigate three
widely used strategies, namely smoothness loss [144], gated CRF
loss [123], and data-augmentation based consistency loss. The first
and second ones aim to recover the structure of prediction, and
the third one aims to achieve transformation robust prediction,
serving as an internal data augmentation trick. To test how the
model performs with different loss functions within both the CNN
framework and the transformer framework, we design models with
each type of loss function within both the CNN backbone and
transformer backbone and report the performance in Table 10.

Implementation details: To train the weakly-supervised trans-
former for SOD, similar to [6], we adopt extra smoothness
loss [144] Ly, the gated CRF loss [123] Lg¢r¢ and the data-
augmentation based self-supervised learning strategy [120] L
to recover the missing structure information in scribble anno-
tation. The smoothness loss aims to produce a saliency map
with edges well-aligned with the input image. The gated CRF
loss introduces pairwise constraints to produce a saliency map
with spatial consistency. The self-supervised learning strategy
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Fig. 9. Weakly supervised saliency model predictions with different loss functions. Detailed performance of each model is illustrated in Table 10.

aims to achieve transformation robust predictions. For the Swin
transformer backbone [34], as it can only take fixed-size input, we
perform image rotation instead of image scaling to achieve data
augmentation. Specifically, we define the self-supervised loss as a
weighted sum of the structural similarity index measure [129] and
L1 loss, which is defined as:

L =axSSIM(s,s") + (1 —a)xLi(s,s"), (12

where s = fp(T'(z)) is the output of the generator with the
rotated image® T'(z) as input, and st = T'(fp(z)) is the rotated
prediction with original image z as input. We randomly pick
the rotation 7°(.) from {m,1/27, —1/27} in our experiments. «
is used to balance the two types of loss functions and we set
o = 0.85 in our experiments following [120]. Further, given the
scribble annotation, we adopt the partial cross-entropy loss Ly to
constrain predictions on the scribble region. In this way, we define
the loss function for the weakly-supervised model as:

Cweak = Epce + /\1 * Esm + )\2 * Egcrf + )\3 * Ess'

With grid search, we set A7 = 0.3, Ao = 1.0 and A3 = 1.2.
CNN backbone vs Transformer backbone: We design two
different models with ResNet50 [18] and Swin transformer [34] as
the backbone. The decoder part is the same as B’_tr in Table 5. We
train the two models with only partial cross-entropy loss, and we
show their corresponding results in Table 10 “BCNN” and “BT”
respectively. The significantly improved performance of “BT”
compared with “BCNN” shows the effectiveness of the trans-
former backbone for weakly-supervised SOD. We also visualize
the features of the two trained models in Fig. 8, where heat maps
are the features and gray maps are the predictions. We observe
clear structure information in “Transformer”, which explains the
superior performance of the transformer for weakly-supervised
learning via supervisions with less structure information [145].
Weakly-supervised loss analysis: Besides the partial cross-
entropy loss, we use three extra loss functions for weakly-
supervised SOD, namely smoothness loss to constrain the pre-
dictions to be well aligned with the image edges, gated CRF
loss to regularize the pairwise term predictions which aim to
produce similar predictions for spatially similar pixels, and a self-
supervised loss to effectively learn from less supervision data with

(13)

5. In this paper, we perform image rotation instead of image scaling due to
the fixed input size of Swin transformer [34].

consistency loss, e.g., rotation-invariant predictions. We then carry
out extra experiments to verify the effectiveness of each loss func-
tion and show the results in Table 10. “BCNN_S”, “BCNN_G”
and “BCNN_self” indicate baseline model (“BCNN”) training
with extra smoothness loss “Lg,”, gated CRF loss “L,.” and self-
supervised loss “Lg”. “BT_S”, “BT_G” and “BT_self” are the
corresponding transformer backbone counterparts. We observe an
improved performance of each extra loss function, which explains
their effectiveness. Further, we find that the smoothness and gated
CRF achieve more performance gain than the self-supervised
loss, which mainly comes from their effective structure modeling
ability. The improved performance of BCNN_weak and BT_weak
with the weighted loss function in Eq. (13) compared with the
corresponding models with individual loss functions verifies the
effectiveness of the proposed weighted weakly supervised loss
function. We also show predictions of the weakly supervised
models in Fig. 9. It is clear that both the base model with only
partial cross-entropy loss (“BCNN” and “BT”) and the model with
extra self-supervised loss (“BT_self”) fail to accurately localize
object boundaries, leading to blurred predictions. The main reason
is the absence of structure constraints. The smoothness loss and the
gated CRF loss work better in modeling the structure information,
leading to more accurate predictions, especially along object
boundaries, and models (“BCNN_weak” and “BT_weak™) with
our final loss function (Eq. (13)) achieve the best performance.

4.2.2 Reliable Weakly-supervised Transformer

The generative models for the fully-supervised setting are straight-
forward, as we can simply take the inferred latent variable as
part of the input, and the discriminator can directly estimate
the real/fake of its input (the ground truth/model prediction). In
this section, we apply our proposed inferential GAN (iGAN) to
weakly-supervised RGB SOD. We also design the GAN [36],
CVAE [96], [98], and ABP [38] based generative models for
comparison. Similarly, we design the generative model within
both the CNN backbone and the transformer backbone. The
performance is shown in Table 11, where “CGAN”, “CCVAE”,
“CABP” and “CIGAN” are the stochastic models based on GAN,
CVAE, ABP, and the proposed inferential GAN respectively with
CNN backbone, and “TGAN”, “TCVAE”, “TABP” and “TIGAN”
are the corresponding transformer counterparts. Same as the fully-
supervised reliable models in Table 8 and Table 9, the prior
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TABLE 11
Reliable weakly-supervised RGB SOD models, where the deterministic models (““_weak”) is trained loss function in Eq. (13).
DUTS [7] ECSSD [131] DUT [132] HKU-IS [133] PASCAL-S [134] SOD [135]
Method Sa T Fg 1t Eet ML|Sat Fgt Ect ML|Sat Fg1 Ect MUL|Sat Fg 1t Ect ML|Sat Fs1t Ect ML|Sat Fgt Ect M
CGAN 834 785 .887 .053 | .891 .888 932 .046 | .792 .706 .826 .069 | .881 .873 933 .041 | .828 .814 .880 .079 | .798 797 .852 .082
CCVAE 832 781 .882 .055|.894 .889 .934 .045|.793 .708 .827 .070 | .883 .872 933 .041 | .822 .806 .876 .081 |.797 .792 .851 .085
CABP 838 790 .893 .051 | .894 .890 .935 .044 | .801 .718 .838 .064 | .887 .878 .937 .039 | .828 .813 .882 .078 | .794 791 .848 .084
CIGAN 834 779 887 .056 | .896 .890 .938 .044 |.799 .713 .838 .070 | .886 .873 .938 .039 | .827 .810 .880 .079 | .800 .793 .855 .083
BCNN_weak | .839 792 .892 .050 | .895 .892 .934 .044 | .800 .719 .835 .063 | .886 .877 .935 .039 | .829 .813 .880 .078 |.788 .778 .834 .088
TGAN 856 .813 918 .043 | 906 .905 .950 .037 | .824 .753 .868 .060 | .895 .886 .949 035 |.848 .840 .905 .065 | .819 .816 .878 .076
TCVAE 855 813 916 .043 | .907 .906 .950 .036 | .825 .757 .872 .059 | .894 .887 .949 .035| .843 .837 .900 .067 | .814 .813 .873 .079
TABP 854 812 917 .043|.905 .905 .951 .036|.827 .759 .875 .058 | .893 .887 .950 .035 | .847 .844 .906 .064 | .810 .810 .868 .082
TIGAN 855 814 918 .043|.905 .905 .950 .037 | .826 .760 .874 .058 | .893 .887 .949 .035| .844 .839 .902 .066 | .811 .810 .872 .082
BT_weak 858 815 917 .042|.908 .907 .952 .035|.835 .770 .879 .054 | .898 .891 .952 .034 | .848 .843 .904 .065 | .821 .819 .880 .075
TABLE 12
Model analysis related experiments, where we discuss model performance with respect to model optimizer (“B’_SGD” and “B’_trSGD”),
initialization weights (“B’_R”, B'_trR and B’_tr22K) and different transformer backbones (“B’_ViT").
DUTS [7] ECSSD [131] DUT [132] HKU-IS [133] PASCAL-S [134] SOD [135]
Method |So t Fg T Ect M |Sa® gt Eet M|Sat Fgt Ect M|Sal Fg1 Ect M1[Sat Fgt Ect M||SaT Fgt Ect M
B _cnn | .882 840 916 .037 | 922 919 .947 .035| .823 742 851 .057 | 912 901 947 .030 | .855 .841 .896 .065 | .832 .825 .863 .073
B’_SGD | .876 .826 .910 .041 | 918 910 .944 .038 | .820 .733 .846 .062 | .909 .894 .945 .033 | .856 .840 .895 .067 | .827 .813 .863 .077
B’_R 745 623 773 110 | .832 789 .853 .093 | .738 .605 .762 .114 | .820 .760 .858 .084 | .752 .697 .777 .140 | .725 673 .758 .145
B’_tr 91T 882 947 .026 | 939 940 .965 .024 | 860 .801 .894 .045 | 927 .921 964 .023 | 876 .872 917 .053 | .858 .853 .897 .059
B’_uSGD| .899 .861 .936 .031 [ .928 .923 954 .032| .854 .786 .886 .046 | .921 .909 .956 .029 | .867 .856 .905 .061 | .833 .818 .862 .075
B _trR | 768 .667 .804 .097 | .848 819 .874 .082 | .754 .637 .784 .105 | .843 .803 .884 .070 | 760 715 .794 .134 | .730 .689 .763 .142
B'_tu22K | 918 .891 .952 .025 | .944 943 .967 .022 | .869 .814 .902 .044 | .933 928 .968 .022 | .885 .881 .925 .050 | .863 .863 .900 .059
B'_VIT |.922 .899 .955 .023 | .943 .945 .967 .022 | .874 .824 .906 .043 | .934 .931 .969 .021 | .884 .884 .926 .050 | .858 .859 .895 .065
TABLE 13
Replacing the CNN backbone of existing RGB SOD models with a transformer backbone.
DUTS [7] ECSSD [131] DUT [132] HKU-IS [133] PASCAL-S [134] SOD [135]
Method  |So 1 Fg 1t Eet M| |Sa 1 Fg 1t Ect M ||Sal Fg? Ect M| |Sal Fg? Ect M||Sal Fg? Ect M||Sal Fgt Ect M|
SCRN [2] | .885 .833 .900 .040 | .920 .910 .933 .041 | .837 .749 .847 .056 | 916 .894 .935 .034 | .869 .833 .892 .063 | .817 .790 .829 .087
F3Net [3] | .888 .852 .920 .035|.919 .921 .943 .036|.839 .766 .864 .053 | 917 910 .952 .028 | .861 .835 .898 .062 | .824 .814 .850 .077
SCRN* [2]| .908 .873 .937 .029 | .937 .935 .960 .027 | .864 .800 .890 .044 [ .930 .919 .958 .026 | .875 .870 911 .057 | .843 .836 .865 .069
F3Net* [3]| 913 .891 .950 .024 | .939 .941 .965 .023 | .860 .802 .891 .042 | 928 .925 .964 .023 | 872 .872 916 .055|.848 .849 .881 .065
B’ _tr 911 .882 .947 .026 | .939 940 .965 .024 | .860 .801 .894 .045 | .927 921 .964 .023 | .876 .872 917 .053 | .858 .853 .897 .059

and posterior distribution models of the CVAE based models are
designed following [4].

Implementation details: For the learning process of the reliable
weakly-supervised transformer, we apply the same pipeline of
the fully supervised method. Considering there is only scribble
ground-truth as supervision in training the discriminator, we use
partial cross-entropy loss for training the discriminator within the
GAN and our proposed iGAN based models, and the adversarial
loss L,qy is also partial cross-entropy loss.

Performance analysis: For easier reference, we also list the base-
line models “BCNN_weak” and “BT_weak” from Table 10 and
Table 11, and the CNN and transformer backbone based stochastic
models are built upon the two baseline models respectively. Same
as the results of fully supervised SOD models in Table 8, the three
types of generative models for weakly-supervised SOD can also
achieve comparable deterministic performance.

4.3 Discussions

We further analyze our transformer backbone-based models in
details. Unless otherwise stated, the experiments are based on the
fully supervised deterministic RGB SOD (“B’_tr” in Table 5).

Model performance w.r.t. optimizer: We observe that the
AdamW optimizer is more suitable to train the transformer back-
bone (Swin [34] in particular) based framework compared with

SGD. To explain this, we train B’_cnn and B’_tr with SGD as
optimizer, leading to B’_SGD and B’_trSGD respectively in Table
12. We observe that for both the CNN and transformer backbone
based networks, the SGD optimizer usually achieves worse per-
formance compared with the AdamW optimizer. Note that models
with the two types of optimizers share the same initial learning
rate, and “SGD” in this paper is SGD with a momentum of 0.9.
We find that after the first epoch, the AdamW optimizer based
model jumps directly to a minimum of smaller loss compared
with SGD, and later, the loss decrease behaviors of both models
are similar. We also tried different learning rate configurations for
models with the two types of the optimizers, and the performance
of SGD based model is still bad. We further explore whether the
AdamW converges faster than SGD. However, even when we train
more epochs for SGD based model, the conclusion is still similar.
We will investigate it further to extensively explain the different
model behaviors with various types of optimizers.

The importance of initialization weights: For both CNN
and transformer backbone, we initialize them with the image
classification model trained on the ImageNet-1K [146] dataset.
To test how the initialization weights contribute to the model
performance, we randomly initialize the two models (B’_cnn
and B’_tr in Table 5) and obtain model performance as B’_R
and B’_trR in Table 12. We observe the worse performance of
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both B’_R and B’_trR, which further illustrates the necessity
of fine-tuning the backbone models for SOD. We also initialize
our transformer backbone with parameters pre-trained on the
ImageNet-22K dataset and show the result as B’_tr22K in Table
12. The better performance of B’_tr22K compared with B’_tr
again explains the importance of the initialization weights.
Different transformer backbones analysis: Following our
pipeline, we change the Swin transformer backbone [34] to the
ViT backbone [33], [41], and achieve B’_ViT in Table 12. Note
that, the ViT backbone we used in Table 12 is initialized with
weights trained on ImageNet-22K. The comparable performance
of B’_ViT compared with B’_tr22K explains that the two types of
backbones both work for SOD.

DUTS DUT
0.05
W{)rmer \ —— Transformer
oo4f — N ——— | 200 B o
= =
003 \f\//} 0.05
10 30 50 70 90 10 30 50 70 90
Training data ratio /% Training data ratio /%
ECSSD HKU-IS
3 0.04 N’ﬂsfﬂrmcr . 0.035 wansformcr
<Et —— ONN | <0030f — CNN
0.03 —1 T 1 L I S
10 30 50 70 90 10 30 50 70 90
Training data ratio /% Training data ratio /%
PASCAL-S SOD
o]~ Tontomer gcp| ot
< —— CNN T <V — CNN B I—
= 0.06 =

10 30 50 70 90 10 30 50 70 90
Training data ratio /% Training data ratio /%

Fig. 10. Model performance of the CNN backbone and the transformer
backbone w.r.t.different training dataset sizes on six testing datasets.

Model performance w.r.t. training datasets scales: As the two
types of backbones have significantly different numbers of model
parameters, leading to different model capacities. We aim to
analyze how model capacity is sensitive to scales of the training
dataset. We then train our transformer backbone networks (B’_tr)
and CNN backbone based model (B’_cnn) in Table 5) with
different sizes of training datasets, which are 10%, 30%, 50%,
70%, 90% of the entire training dataset respectively, and report
the model performance in Fig. 10. The consistently better perfor-
mance of the transformer backbone-based model with regard to
different numbers of training examples explains its effectiveness.
Meanwhile, we observe that the model performance is not always
increasing with a larger training dataset, which inspires us to work
on an active learning-based transformer network to actively select
representative samples for model training.

Model performance with different decoders: To test how the
transformer encoder performs with different decoders, we change
the backbone of existing SOD models (SCRN [2] and F3Net [3])
to transformer backbone [34], and show their performance in
Table 13, where “*” is the transformer backbone based counter-
part. Table 13 shows that the transformer backbone can indeed
improve the performance of existing SOD models. However, we
observe similar performance of model with our decoder (B’_tr)
(around 1M parameters) compared with other complicated de-
coders (more than 20M for both SCRN [2] and F3Net [3]). The
Swin backbone model [34] has around 85M parameters, and its
high capacity poses challenges to the decoder design. We argue
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that the transformer-compatible decoder should be investigated to
further explore the contribution of transformer backbones.

Model performance with conventional uncertainty estimation
techniques: A systematic way to deal with model uncertainty is
via Bayesian statistics [39], [143], [149]-[151]. Bayesian Neural
Networks aim to learn a distribution over each of the network
parameters by placing a prior probability distribution over network
weights, i.e. p(0| D). According to the Bayesian rule, the posterior
over model parameters p(6|x,y) (or p(f| D)) can be achieved as:

p(z,y|0)p(0) _  p(z,yl0)p(0)
p(z,y) I vz, y|0)p(0)do-
The marginalization over 6 to calculate p(, y) in the denominator
is intractable. p(6|z, y) is then not available in closed-form, mak-
ing it computationally intractable to calculate the exact Bayesian
posterior. More efforts have been put into developing approxi-
mations of Bayesian Neural Network that can work in practice,
including Variational Inference (VI) [152]-[154] and Markov
Chain Monte Carlo (MCMC) [155]. [156] shows that a neural
network of arbitrary depth and non-linearity, with dropout applied
before every weighted layer, is mathematically equivalent to an
approximation to the probabilistic deep Gaussian process [157]
(GP). Based on it, [156] further shows that the dropout objective
minimizes the KL divergence between an approximate distribution
and the posterior of a deep Gaussian process. In this paper,
we apply MC-dropout [156] as a free-lunch model uncertainty
estimation technique to our baseline model B’_tr in Table 8 with
dropout rate 0.3, and show its performance in Table 6, which again
verify the effectiveness of our model in achieving better model
calibration.
Robustness to adversarial attack: Deep neural network based
models are known to suffer from adversarial examples. With small
perturbations, model predictions can be changed drastically [158].
Common defense methods for adversarial attacks include adver-
sarial training [148], certified robustness [159], etc.In this paper,
we investigate model robustness with respect to adversarial attack.
Specifically, we discuss FGSM [147], a gradient based attack, and
perform adversarial training [148] to achieve model defense.
FGSM [147] attack only needs to do backprop once to get the
gradient of classification loss with respect to the input x, and the
adversarial sample x,4, can be generated via:

p(0lz,y) = (14)

5)

where L£(6,x,y)) is the classification loss, and the sign function
is used to achieve faster convergence. Correspondingly, the adver-
sarial training based defense is achieved via training the model
with adversarial sample pair (Z44y,, ¥), leading to a new objective:

Tady = T + €sign(V,L(0, z,)),

ngn ]E(x,y)ND Igleag‘( ‘C(07 T+ 57 y) ) (16)
where S is the candidate adversarial attacks. In practice, a more
efficient way to achieve adversarial training based defense is
thorough joint training with both clean sample = and adversarial
sample x,4, With weighted loss:

mgin(aﬁ(@,ay) +(1—a)L(0, Tadv,y)) %))

where @« = 0.5 is used to control the balance of accurate
prediction (£(0, x, y)) and model robustness (L£(0, Taqv, y))-

In this paper, we perform adversarial attack with FGSM [147]
and defense with adversarial training in Eq. (17) to both the base-
line models (B’_cnn and B’_tr in Table 8) and the proposed iGAN
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TABLE 14
Model robustness to adversarial attack and defense.
DUTS [7] ECSSD [131] DUT [132] HKU-IS [133] PASCAL-S [134] SOD [135]
Method |So T Fg 1t Egt M L|Sa 1 Fgt Ee? ML |Sal Fg? B¢t MU|Sal Fgt Ec® MI|Sat Fg? Ect M]|Sal FgT B¢t M
B'_cnn | 882 840 916 .037 | .922 919 947 .035] .823 .742 851 .057 | 912 901 .947 .030 | .855 .841 .896 .065 | .832 .825 .863 .073
CIGAN | 876 .820 .906 .042 | .923 .913 .945 .037 | .823 .733 .848 .061 | 911 .892 .943 034 | .856 .836 .893 .068 | .833 .816 .862 .075
B_tr 911 .882 947 .026 | 939 940 965 .024 | .860 .801 .894 .045|.927 921 964 .023 | .876 .872 917 .053 | .858 .853 .897 .059
TIGAN | 909 .873 941 .028 | .941 .936 .964 .025| .861 .796 .890 .047 | .929 918 .962 .025 | .879 .869 .916 .054 | .861 .854 .894 .060
Performing FGSM [147] Attack
AB’_cnn | 782 709 824 .082 | .837 .829 .874 .078 | .714 594 744 113 | 838 818 .889 .061 [ .771 747 819 113 ] .713 .680 .747 .134
ACIGAN | .786 .692 .813 .092 | .858 .833 .883 .076 | .730 .601 .753 .119 | .853 .814 .887 .065 |.789 .758 .824 .113|.737 .690 .774 .136
AB’_tr | 802 .744 872 .065 | .844 840 .898 .068 | .746 .652 .808 .093 | .840 .823 910 .056 | .779 759 .842 .100 | .746 734 .807 .113
ATIGAN | 881 .837 921 .040 | .916 .912 946 .037 | .841 .773 879 .056 | .909 .897 .950 .033 | .856 .851 .899 .067 | .848 .847 .891 .067
Performing Adversarial Training [148] based Defense
DB’_cnn | .822 761 .862 .063 | .872 .868 906 .059 | .756 .649 786 .088 | .870 .855 916 .047 | .806 .787 .850 .093 | .765 .740 .798 .105
DCIGAN| 838 775 872 .059 | .891 .881 918 .053 | .781 .676 .808 .084 | .886 .866 .922 .044 | .826 .806 .867 .088 | .783 .759 .819 .104
DB’ _tr | .861 .822 909 .045|.902 .905 .939 .041 | .802 .726 .845 .070 | .893 .887 .941 .036 | .827 .819 .877 .078 | .797 .793 .842 .090
DTIGAN | 906 .874 .942 .030 | .939 .938 964 .025 | .864 .806 .898 .048 | .929 921 964 .024| .873 869 915 .056 | .866 .866 .903 .058
—
Yox x| ox
T Y CIGAN TIGAN

Fig. 11. Model robustness to adversarial attack, i.e. FGSM [147] attack, where the samples (from left to right) within each method (CIGAN and
TIGAN) are the prediction of z, the adversarial sample x4, , its prediction s, 4., and the prediction of x4, after adversarial training.

BRI ENEN
— =g
GT

B’_tr CIGAN CGAN
Fig. 12. Failure cases of the transformer backbone compared with the
CNN backbone (B'_cnn and B’_tr), and iGAN compared with CGAN
within the CNN backbone (CIGAN and CGAN) for RGB SOD.

B’_cnn

Image

based frameworks (CIGAN and TIGAN in Table 8). Specifically,
based on the above models, we set € 8/255 in Eq. (15)
following [147] to generate adversarial samples .4, of each
training image, which will be used to train the above models
again together with the clean sample x to achieve the defense
process. We report model performance in Table 14. Note that
the performance of attacked models is obtained by performing
FGSM [147] attack on the testing samples, where the adversarial
testing samples are fed to the specific model to generate the
predictions. We show in Fig. 11 the clean sample x and its
prediction s, the adversarial sample x,4, and its prediction Sqqy,
and the prediction of z and x4, after the defense. Fig. 11 and
Table 14 show that invisible adversarial attack [147] can cause
significant performance degradation, which can be partially solved
with the adversarial training strategies [148]. We also observe the
slightly robust performance of the proposed iGAN frameworks
(CIGAN and TIGAN) compared with the baseline models, which
further explain the robustness of the proposed generative model.

Failure Case Analysis: To further investigate the limitations of
both the transformer backbone and the iGAN framework, we look
deeper in Table 8 and Table 9, and the predictions of each related
model. We find out two main issues: 1) the transformer backbone
does not always perform superior to the CNN backbone; 2) our
iGAN model can lead to over-smoothed predictions compared

with CGAN due to the diverse generation process.

For the former, to exclude the influence of the iGAN frame-
work, we compare the predictions of the CNN backbone (B’_cnn)
and transformer backbone (B’_tr) for RGB SOD, and show sam-
ples in Fig. 12. We observe more false positives within B’_tr,
which can be explained as the “double-edged sword” of the
transformer backbone. On the one hand, the larger receptive field
of the transformer makes it superior in localizing the larger salient
foreground. On the other hand, the less salient objects that expand
for a larger region can be falsely detected as positive foreground.
We argue that salient object ranking [160] can be beneficial in
identifying the less salient regions by providing extra saliency
degree evaluation. For the latter, as the latent variable z within
iGAN is conditioned on input z, leading to informative latent
space, where the predictive distribution p(y*|z*, 0, z) for input z*
has larger variance compared with the CGAN based framework.
In this case, the averaged prediction is over-smoothed. Similarly,
this issue can also be fixed with saliency ranking [160].

5 CONCLUSION AND FUTURE WORK

In this paper, we proposed an inferential GAN within the trans-
former framework for both fully and weakly supervised SOD.
Different from typical GANs that define the prior distribution
as a standard normal distribution, we inferred the latent variable
via Langevin Dynamics [37], a gradient based MCMC, leading
to the image-conditioned prior distribution. Through extensive
experiments, we observed that a larger receptive field of the
transformer leads to its better performance on images with larger
salient objects (see Fig. 6). However, we also found the double-
edged sword effect of the larger receptive field that leads to serious
false positives (see Fig. 12). Further, for RGB-D SOD,we found
that the various depth sensors lead to a domain gap between the
training dataset and the testing dataset (see Table 1 and Fig. 2).
We then presented auxiliary depth module, leading to consistent
depth contribution (see Table 7). For weakly supervised SOD,
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we observed that the accurate structure information encoded in
the transformer backbone as shown in Fig. 8 makes it power-
ful in generating structure-preserving predictions (see Table 10).
Extensive experimental results demonstrate the superiority of our
transformer backbone-based generative network, achieving new
benchmarks with reliable uncertainty maps.

Our proposed generative model aims to estimate the reliability
of saliency prediction with uncertainty maps, which also show
superiority in achieving robust models (see Table 14 and Fig. 11)
and well calibrated models (see Table 6). Our future work includes
two main parts. Firstly, we will apply the produced uncertainty
map (see Fig. 7 ) to the saliency generator for effective hard
negative mining. In this way, the uncertainty map can not only
explain model predictions but also serve as an important prior
for effective model learning. Secondly, we have several hyper-
parameters within the inference model, and we observe that our
model performance can be influenced by them. We plan to further
investigate model performance w.r.t.those hyper-parameters.
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