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Abstract

In this paper, we explore how to develop salient object de-
tection models using adder neural networks (ANNs), which
are more energy efficient than convolutional neural networks
(CNNs), especially for real-world applications. Based on our
empirical studies, we show that directly replacing the con-
volutions in CNN-based models with adder layers leads to a
substantial loss of activations in the decoder part. This makes
the feature maps learned in the decoder lack pattern diversity
and hence results in a significant performance drop. To alle-
viate this issue, by investigating the statistics of the feature
maps produced by adder layers, we introduce a simple yet ef-
fective differential merging strategy to augment the feature
representations learned by adder layers and present a sim-
ple baseline for SOD using ANNs. Experiments on popular
salient object detection benchmarks demonstrate that our pro-
posed method with a simple feature pyramid network (FPN)
architecture achieves comparable performance to previous
state-of-the-art CNN-based models and consumes much less
energy. We hope this work could facilitate the development
of ANNs in binary segmentation tasks.

Introduction
Salient object detection (SOD), as one of the essential tasks
in computer vision, has attracted tremendous interest from
both academic and industrial communities over the past two
decades. Because of the ability to detect the most salient
and attention-grabbing objects in a scene (Cheng et al. 2014;
Borji et al. 2019), SOD plays a significant role in intelligent
cameras, content-aware image editing (Avidan and Shamir
2007; Achanta and Süsstrunk 2009; Pritch, Kav-Venaki, and
Peleg 2009), visual tracking (Hong et al. 2015; Mahadevan
and Vasconcelos 2009; Smeulders et al. 2013), segmenta-
tion (Sun 2024), etc. With the in-depth study of deep learn-
ing techniques (Wang et al. 2023; Cheng and Sun 2024; Liu
et al. 2022, 2024), fully convolutional networks have dom-
inated the area of salient object detection and have been
the mainstream in recent years (Hou et al. 2019; Yin et al.
2024b; Zhang et al. 2018; Qin et al. 2019; Wu, Su, and
Huang 2019; Wang et al. 2019). Despite the excellent perfor-
mance, most of these models require massive computations
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and consume tremendous energy, making them difficult to be
deployed into mobile or edge devices. Thus, how to reduce
the computation and energy cost of popular salient object
detection models has been drawing significant attention.

Our work also focuses on studying how to reduce the en-
ergy cost for popular salient object detection models. Differ-
ent from most previous works that reduce the computations
and energy cost via model compression (Bucilu, Caruana,
and Niculescu-Mizil 2006; Cheng et al. 2017; Nan et al.
2019), knowledge distillation (Hinton, Vinyals, and Dean
2015; Romero et al. 2014; Tung and Mori 2019), or channel
pruning (He, Zhang, and Sun 2017; Zhuang et al. 2018; Gao
et al. 2019), we attempt to investigate building models based
on energy-efficient adder neural networks (ANNs) (Chen
et al. 2020). ANNs, as described in (Chen et al. 2020), re-
place the multiplication operations in convolutions with ad-
ditions, significantly decreasing the energy cost. However,
unlike CNN-based methods, whose design practice has been
extensively explored, ANNs are new and the design prin-
ciple needs special attention (Chen et al. 2021). Therefore,
how to develop strong ANNs for salient object detection de-
serves deep study.

In this paper, we select a representative CNN-based
model, named PoolNet (Liu et al. 2019), as our exemplar
and explore how to make the adder layers suit popular CNN-
based architectures. We empirically found that directly re-
placing the convolutions with the adder layers in the Pool-
Net (Liu et al. 2019) with an ImageNet pretrained backbone
still leads to a significant performance drop. We visualize
the decoder part and observe that only a small number of the
neurons are activated, while most channels within the same
layer share nearly the same pattern. Consequently, the di-
versity of the feature maps cannot be guaranteed, which is
essential for building robust networks.

To overcome the aforementioned issues brought in by the
adder layers in the decoder, we present a simple scheme for
ANN-based salient object detection models. Our method in-
troduces a differential merging strategy to augment the di-
versity of the output feature maps of the adder layers. Specif-
ically, we first split an adder layer into two separate branches
and then compute the differences between the two branches.
This allows us to adjust the statistics of the output feature
maps and avoid the case in which most of the feature values
are negative in the decoder part. In addition, regarding the
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Figure 1: Average cosine similarity among feature maps of the same layer with different neural networks. We report results on
the ECSSD (Yan et al. 2013), PASCAL-S (Li et al. 2014), and DUT-O (Yang et al. 2013) datasets. The horizontal axis represents
the image serial number of each dataset. In the vertical axis, larger values mean that the similarity among channels is high.

Settings ECSSD DUT-O PASCAL-S

Encoder Decoder F↑ MAE ↓ F ↑ MAE ↓ F ↑ MAE ↓
Conv Conv .933 .035 .772 .054 .832 .067
Adder Conv .924 .037 .770 .054 .828 .068
Conv Adder .881 .060 .733 .065 .777 .075
Adder Adder .829 .088 .709 .077 .747 .084

Table 1: PoolNet performance on three SOD datasets (e.g.
ECSSD (Yan et al. 2013), PASCAL-S (Li et al. 2014), and
DUT-O (Yang et al. 2013)) when the encoder and decoder
adopt different operators. ‘Adder’ and ‘Conv’ means we
adopt the adder and convolutional operations in the encoder
and decoder, respectively. ‘↑’: the higher the better, ‘F’: short
for max F-measure (Achanta et al. 2009), ‘MAE’: mean ab-
solute error (Achanta et al. 2009).

fact that adder layers lack the ability to scale feature values
and energy cost brought in by multiplications is higher than
additions, we propose to assign each channel a weight factor
to adjust the importance of each channel.

Our method is simple and easy to implement and can
be regarded as a plug-and-play module. We will show that
by using the simple AdderNet-50 backbone (Chen et al.
2020) plus the feature pyramid architecture (Lin et al. 2017),
our method achieves comparable results to most previous
state-of-the-art methods, like ICON (Zhuge et al. 2022) and
EDN (Wu et al. 2022) on five widely used datasets. In the
meantime, under the same architecture, our proposed ANN-
based models saves around 55% of the energy consumption
averagely compared to the CNN-based counterpart, provid-
ing a promising way to build efficient salient object detection
models. In addition, we also study the impact of different ba-
sic training factors on ANN-based models.

To sum up, the main contributions of this paper can be
summarized as follows:

• First of all, we conduct an in-depth study of ANNs for
salient object detection and analyze how the basic train-
ing factors influence the model performance;

• Second, we present a simple yet effective differential
merging strategy to compensate for the defect of the nor-
mal adder layers when applied to salient object detection;

• At last, we set up a new baseline for salient object de-

tection based on ANNs. We show that our method with
a simple feature pyramid network architecture achieves
comparable performance to most previous state-of-the-
art CNN-based models while costing much less energy.

ANN Study for Salient Object Detection
Unlike convolutions that utilize cross-correlation to mea-
sure the similarity between the filters and the input features,
AdderNets (Chen et al. 2020) adopt l1-norm to compute the
similarity between the filter weights and the input features.
A straightforward way to apply AdderNets to SOD is to re-
place all the convolutional layers of a CNN-based model
with the adder layers. Though the model composed of adder
filters is efficient, one of the biggest problems is that the
performance drops significantly compared to its CNN coun-
terpart. Here, we first show the differences between CNNs
and ANNs when applied to salient object detection and then
study how the basic training factors affect performance.

ANN Study
We take one of the most representative models PoolNet (Liu
et al. 2019) (without the edge detection part for simplicity)
as our exemplar and study how the adder and convolutional
layers perform under this architecture. The PoolNet archi-
tecture adopts an improved version of the feature pyramid
network (Lin et al. 2017) as its decoder. Specifically, af-
ter merging the feature maps from two different levels, a
feature aggregation module (FAM) that aggregates features
from multiple scales is added. For more specific descrip-
tions, readers can refer to the original paper (Liu et al. 2019).

Encoder and decoder analysis. To better understand how
would the adder operations perform, we first separate the
whole network into two parts: an encoder which corresponds
to the backbone pretrained on the ImageNet dataset (Deng
et al. 2009) and a decoder which corresponds to the rest
layers. In Tab. 1, we show the results when the encoder
and decoder adopt either the convolution or the adder op-
eration based on the PoolNet architecture. We empirically
found that when we replace the ResNet-50 backbone (He
et al. 2016) with the AdderNet-50, the performance drops
slightly, while when we keep the backbone unchanged and
replace all the convolutions with adder layers in the decoder,
the performance drops significantly. This implies that adder
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CNN-based ANN-based
Figure 2: Visualization of features token from the CNN ver-
sion PoolNet and the ANN version. As can be seen, the fea-
tures from CNN-based PoolNet are much more diverse than
those from the ANN-based PoolNet.
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Figure 3: Statistics of the running mean and running vari-
ance of the batch normalization layer after the adder layer
in the decoder of CNN-based PoolNet (orange line), ANN-
based one (green line), and our method (blue line). We can
see that directly using adder layers in the decoder makes the
running mean and variance fluctuates erratically.

layers rely more on pretraining than CNNs, and directly tak-
ing the place of the convolutions with adder layers in CNN-
based decoders is inappropriate.

Similarity analysis. To explore what leads to the perfor-
mance drop, we use cosine similarity to quantitatively mea-
sure the differences among different channels produced by
the same layer. As shown in Fig. 1, the cosine similarities of
the feature maps generated by ANN are mainly distributed
between 0.6 and 1, while the ones for CNN-based PoolNet
are quite close to 0. This indicates that adder layers pre-
vent the SOD model from learning expressive feature maps
and hence lead to the performance drop. We also visualize
the decoder feature maps of the CNN-based PoolNet and
the ANN-based PoolNet (both encoder and decoder adopts
adder layers) for a comparison. From Fig. 2, we can observe
that the feature maps generated by the adder filters from the
same layer share nearly the same pattern across channels, but
the patterns of the original PoolNet are much more diverse.

Statistics of BN parameters. It has been shown in (Chen
et al. 2021) that batch normalization (Ioffe and Szegedy

0 20 40 60 80 100 120
0.4

0.5

0.6

0.7

0.8

batch=16
batch=32
batch=64
batch=128

Epochs

m
ax

-F
m

batch size 16 32 64 128
max-Fm 0.801 0.831 0.855 0.845

Figure 4: Performance curves of the Adder version PoolNet
on DUTS-TE when using different batch sizes. We use co-
sine learning rate decay and the initial learning rate is 2e-4.
We follow the curve style used in (Chen et al. 2021).

2015) plays an essential role in training ANN-based object
detection models. Inspired by this observation, we further
visualize the statistics of the parameters of the batch nor-
malization layer in Fig. 3. We can see that the mean value
for each channel in the decoder of the ANN-based PoolNet
is much smaller than that of the CNN-based PoolNet, which
means the utilization of the adder operation brings dras-
tic variance to the output features. This makes ANN-based
PoolNet difficult to be optimized and prevents the generated
feature maps from being expressive, hence causing the per-
formance drop. Therefore, how to adjust the statistics of the
feature maps in the decoder is essential for adder layers to
be applied to salient object detection models.

Influence of Basic Training Factors

Batch size. Batch normalization has a significant impact on
the performance of ANN-based models. Batch size also in-
fluences the effect of batch normalization. In Fig. 4, we de-
pict the performance curves using the Adder version Pool-
Net with different batch sizes. When the batch size is small
(16), the fluctuation of the performance curve is consider-
able. Gradually increasing the batch size makes the training
more stable, and the final performance also tends to improve.
However, when the batch size is 128, the final performance
drops. According to the above observation, we suggest set-
ting the batch size to 64.

Learning rate. Fig. 5 shows the performance curves when
different initial learning rates are used. We can see that in-
creasing the learning rate from 5e-5 to 2e-4 can lift the per-
formance. However, using a larger learning rate 4e-4 leads
to a performance drop from 0.855 to 0.835 in terms of F-
measure. In addition, a proper initial learning rate makes the
training process more stable.

Training epochs. For CNN-based SOD models, the train-
ing epochs are often less than 60. For ANN-based ones, we
found that a longer training procedure yields better results.
Fig. 7 shows the performance curves when using different
training epochs. We argue that the adder layers have no mul-
tiplication operations and hence converge slower than tradi-
tional convolution layers.

9492



0 20 40 60 80 100 120
0.4

0.5

0.6

0.7

0.8

lr=5e-5
lr=1e-4
lr=2e-4
lr=4e-4

Epochs

m
ax

-F
m

learning rate 5e-5 1e-4 2e-4 4e-4
max-Fm 0.819 0.828 0.855 0.836

Figure 5: Performance curves of the Adder version PoolNet
on DUTS-TE when adopting different initial learning rates.
The batch size is set to 64.

Method
As shown in Fig. 3, the running mean in the batch normaliza-
tion layer is around −2 × 103. Since batch normalization is
added after the adder layers, this reflects that the mean value
for each channel of the adder layer output is not close to 0,
making the ANN-based models difficult to converge well. To
alleviate the above-mentioned problem of ANNs when ap-
plied to salient object detection, we present a simple yet ef-
fective differential merging module (DMM) by dynamically
adjusting the statistics of feature maps. In addition, we also
advance the classic channel attention mechanism to make it
suited for ANNs.

Differential merging. Considering the above observation,
we propose to split an adder layer into two separate branches
and simply flip the signs of all the feature values in one
branch. A visual illustration can be found on the right of
Fig. 6. By simply computing the differences between the
two branches, we can easily adjust the means and variances
of the output feature maps to be near zero. This can be re-
flected by observing the orange curves depicted in Fig. 3.
We can see that after introducing the differential merging
module, the statistics of the batch normalization layers are
quite similar to that in CNNs. In our experiment section, we
will demonstrate the effectiveness of the proposed differen-
tial merging module using numerical results.

Differential channel attention. Though the DMM de-
scribed above can effectively relieve the problem, the perfor-
mance of our ANN-based model still lags behind its CNN-
based counterpart. We argue that one of the main reasons is
the absence of multiplication operations compared to con-
volutions, which can scale up or down the feature values,
generating expressive feature patterns. To avoid the heavy
use of multiplications, as a compromise, we propose to as-
sign each channel an input-dependent factor to alleviate the
scaling problem of adder layers. Our design is inspired by
the widespread SE attention (Hu, Shen, and Sun 2018), but
differently, we adopt the above differential merging strategy
to learn the factor for each channel, which costs negligible
energy consumption.

Our design, named differential channel attention (DCA),
is more suitable for ANNs. An illustration can be found at
the bottom right of Fig. 6. Taking into account the problem

Setting DUT-O PASCAL-S Params Energy
maxF ↑ MAE ↓ maxF ↑ MAE ↓

ANN 0.647 0.084 0.764 0.107 64.2M 44.3mJ
ANN∗ 0.687 0.074 0.793 0.094 106.3M 70.3mJ
ANN + DMM 0.725 0.064 0.813 0.076 93.3M 63.6mJ

Table 2: Effect of DMM. ‘ANN∗’: we increase the number
of channels in the decoder of the ANN baseline to make a
fair comparison. Simply increasing the number of channels
in the decoder can improve the results but performs worse
than our method.

of adder layers, we apply the differential merging strategy to
the first adder layer instead of simply replacing the convolu-
tions in the original channel attention with adder operations.
Our DCA can help further improve the model performance.

Network Architecture. We utilize our differential merg-
ing module (DMM) with the differential channel attention
(DCA) to build an efficient salient object detection architec-
ture based on FPN (Lin et al. 2017). As shown in Fig. 6,
our proposed network, namely DMNet, uses the AdderNet-
50 (Chen et al. 2020) as the backbone and adopts an im-
proved version of FPN (Lin et al. 2017). It is worth noting
that the goal of this paper is to unveil that directly building
an ANN-based salient object detection model by mimick-
ing CNN-based models is not an appropriate way due to the
intrinsic problems behind the adder operations. Meanwhile,
we set a new baseline that would facilitate future work for
salient object detection using ANNs.

In addition, we also modify some recent state-of-the-art
CNN models to their ANN versions using the proposed
DMM to test the versatility. Note that we do not change the
network architecture but just replace the convolutions with
the proposed DMM, followed by DCA.

Experimental Results
Experiment Setup

Implementation details. The implementation of the pro-
posed method is based on the PyTorch (Paszke et al. 2019)
framework. All the experiments are performed using the
Adam (Kingma and Ba 2015) optimizer like (Yin et al.
2024a) with a batch size of 64. We train our network for 120
epochs as we found ANN-based models converge slower
than CNN-based models. The learning rate is set to 2e-4 ini-
tially, and the cosine learning rate schedule is adopted. The
backbone parameters are initialized with weights pretrained
on the ImageNet-1K (Deng et al. 2009), and the parameters
in the decoder are initialized randomly before training. We
only use simple horizontal flipping for data augmentation.

Datasets & evaluation metrics. All the models are trained
on the DUTS-TR dataset (Wang et al. 2017). To evaluate the
performance of our proposed method, we conduct a series of
experiments on five popular SOD datasets, i.e., ECSSD (Yan
et al. 2013), DUT-O (Yang et al. 2013), PASCAL-S (Li et al.
2014), HKU-IS (Li and Yu 2015), DUTS-TE (Wang et al.
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Figure 6: Illustration of the proposed DMNet. We omit the batch normalization and activation layers after each adder layer for
simplicity. The global average pooling layers before the 1 × 1 Adder in DCA are also omitted. Similar to PoolNet (Liu et al.
2019), a simplified pyramid pooling module (Zhao et al. 2017) (PMM) is added to the top of the backbone. The backbone is
Adder ResNet-50 (Chen et al. 2020).
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Figure 7: Performance curves of the Adder version PoolNet
on DUTS-TE when training for different epochs. Clearly, a
longer train time yields better results.

2017), containing 1000, 5168, 850, 4447, 5,019 pairs of im-
ages and ground-truth saliency maps, respectively.

Method Analysis
In this subsection, we provide a series of numerical analyses
for the proposed method. We take the AdderNet-50 back-
bone with FPN plus PPM as our ANN baseline. In this sub-
section, we report results on two challenging datasets: DUT-
O and PASCAL-S.

Differential merging. We first evaluate the performance of
the proposed differential merging module. Note that in this
experiment, differential channel attention is not used. Tab. 2
shows the result comparison. Equipped with our DMM,
the ANN baseline shows consistent improvement on all the
benchmarks. In Fig. 8, we visualize the prediction results.
Using the proposed DMM can better identify the salient ob-
jects. To further exhibit the effect of our differential merging

Setting DUT-O PASCAL-S ParamsEnergy
maxF ↑MAE ↓maxF ↑MAE ↓

DMM 0.725 0.064 0.813 0.082 93.3M 63.6mJ
DMM + SE 0.735 0.061 0.817 0.080 93.6M 63.9mJ
DMM + Adder SE 0.731 0.064 0.815 0.083 93.6M 63.9mJ
DMM + DCA 0.751 0.057 0.833 0.073 93.7M 63.9mJ

Table 3: Effect of DCA. ‘DMM baseline’: our DMNet with-
out DCA. For the experiments with the SE (Hu, Shen, and
Sun 2018) module, we implement two different versions. We
can see that DCA works much better than the SE module.

strategy, we also visualize the feature maps around DMM
in Fig. 9. Before differential merging, the features D1 and
D2 (marked in Fig. 6) are highly similar among channels.
Differential merging generates diverse features which are
close to the ones in CNN-based models, solving the problem
of lacking diversity. Quantitatively, it also greatly reduces
the performance drop when directly applying ANN.

Compared to the ANN baseline, our DMNet has more
learnable parameters because two 3×3 adder layers are used
in our DMM. To fairly show the effectiveness of the DMM,
we also attempt to increase the channel number of the 3× 3
adder layers in the decoder of the ANN baseline. As shown
in Tab. 2, we can see that simply doubling the channel num-
bers of the 3 × 3 adder layers in the decoder can improve
the results in terms of both maxF and MAE. However, when
the DMM is used, the performance can be further boosted
with even fewer learnable parameters and energy costs. This
experiment further verifies the effectiveness of the proposed
differential merging module.

Effect of DCA. We then evaluate the performance of our
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Image GT +DCA & DMM +DMM +DCA More channels Baseline

Figure 8: Visual comparisons using different combinations of our proposed differential merging module (DMM) and differential
channel attention (DCA). From left to right: Source image; GT; +DCA & DMM (DMNet); ANN baseline + DMM; ANN
baseline + DCA; ANN baseline with more channels; ANN baseline.

Features D1 Features D2 Differential Features D3

Figure 9: Visualization of features around DMM. We mark
the positions of D1 and D2 in Fig. 6. Clearly, the differential
features are much more diverse than the ones produced by
the adder layers.

differential channel attention (DCA). We first directly add
the DCAs to the ANN baseline in the same way as in Fig. 6.
Tab. 3 shows the result comparison. Equipping with DCA,
the performance increases significantly, demonstrating that
DCA also helps compared to the ANN baseline.

To further show the advantage of the proposed DCA over
the classic channel attention mechanism in ANNs, we also
attempt to replace the DCA in our DMNet with the SE mod-
ule (Hu, Shen, and Sun 2018). We show two versions of the
SE module: a convolutional version and an adder version. As
shown in Tab. 3, compared to different versions of the SE
module, our DCA yields better results. This indicates that
our DCA is a more suitable channel attention mechanism
for building ANN-based models compared to the classic SE
module. We argue the main reason is the proposed differ-
ential merging module also helps in processing 1D features
after global pooling.

DCA & DMM. Here, we test whether the proposed DCA
is compatible with DMM. By comparing the last two rows
of Tab. 4, it is obvious that introducing both DCA and DMM
into our architecture further lifts the performance in terms of
both the maxF and MAE scores. These results demonstrate
that the two components are complementary. To further ex-
plain this, we also visualize some saliency results in Fig. 8.
We can see that the complete version of our DMNet can not

Settings DUT-O PASCAL-S Params
ANN DMM DCA maxF ↑ MAE ↓ maxF ↑ MAE ↓
✓ 0.647 0.084 0.764 0.107 64.2M
✓ ✓ 0.687 0.074 0.793 0.094 64.6M
✓ ✓ 0.725 0.064 0.813 0.082 93.3M
✓ ✓ ✓ 0.751 0.057 0.833 0.073 93.7M

Table 4: Method analysis. ‘DMM’: different merging mod-
ule without DCA; ‘DCA’: differential channel attention.
All the experiments are based on the AdderNet-50 back-
bone (Chen et al. 2020). We can see that with the proposed
DMM and DCA, the performance can be significantly im-
proved on both the DUT-O and Pascal-S datasets.

only locate the salient objects accurately but also generate
high-quality prediction results.

Application to Other Models

Classic models. To further illustrate the generality of our
proposed methods, we apply our DMM and DCA to other
models for SOD. Firstly, We apply our DMM and DCA
to the classic models, including FPN (Lin et al. 2017), Pi-
caNet (Liu, Han, and Yang 2018), and PoolNet (Liu et al.
2019). For these three models, we only preserve three de-
coder blocks because it is enough for our method to guar-
antee performance. More specific implementations can be
found in our supplementary material. The comparison of
our methods and their corresponding CNN ones are shown
in Tab. 5. To show the advantages of our ANN-based DM-
Net, we also follow prior works (Shu et al. 2021; Chen et al.
2021; Song et al. 2021) and compare the energy cost of dif-
ferent models. As can be seen, equipped with DMM and
DCA, ANN-based models achieve comparable performance
with their original versions but save around 70% on energy.

Recent SOTA models. Considering the classic methods
are relatively simple on structures, we also adapt our de-
sign to SOTA models (e.g., EDN2022 (Wu et al. 2022) and
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Model Adder? Consumption PASCAL-S ECSSD DUTS-TE DUT-O HKU-IS

E D M (G) A (G) E (mJ) M ↓ F↑ S ↑ M ↓ F ↑ S ↑ M ↓ F ↑ S ↑ M ↓ F ↑ S ↑ M ↓ F ↑ S ↑
FPN (Lin et al. 2017) 15.7 15.7 72.2 .081 .816 .845 .041 .917 .908 .043 .833 .858 .056 .752 .830 .035 904 .898
FPN ANN† ✓ 9.3 21.5 53.8 .080 .820 .848 .044 .916 .904 .043 .835 .861 .058 .741 .825 .035 .909 .905
FPN ANN‡ ✓ ✓ 0.9 27.4 28.0 .076 .830 .855 .045 .913 .902 .042 .838 .866 .059 .738 .822 .036 .907 .901

PicaNet (Liu, Han, and Yang 2018) 27.9 27.9 128.4 .078 .824 .852 .046 .926 .917 .051 .840 .869 .065 .761 .832 .043 .912 .904
PicaNet ANN† ✓ 10.3 45.5 79.1 .076 .825 .852 .046 .928 .919 .047 .839 .865 .063 .751 .829 .038 .913 .907
PicaNet ANN‡ ✓ ✓ 2.0 38.2 41.6 .075 .829 .850 .044 .924 .913 .040 .841 .870 .060 .740 .825 .035 .909 .902

PoolNet (Liu et al. 2019) 44.5 44.5 204.7 .067 .832 .864 .035 .933 .926 .037 .855 .887 .054 .772 .831 .030 .924 .919
PoolNet ANN† ✓ 13.5 75.5 117.9 .069 .828 .857 .040 .925 .923 .039 .849 .883 .055 .761 .826 .033 .916 .915
PoolNet ANN‡ ✓ ✓ 3.1 58.3 63.9 .071 .831 .860 .041 .921 .919 .038 .855 .884 .057 .757 .824 .033 .914 .911

Table 5: Qualtitive results of the proposed DMM on some classical SOD methods. As can be seen, our ANN-based models
achieve comparable results to their corresponding CNN-based models but save much more energy cost. †: AdderNet-50 (Chen
et al. 2020) backbone and CNN-based decoder, ‡: AdderNet-50 backbone and ANN-based decoder which composed by our
DMM and DCA.

Model Calculation Cost PASCAL-S ECSSD DUTS-TE DUT-O HKU-IS

M (G) A (G) E (mJ) M ↓ F↑ S ↑ M ↓ F ↑ S ↑ M ↓ F ↑ S ↑ M ↓ F ↑ S ↑ M ↓ F ↑ S ↑
CPD (Wu, Su, and Huang 2019) 17.8 17.8 81.9 .072 .864 .848 .037 .939 .918 .043 .865 .869 .056 .797 .825 .034 .925 .905
BASNet (Qin et al. 2019) 127.4 127.4 586.4 .076 .854 .838 .037 .942 .916 .047 .860 .866 .056 .805 .836 .032 .928 .909
AFNet (Feng, Lu, and Ding 2019) 21.7 21.7 99.8 .071 .868 .850 .042 .935 .914 .046 .862 .866 .057 .797 .826 .036 .923 .905
LDF (Wei et al. 2020) 31.2 31.2 143.5 .060 .855 .863 .034 .938 .924 .034 .877 .892 .052 .782 .839 .028 .929 .919
GateNet-R (Zhao et al. 2020) 162.1 162.1 745.7 .069 .883 .857 .040 .945 .920 .040 .888 .884 .055 .818 .837 .033 .933 .915
ITSD (Zhou et al. 2020) 57.5 57.5 264.5 .066 .870 .859 .035 .947 .925 .041 .882 .884 .061 .818 .880 .031 .934 .917
MINet (Pang et al. 2020) 137.0 137.0 630.2 .064 .882 .857 .033 .947 .925 .037 .884 .884 .055 .810 .833 .028 .935 .920
DCN (Wu, Su, and Huang 2021) 110.2 110.2 506.9 .062 .853 .861 .031 .943 .928 .035 .876 .892 .051 .789 .845 .027 .930 .922
CTDNet (Zhao et al. 2021) 24.7 24.7 113.6 .061 .858 .863 .032 .939 .925 .034 .881 .893 .052 .794 .844 .027 .932 .921
AMSF (Zhang et al. 2021) 49.0 49.0 225.4 .061 .849 .852 .033 .934 .914 .034 .863 .877 .050 .778 .832 .027 .921 .908

ICON (Zhuge et al. 2022) 24.9 24.9 114.5 .064 .860 .861 .032 .943 .929 .037 .877 .888 .057 .799 .844 .029 .930 .920
ICON ANN† 13.3 36.6 82.2 .066 .855 .857 .036 .930 .917 .038 .873 .885 .058 .793 .839 .032 .923 .913
ICON ANN‡ 5.5 59.8 74.2 .066 .853 .858 .036 .931 .919 .040 .864 .880 .063 .780 .831 .031 .923 .914

EDN (Wu et al. 2022) 20.4 20.4 93.8 .062 .860 .865 .032 .941 .927 .035 .878 .892 .049 .799 .849 .027 .933 .924
EDN ANN† 8.8 32.2 61.5 .066 .851 .857 .036 .934 .921 .040 .864 .880 .054 .787 .840 .030 .929 .918
EDN ANN‡ 3.4 47.4 55.2 .072 .840 .849 .040 .930 .918 .042 .864 .880 .055 .787 .839 .033 .926 .916

DMNet ANN‡ 2.6 43.5 48.8 .073 .833 .868 .039 .923 .920 .042 .848 .879 .057 .751 .822 .031 .920 .925

Table 6: Quantitative comparisons of our methods on ICON (Zhuge et al. 2022) and EDN (Wu et al. 2022) with other
SOTA SOD models. As can be seen, our ANN-based DMNet achieves comparable results to most previous CNN-based models
but saves much more energy cost. ‘†’: AdderNet-50 (Chen et al. 2020) backbone and CNN-based decoder, ‘‡’: AdderNet-50
backbone and ANN-based decoder which is composed of our DMM and DCA.

ICON2022 (Zhuge et al. 2022)) to indicate the generality
of our method on complex structures. As shown in Tab. 6,
compared with CNN-based ICON (Zhuge et al. 2022) and
EDN (Wu et al. 2022), ANN-based ones achieve compara-
ble performance as 65% and 59% of energy are preserved.
Though there is still a margin between our models and the
state-of-the-art CNN-based models, regarding the low en-
ergy cost, ANN-based ones would be a good trade-off for
salient object detection between accuracy performance and
energy efficiency. Particularly worth mentioning is that the
goal of this paper is to provide an initial empirical study of
ANNs for salient object detection and set a baseline. We be-
lieve more complex architectures could further improve the
results but exploring them is beyond the scope of this paper.

Conclusion

In this paper, we explore salient object detection using adder
neural networks. We reveal that the feature maps generated
by adder layers in SOD decoders are short of pattern di-
versity. By observing the intermediate feature maps and the
statistics of the batch normalization layer, we found that a
simple differential merging strategy can well remedy the de-
fect of adder layers as mentioned above. To unleash the po-
tential of our designs, we go back to basics and investigate
the effects of batch size, learning rate, and training epochs
on training ANN-based models. Extensive experiments on
five benchmarks show that SOTA models equipped with our
designs can achieve comparable performance to their CNN-
based ones but save much more energy consumption.
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