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Abstract 

The effectiveness of deep learning models for vision-based intelligent robotic grasping (IRG) 

tasks typically hinges upon the deep neural network (DNN) architecture as well as the task-

oriented annotated training samples. Nevertheless, current methods applied for designing DNN 

architectures depend on human expertise or discrete search by evolution and reinforcement 

learning algorithms, which leads to enormous computational cost. Moreover, DNNs trained solely 

on simulation-labeled data face challenges in direct real-world deployment. In response to these 

concerns, this paper proposes a new stable and fast differentiable architecture search method 

(DARTS) based on a single-loop optimization framework, named single-loop-optimized DARTS 

(SLO-DARTS). This method enables simultaneous updates to the weights and architecture 

parameters of neural networks by continuously relaxing the discrete search space. Additionally, a 

digital twin (DT) framework integrating the Grasp-CycleGAN method is developed to minimize 

the visual gap between simulated and real-world IRG scenarios, enhancing the transferability of 

DNNs trained in simulation. The DT framework can not only enhance the IRG accuracy but also 

save the costly expense of large-scale real labeled data collection. Experiments demonstrate that 

the proposed SLO-DARTS method achieves a time-efficient optimization process while delivering 

a DNN with improved prediction accuracy compared to the original dual-loop-optimized DARTS 

method. The developed DT framework produces IRG accuracies of 92.6%, 86.3%, and 83.7% for 

single household objects, single adversarial objects, and cluttered objects, respectively. 

Keywords: Robotic grasping, Deep neural network, Architecture search, Collaborative learning, 

Digital twin, Automatic design 
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1. Introduction 

Despite extensive research over several decades, intelligent robotic grasping (IRG) remains 

challenging, especially when robots are operated to grasp unknown objects in unknown and 

unstructured environments. To realize accurate grasp and reliable execution, the first step is to 

learn effective potential grasps according to the sensor information of the target object and its 

surroundings. 

The two primary types of robotic grasp detection approach now in use are analytical and 

empirical methods. In terms of analytic methods, they calculate the stable grasp based on the 

geometry of target object as well as robotic kinematics and dynamics analysis (Bicchi, 1994; Hunt 

& Torfason, 1987; Ten Pas et al., 2017; Wöhlke, 1992). However, due to the reliance on the 

simplification of robotic constraints, such methods for IRG have poor generalization for different 

robotic environments. The latter empirical methods focus on learning the best grasp from a 

previous successful grasping experience. In early work on empirical methods, the similarities of 

the characteristics of the objects were used to perform pose estimation, and the grasp detection of 

unknown objects was unable to be generalized (Caldera et al., 2018). Convolutional neural 

networks (CNNs), which have emerged as a representative deep learning technique, serve to 

compensate for the above deficiencies and enhance the potential for planning grasps of unknown 

objects (de Souza et al., 2021; Ghazaei et al., 2019). 

Due to significant advancements made by deep learning for computer vision (Chai et al., 

2021), there is a rising trend in the utilization of deep learning approaches for IRGs. Generally, 

methods for robotic grasp detection using deep learning can be grouped into two categories: two-

stage detector (TSD) and one-stage detector (OSD). Studies like (Ainetter & Fraundorfer, 2021; 

Chiu et al., 2022; Song et al., 2020) adopted TSD stacked with two neural networks, where the 

first is responsible for screening regions most likely to contain potential grasps in the initial stage, 

and then the second is dedicated to grasp localization and detection. Although the architecture of 

TSD is generally beneficial for improving accuracy, region generation process is often time-

consuming. For the OSD used in (Park et al., 2020), the image is divided into multiple grids, each 

then subjected to detection rather than generating region proposals. Compared with TSD, OSD 

greatly improves the computational speed at the cost of lower prediction accuracy, which can be 
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compensated by the development of different CNN architectures. For example, Redmon et al. 

(2015) developed an AlexNet-based regressor (Krizhevsky et al., 2017) for detecting multiple 

grasps with fast computational time. Kumra et al. (2017) also introduced a real-time grasp 

detection approach based on regression but replaced the original AlexNet with the ResNet (He et 

al., 2016), which marginally improved the accuracy by 1.21% while ensuring a fast computational 

speed. It is understood that changes in the network architecture significantly result in a notable 

enhancement in the grasp prediction performance, demonstrating a great impact of CNN 

architecture design on the grasping performance. However, the majority of promising CNN 

architectures for robotic grasping in existing works are hand-crafted, where the selection of 

network hyperparameters relies not only on a great amount of human expertise but also on many 

trial and error. 

In the past few years, neural architecture search (NAS), aimed at achieving CNN design 

through automated methods, has undergone extensive explorations and rapid advancements 

(Heuillet et al., 2024). In early works on NAS, the evolutionary algorithm or reinforcement 

learning (RL) is adopted to obtain network architectures superior to those designed by human 

experts. However, the above process requires significant computational costs due to the need for 

extensive sampling from the discrete architecture search space for independent training and 

evaluation, even if an optimized network architecture can be obtained. Aiming to improve 

computational efficiency, new NAS methods called weight-sharing search methods were proposed 

to define the search space as a super network/graph and share weights among all sub architectures 

(Cai et al., 2018; Xie et al., 2021). The recently widely studied differentiable architecture search 

(DARTS) method is one of the representative approaches (Liu et al., 2018). It continuously relaxes 

the discrete search space and introduces normalized and learnable operational variables, enabling 

the use of gradient-based bilevel optimization algorithms for CNN architecture design. Despite the 

search cost by several orders of magnitude reduced by DARTS based on the bilevel optimization 

framework, the phenomenon that DARTS-based methods are easily prone to aggregation of non-

learnable operations in the selected architecture and cannot work stably to search high-

performance architectures in image classification tasks have been noted by many scholars (Chu et 

al., 2020; Ye et al., 2022). In addition, the original dual-loop DARTS suffers from the inaccuracy 
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of gradient estimation and heavy computational burden, which motivates us to apply single-loop 

optimization in DARTS. 

CNNs for IRGs often require numerous annotated data for the purpose of achieving desirable 

predictive performance. Even if several public open datasets are available, it is difficult to 

guarantee that these datasets fulfill the network’s training requirements considering that different 

setups require different labels. However, manually collecting annotated datasets to train deep 

learning models under a specific grasping setting may involve hundreds of or thousands of real-

world grasp attempts, which is remarkably expensive, time-consuming, and even impossible in 

some case. Kalashnikov et al. (2018) presented a scalable robotic RL framework called QT-Opt to 

address this challenging problem, which can autonomously collect a large amount of robot 

experience with minimal human intervention. However, the RL process lasted several weeks and 

involved more than 580k real-world grasps conducted by 7 robots, which is still time-consuming 

and costly. Hence, researchers turn to train deep learning models in high-precision simulations and 

then transfer them to real-world robots to save time and cost. Unfortunately, such models tend to 

perform poorly in real-world robotic grasping because of the nonignorable visual gap between 

simulated and real-world scenario. Bousmalis et al. (2018) used generative adversarial networks 

(GANs) to adjust synthetic images to resemble real-world ones, reducing the amount of real-world 

samples used in training high-performance grasp prediction networks. However, the training of 

GANs required abundant real-world data labeled by the pre-trained grasp network. Recently, the 

emergence and development of digital twin (DT) technology have pointed out a new direction to 

address the visual simulation-to-reality gap. In a DT framework, a virtual robot and its physical 

counterpart are synchronized in terms of their surrounding environments and behaviors to 

minimize the discrepancies between simulated and real-world robotic grasping (Hu et al., 2021). 

Hence, the similarity between simulated and real-world scenarios is maximized, thereby enhancing 

the transferability of the models learned in simulation. This paper develops a new DT of IRGs to 

efficiently improve the model accuracy for real grasping while avoiding expensive real-world 

robot training. The primary contributions of this work are threefold below: 

(1) A novel multi-grasp one-stage detector based on oriented reference rectangles is designed 

to provide real-time and accurate robotic grasping detection. 
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(2) A new NAS method named single-loop-optimized DARTS (SLO-DARTS) using a single-

loop optimization framework is developed to automatically optimize both the architecture and 

weights of CNNs. A more stable and precise architecture of a CNN for IRGs is then obtained. 

(3) A DT of IRG based on sim-real collaborative learning is developed to train CNN. The 

sim-real collaborative learning is realized by developing a Grasp-Cycle Consistent Generative 

Adversarial Network (Grasp-CycleGAN) which converts simulated images into pseudo-realistic 

ones for further training CNN. 

The rest of this paper is in brief provided below. Section “Methodology” presents the multi-

grasp model, details the principles of SLO-DARTS method, and provides the DT implementation 

process of IRGs. Section “Experiments” details the verification experiments of the SLO-DARTS 

method and the DT framework, with the subsequent “Results and discussion” section presenting 

and analyzing the findings. Conclusions and further research work are offered in “Conclusions and 

future work” section. 

2. Methodology 

2.1 Problem formulation of robotic grasping 

The grasping scenario is proposed firstly much like (Hu et al., 2022). Given an n-channel 

image containing the target object and its surroundings, the IRG problem is simplified as executing 

antipodal grasps for novel objects by the two-finger parallel-jaw gripper perpendicular to a 

horizontal plane. To learn from the data, it is imperative to initially establish a clear definition of 

the fundamental elements for effective grasping. 
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(a)                                                          (b) 

Fig. 1 Illustration of the virtual/physical robotic grasping scenarios. (a) Virtual robotic grasping 

scenario. (b) Physical robotic grasping scenario. 

 

In the robot frame, a grasp can be set as a four-parameters representation g = (𝒑, 𝜃, 𝑤, 𝑐), 

which gives the real-world coordinates of the gripper’s center 𝒑 = (x, y, z), rotation angle 𝜃 , 

needed opening distance 𝑤 and the graspable confidence (probabilities) 𝑐. Due to the parallel-jaw 

gripper’s symmetry, the rotation angle 𝜃 is constrained between −π/2 and π/2. 

We let 𝐈 ∈ ℝ4×𝐻×𝑊 define an RGB-D image shot by the depth camera mounted at the gripper. 

Through the utilization of the known camera intrinsic and extrinsic parameters, it is easy to convert 

a grasp g into a grasp g𝑖 in the pixel coordinate, represented by an oriented rectangle. The rectangle 

shown in Fig. 1 consists of a fixed edge (green edge) depicting the position of the gripper’s jaws 

for grasping and an adjustable edge (yellow edge) representing both the direction and width of the 

gripper’s opening. Formally, the 2D rectangle is uniquely defined by five parameters: 

 { , , , , }i i i i ig x y w θ c=  (1) 
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which gives the rectangle’s center position in pixel coordinates (𝑥𝑖 , 𝑦𝑖), the grasp width 𝑤𝑖 and the 

gripper rotation 𝜃𝑖. Therefore, the problem of vision-based grasp detection can be transformed into 

detecting a valid grasp rectangle corresponding to the highest graspable probability in the image. 

2.2 SLO-DARTS of a multi-grasp detection model 

Since a single image may contain multiple valid grasp, the proposed approach predicts all 

potential graspable candidates on the full image by applying neural networks once to an image. 

However, the neural network architecture can impact feature extraction capabilities, thereby 

affecting the precision of grasp prediction. Hence, designing an optimal neural network is also one 

focus of the proposed approach in this paper. 

2.2.1 Grasp detection network based on oriented reference rectangles 

The grasp detection network processes an RGB-D image containing an unknown object as 

well as its surrounding environment, producing a set of grasp rectangles with corresponding 

confidence scores. Inspired by the anchor box idea proposed in object detection (Ren et al., 2015), 

the reference rectangle is introduced to tackle the grasp detection issue. The only difference is the 

additional consideration of the grasping angle, that is, the original reference rectangle is pre-set 

with a default angle, which is called the oriented reference rectangle. 

As illustrated in Fig. 2, we partitioned the captured image of a graspable object into 𝑀 × 𝑀 

grid cells, with k oriented reference rectangles centered within each cell. Each oriented reference 

rectangle in a grid cell has a different angle but the same size. The difference between two adjacent 

oriented reference rectangles is π/k. For example, if k=6, the angles of the oriented reference 

rectangles in the grid cell could be −5π/12, −π/4, −π/12, π/12, π/4 and 5π/12. With the provided 

prior information from the oriented reference rectangles, the relative offset between the grasp 

rectangle and the oriented reference rectangle in terms of the grasp width 𝑤𝑖 and angle 𝜃𝑖 can be 

predicted. Due to the fixed width ℎ𝑖 of the gripper finger in the actual grasping scenario, predicting 

the width is not necessary. In terms of the center coordinates of the grasp rectangles, the proposed 

approach predicts relative location offsets with respect to the grid cell, which is much easier than 

directly predicting the coordinates. In summary, the grasp detection network predicts k grasp 

rectangles at each cell, where each grasp rectangle consists of 5 parameters and can be 
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reparametrized as {𝑡𝑥, 𝑡𝑦, 𝑡𝑤, 𝑡𝜃, 𝑡𝑐}. Given a cell’s offsets from the image’s top-left corner (𝑐𝑥, 𝑐𝑦), 

along with the predefined size 𝑝𝑤  and angle 𝑝𝜃  of an oriented reference rectangle, the final 

predicted grasp rectangle then corresponds to the following: 
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where 𝜎(∙) is a sigmoid function used to restrict the graspable probability to a range between 0 

and 1 and ensure that the grasp rectangle’s center falls into the cell. 

 

Fig. 2 The k oriented reference rectangles in a grid cell of the image. 

 

The benchmarks corresponding to network predictions are established for network training, 

in the form of {𝑡̂𝑥, 𝑡̂𝑦, 𝑡̂𝑤, 𝑡̂𝜃, 𝑡̂𝑐}. (𝑡̂𝑥, 𝑡̂𝑦) are the location offsets of the benchmark grasp rectangle’s 

center relative to the top-left corner of the grid cell containing it. (𝑡̂𝑤, 𝑡̂𝜃) are the offset values for 

the benchmark grasp rectangle's size and angle in relation to the positive oriented reference 

rectangle. In detail, an oriented reference rectangle meeting the two requirements listed below will 
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be assigned a positive label: (1) Both the benchmark and oriented reference rectangles should have 

their centers within the identical grid cell, and (2) the benchmark and oriented reference rectangles 

should have an angle difference within π/2k. The last parameter 𝑡̂𝑐 is 1 if the reference rectangle is 

positive and 0 otherwise. With these definitions, the network loss function is calculated by 

combining classification and regression losses with appropriate weights, as follows: 

  ( ) ( ) ( )
 

1 2

, , ,

1
ˆ ˆ ˆ, ,i

cls rec g m

i i m x y

i i i i

c c m

w θ

t α t α t t t
N

t


 
= +  

 
    (3) 

where i represents the index of an oriented reference rectangle within the entire set of such 

rectangles,  𝑡𝑚  signifies the offset that the grasp detection network predicts, 𝑡̂𝑚  is the 

corresponding benchmark offset value, and N denotes the total number of positive oriented 

reference rectangles. ℒ𝑐𝑙𝑠  denotes the cross-entropy loss, whereas ℒ𝑟𝑒𝑔  signifies the L2 loss. 

Traditional methods optimize network weights by minimizing the above loss without considering 

the network architecture design. To compensate for this, we propose an innovative optimization 

approach for IRGs that integrates both network architecture design and weight training, which will 

be explained in detail in “Single-loop-optimized differentiable architecture search for grasp 

detection” section. 

2.2.2 Single-loop-optimized differentiable architecture search for grasp detection 

For grasp detection using the presented differentiable architecture search method (SLO-

DARTS), the initial step is to establish the search space encompassing all potential neural network 

designs and their associated weights. Given the complexity and diversity of CNN network 

architectures, the automated search for the best CNN using conventional discrete optimization 

methods becomes a time-consuming and laborious task. Therefore, an improved DARTS method 

referred to as SLO-DARTS is proposed for IRG in the next step, which relaxes the discrete 

architecture optimization to be continuous. Compared with the original dual-loop DARTS, the 

proposed SLO-DARTS adopts a single-loop optimization process to replace the bilevel 

optimization process, which optimizes the network weights and architecture parameters on the 

same data batch as well as at the same time. 
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Search space: Following the related literature, a computation cell composed of an ordered 

sequence of nodes is searched and then stacked a certain number of times to construct a target 

CNN according to the complexity of the task. Two categories of cells require learning: the 

reduction cell and the normal cell. Unlike the normal cell that maintains the size and channel of 

input, the reduction cell cuts the size in half while expanding the channel by a factor of two. 

The nodes within each cell are topologically organized, which could expand the architecture 

search space and avoid skipping the most promising CNN for IRGs compared to a node-chain 

structure framework (Hu et al., 2023). As shown in Fig. 3, assuming that there are 𝐵 nodes in each 

cell, each node represents a feature map that saves the sum of results calculated by the respective 

operation 𝑜(∙)𝜖𝑂 of all its predecessors: 

 ( )( , )n m n m

m n

x o x


=  (4) 

Here, 𝑜(𝑚,𝑛) denotes the operation performed on node m, depicted by the directed edge in Fig. 3. 

O represents the operation space, which includes the following candidate operations: skip-connect; 

separable convolutions; dilated separable convolutions; and standard convolutions. Two kernel 

sizes are used for the above convolution operation: 3 × 3 and 5 × 5. Hence, the optimal network 

architecture search task can be transformed to identify the optimal operation across all cells and 

edges, as demonstrated by the highlighted solid arrows in Fig. 3. 
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Fig. 3 Illustration of the procedure for implementing SLO-DARTS. 

 

Optimization algorithm: Due to the ineffective and laborious process of evaluating network 

architectures individually inside the discrete search space, DARTS converts the categorical choice 

of operations on each edge into a weighted sum across all operations in O for the purpose of making 

the space continuous: 

 
( )

( )
( )

( , )

( , )

( , )

exp
( )

exp

m n

om n m m

m n

o Oo O o

α
o x o x

α  

=


 (5) 

where 𝛼𝑜
(𝑚,𝑛)

 is a continuous variable of operation 𝑜  performed on node m representing the 

architecture parameter. The weight of each operation is a softmax of the architecture parameter 

𝛼𝑜
(𝑚,𝑛)

, signifying the operation’s relative contribution among all operations in O. The discrete 

architecture search task is simplified into the process of learning a continuous operation vector 

𝜶 = {𝛼(𝑚,𝑛)}  after following the relaxation process described by Eq. (5). The final searched 
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architecture can be derived by substituting the mixed operation 𝑜̅(𝑚,𝑛)  on each edge with the 

highest-contributing operation (i.e., 𝑜(𝑚,𝑛) = argmax𝑜∈𝑂 𝛼𝑜
(𝑚,𝑛)

) once the optimal operation 

vector 𝜶 has been learned. 

The original DARTS establishes a bilevel optimization framework to update the architecture 

parameters 𝜶 and the weights ω based on gradient descent algorithm to obtain the optimal CNN: 

 ( )( )*min ,val
α

α αω  (6) 

 ( ) ( )( )*s.t. arg min ,tra=
ω

ω ωα α  (7) 

where ℒ𝑡𝑟𝑎  and ℒ𝑣𝑎𝑙  represent the training loss and validation loss, respectively. In order to 

estimate the gradient of architecture parameters 𝜶 in a computationally inexpensive manner, the 

original DARTS proposed an approximate idea for the weight optimization (Eq. (7)) where a single 

training step is used to replace training to convergence for the purpose of reducing the 

computational cost: 

 ( ) ( )* ,tra−  ωα αω ω ω  (8) 

where 𝜉 represents the learning rate for a single training step. 

Although the original DARTS advocates the efficiency and superiority of bilevel optimization, 

it suffers from the following problems: (1) the inaccuracy of gradient estimation in the outer-level 

optimization leads to unstable convergence and performance drop. In fact, the non-learnable 

operations (i.e., skip-connect) likely dominate in the early stage of architecture searching, and this 

phenomenon may last until the end. Consequently, the final selected architecture's few trainable 

parameters and weak expressive power lead to reduced performance. (2) Only the training data are 

used to train ω, which could negatively affect the learning of the network weights. Since ω is over-

parameterized, it tends to align too closely with the training data but struggles to fit the validation 

data, leading to a wider gap between the training and validation errors. (3) Bilevel optimization is 

more time-consuming and memory-intensive than single-loop optimization. These difficulties 

drive us to employ single-loop optimization instead of bilevel optimization, where we combine 
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training data and validation data as a training set to update ω and 𝜶 on the same data batch 

simultaneously. The above single-loop optimization process can be formulated as: 

 ( )
,

min ,tra
ωα

ω α  (9) 

Here, the update rule of ω and 𝜶 is shown as: 

 ( )1 1 1,t t t tra t tη    − − −= −   (10) 

 ( )1 1 1,tr tat t t tδ    − − −= −   (11) 

where 𝜂𝑡 and 𝛿𝑡 are the learning rates. The Adam optimizer and the SGD optimizer are adopted to 

update the operation variables 𝜶 and weights ω, respectively. After completing the above single-

loop optimization, the value of 𝜶 is used to rank all candidate operations on each bridge. Next, the 

operation linked with the largest 𝛼 on each edge is selected to derive the discrete optimal CNN. 

The last step consists of training the weights ω of the formed CNN from scratch, so that the SLO-

DARTS-optimized CNN is optimal in terms of architecture and weights. Algorithm 1 below 

displays the pseudocode of the SLO-DARTS method. 

Algorithm 1 SLO-DARTS—Single-Loop-Optimized Differentiable Architecture Search 

Require: The training dataset tra; the operation space O; total training iterations epoch; the 

learning rates 𝜂𝑡 and 𝛿𝑡. 

1: Initialize the operation variables 𝜶 = {𝛼(𝑚,𝑛)} and weights ω 

2: Create a mixed operation 𝑜̅(𝑚,𝑛) parametrized by 𝛼𝑜
(𝑚,𝑛)

 for each edge 

3: for 𝑡 ← 0 to epoch do 

4:  Compute the loss ℒ𝑡𝑟𝑎(𝝎𝑡−1, 𝜶𝑡−1) 

5:  Update weights 𝝎𝑡 by descending 𝜂𝑡ℒ𝑡𝑟𝑎(𝝎𝑡−1, 𝜶𝑡−1) 

6:  Update operation variables 𝜶𝑡 by descending 𝛿𝑡ℒ𝑡𝑟𝑎(𝝎𝑡−1, 𝜶𝑡−1) 

7: end for 

8: Select the optimal operation 𝑜(𝑚,𝑛) = argmax𝑜∈𝑂 𝛼𝑜
(𝑚,𝑛)

 on each edge 

9: Derive the discrete optimal CNN architecture 

10: Train the CNN weights from scratch 
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To assess the grasp detection accuracy of the optimized CNN, a rectangular metric similar to 

(Kumra et al., 2020) is used. If the rectangle that the optimized CNN predicted meets the 

requirements listed below, it is considered a successful prediction. They are: (i) the rotation angular 

difference of the benchmark grasp rectangle from the predicted one falls within π/6; and (ii) the 

Jaccard similarity coefficient between the benchmark and predicted grasp rectangle exceeds 25%. 

The formula of the Jaccard similarity coefficient can be represented as follows: 

 ( , )
U V

J U V
U V


=


 (12) 

Herein, 𝑈  and 𝑉  stand for the predicted and benchmark grasp rectangles, respectively. The 

numerator and denominator represent the intersection and union area of two rectangles. 

2.3 Digital twins of IRGs based on sim-real collaborative learning 

To achieve desirable predictive performance, the proposed SLO-DARTS of the grasp 

detection model requires large amounts of annotated training data. Although some public-open 

datasets (e.g., Cornell Grasp Dataset) for IRGs have been provided, there exist two problems: (1) 

the labels corresponding to the real-world images in some datasets are manually labeled rather 

than obtained by real robot grasping, leading to some nonnegligible error; and (2) the setups such 

as the grippers and objects in open datasets may not be exactly the same as ours. However, 

obtaining real-world annotated datasets to optimize CNNs is significantly tedious and costly 

according to previous studies (Levine et al., 2018). An appealing alternative is simulated training, 

but models trained in simulation environments cannot be directly applied to real-world scenarios 

because of the significant differences in texture, noise distribution, and light rendering between 

simulated and real-world images. In this section, an IRG digital twin (DT) shown in Fig. 4 is 

developed to avoid expensive real robot training and bridge the sim-to-real gap to further improve 

the accuracy of real-world IRG, which continues the learning of the SLO-DARTS-optimized CNN 

in both virtual and real space. 
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Fig. 4 Overview of DT pipeline developed for intelligent robotic grasping. 

 

2.3.1 Digital twin system construction 

The physical robotic grasping system and its corresponding virtual robotic grasping model 

need to be set up first. A robot arm, a two-finger gripper, a depth camera, and graspable objects 

comprise the physical hand-eye robot system, as depicted in Fig. 4. The virtual robotic grasping 

model simulated within the Bullet Physics Engine (Erez et al., 2015) includes two parts: (i) the 

geometry model including the robot arm, gripper and objects and (ii) the physics model for 

simulating the physical robotic action using robotic kinematics and dynamics theories. In addition, 

data communication between virtual and physical systems is carried out by means of the socket 

method based on TCP/IP protocol. In this way, the virtual robot can not only remotely display the 

real-time grasping process of its real counterpart but also directly control the real robot. 

2.3.2 Sim-real collaborative learning strategies 

Learning grasp detection model on the simulation datasets: After deploying the pretrained 

SLO-DARTS-optimized CNN in the virtual environment, we conduct the fine-tuning process of 

this network based on the simulation datasets generated by the multirobot grasping simulation. 

The only difference between the fine-tuning process and the training process shown in “Grasp 



 

17 

 

detection network based on oriented reference rectangles” section is that the benchmark rectangles 

are determined from the results of virtual grasping simulation. As depicted in Fig. 4, the specific 

steps for network fine-tuning are as follows: 

1) Import CAD geometry models of the objects and robots into the virtual space built by the 

physics engine Bullet. 

2) Place a randomly chosen graspable object in the virtual robot’s area of view and then feed the 

SLO-DARTS-optimized CNN a simulated RGB-D image obtained by the OpenGL method to 

output a batch of grasp rectangles, each with a confidence score. 

3) Select the predicted grasp rectangles with the top ng confidence score rankings (ng=10 in this 

paper) as the candidate grasp rectangles. 

4) Plan and execute the grasp of the virtual robot based on the candidate grasp rectangles. If the 

virtual robot is capable of grasping and lifting the target object to a certain height (0.1 m) and 

keep it from falling for a period of time (0.5 seconds), this candidate grasp rectangle can be 

considered as a successful sample; otherwise, it is a failure sample. Here, each target object is 

assigned with a small mass, and gravity is simulated during the virtual grasping process. 

5) Gather all the successful rectangles as the benchmarks and then regard them and the 

corresponding RGB-D image as a simulation dataset to fine-tune the SLO-DARTS-optimized 

CNN. 

6) Deploy multiple virtual robots (8 in this study) at the same time in the virtual environment to 

conduct Steps 2) to 5) simultaneously to speed up the training process. 

Learning grasp detection model on the Sim-to-Real datasets: Despite our efforts on 

producing similar hardware setup in the virtual space, there are still visual gaps in the domain 

between simulated and real-world IRG scenarios. However, obtaining real-world annotated 

datasets is laborious and time-consuming, as it is not only difficult to control multiple robots 

simultaneously but also impossible to place the object at the same position before performing every 

candidate grasp. To tackle the above issues, Grasp-CycleGAN, a task-aware domain adaptation 

technique that integrates CycleGAN (Zhu et al., 2017) and implements the adaptation of simulated 

images into real-world images while maintaining the semantic features related to the grasp 

detection task, is proposed. In this way, the visual appearance gaps between simulated and real-
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world images can be effectively bridged, allowing the network to be further fine-tuned based on 

sim-to-real datasets. 

 

Fig. 5 Diagram of Grasp-CycleGAN stages. Top: a simulated image is adapted by a sim-to-real 

generator to be realistic, and then converted to a simulated image again by a real-to-sim generator. 

Bottom: the real image branch follows the same pipeline as the simulated image. 

 

Similar to CycleGAN, the proposed Grasp-CycleGAN learns bidirectional mapping functions 

between two image domains (i.e., simulation and real in this paper), S and R, from unpaired 

examples {𝑠𝑖}𝑖=1
𝑁  and {𝑟𝑖}𝑖=1

𝑁  without labels. As shown in Fig. 5, the Grasp-CycleGAN comprises 
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two generators 𝐺𝑅𝑆: 𝑅 → 𝑆 and 𝐺𝑆𝑅: 𝑆 → 𝑅, where GRS transforms images to the simulation style 

and GSR transforms images to the real style. In addition, two discriminators, DS and DR, are 

introduced to be responsible for classifying images to the correct domain. For training Grasp-

CycleGAN, the loss function of Grasp-CycleGAN can be expressed by the following formula: 

 ( ) ( ) ( ), , , , , , , , ,Grasp CycleGAN RS SR S R CycleGAN RS SR S R dec dec RS SRG G D D G G D D s r G G− = +  (13) 

Here, the first term ℒ𝐶𝑦𝑐𝑙𝑒𝐺𝐴𝑁  represents the loss of the original CycleGAN, which comprises 

three components (Yu, 2022) and can be written as: 

 
( ) ( ) ( )

( ) ( )identity 

, , , , , , , , ,

, , R

CycleGAN GAN GANRS SR S R RS S SR R

R Rcyc S S RS S

G G D D G D R S G D S R

G G G G

= +

+ +
 (14) 

The adversarial loss ℒ𝐺𝐴𝑁 is applied independently to each mapping function to align the style 

of the generated images with the target style, which can be formulated as: 

 ( ) ( ) ( )( )(
data data ~ ( ) ~ ( ), , , log log 1 GAN RS p S s pS s Sr R RSG D R S D s D G r = + −   

 (15) 

 ( ) ( ) ( )( )(
data data ~ ( ) ~ ( ), , , log log 1 R r RGAN SR p R s p S R SRG D S R D r D sG = + −   

 (16) 

The introduction of the cycle consistency loss ℒ𝑐𝑦𝑐 serves the purpose of preventing the input 

image from being mapped to an arbitrary permutation of target-style images. In other words, the 

mapping is reversible, ensuring consistency of the original input image to its reconstructed one 

after processing through two generators. Thus, the cycle consistency losses can be described by 

the following equation: 

 ( ) ( )( ) ( )( )
data data ~ ( ) ~ ( )

1 1
,  cyc r p RRS SR SR RS RS SRs p SG G G G r r G G s s   = − + −

   
 (17) 

The identity mapping loss ensures that generators maintain the content of an input image 

when it is already in the target domain, expressed as: 

 ( ) ( ) ( )
data data identity ~ ( ) ~ ( )1 1

,  RS RSSR s p SS R Rr pG G G s s G r r   = − + −
   

 (18) 

The second term of Eq. (13) is called the detection consistency loss, designed to penalize 

inconsistencies in grasp detection results (represented by the grasp rectangle corresponding to the 
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highest confidence score) when comparing the original input image with the generator's recovered 

one. This loss term can be viewed as a complement to the cycle consistency loss, enabling 

CycleGAN further to preserve more features relevant to the grasp detection task. As depicted in 

Fig. 5, we suppose a simulated image 𝑠 ∈ 𝑆 , and then the detection consistency loss can be 

calculated with the aid of a pre-trained SLO-DARTS-optimized CNN as: 

 

( )

( )( ) ( )( )( )

( )( )( ) ( )( )( )dec  reg, ,

RS SR

RS SR

RS SRG G s

RS SR s G G s

srect CNN s

rect CNN G G s

s G G s rect rect

=

=

=

 (19) 

where ℒ𝑟𝑒𝑔 is the L1 loss and 𝑟𝑒𝑐𝑡 = {𝑥, 𝑦, 𝑤, 𝜃} represents the grasp rectangle predicted by the 

SLO-DARTS-optimized CNN whose weights are frozen and will not be updated with the training 

of the Grasp-CycleGAN. Similarly, for a real image 𝑟 ∈ 𝑅, GRS and GSR should also satisfy the 

grasp detection consistency, so the entire detection consistency loss can be written as: 

( ) ( )( )( ) ( )( )( )

( )( ) ( )( )data data 

dec dec dec 

~ ( ) ~ ( )
1 1

, , , , ,

RS SR SR RS

RS SR RS SR SR RS

s p S s r p RG G s G G r r

s r G G s G G s r G G r

rect rect rect rect

=

   − + −
   

=
   

+

(20) 

Algorithm 2 provides a detailed description of the overall training process for the Grasp-

CycleGAN. After the Grasp-CycleGAN is trained, the sim-to-real generator GSR will be deployed 

in the virtual environment and used to transfer the simulated RGB-D images into very realistic 

RGB-D images, as depicted in Fig. 4. Here, the separate Grasp-CycleGANs are trained for RGB 

images and depth images respectively, that is, there are two sim-to-real generators being used in 

the process of converting simulated images into real-like images. Following the concatenation of 

converted real-like RGB and depth images along the channel dimension, realistic RGB-D images 

are formed. These images are then fed into the network fine-tuned on the simulation datasets to 

predict candidate grasping rectangles. Afterwards, the successful grasp rectangles are selected 

based on the same criteria as those in Step 4 to form a new sim-to-real dataset with the transferred 

realistic RGB-D images. Similarly, the above steps are performed simultaneously on multiple 

robots to speed up the new sim-to-real dataset generation. Finally, we perform further fine-tuning 
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of the network using the sim-to-real dataset, after which the final network is applied to the robotic 

grasping task in the real world. 

Algorithm 2 Grasp-CycleGAN Training Algorithm 

Require: Pre-trained SLO-DARTS-optimized CNN; randomly initial parameters 𝜃𝐺𝑅𝑆
, 𝜃𝐺𝑆𝑅

, 

𝜃𝐷𝑆
, 𝜃𝐷𝑅

 of GRS, GSR, DS, DR; real image domain R; simulation image domain S; the number of 

training iterations epoch. 

1: Initialize empty buffer BS, BR to store the generated simulation and real images 

2: for 𝑡 ← 0 to epoch do 

3:  Sample a mini-batch of 𝑠 and 𝑟 from image domains S and R 

4:  Save the generated images 𝐺𝑆𝑅(𝑠), 𝐺𝑅𝑆(𝑟) in buffer BR, BS 

5:  Compute the loss ℒ𝐺𝑟𝑎𝑠𝑝−𝐶𝑦𝑐𝑙𝑒𝐺𝐴𝑁(𝐺𝑅𝑆, 𝐺𝑆𝑅 , 𝐷𝑆, 𝐺𝑅) 

6:  Update parameters 𝜃𝐺𝑅𝑆
, 𝜃𝐺𝑆𝑅

 of two generators GRS, GSR 

7:  Sample a mini-batch of 𝑠, 𝑟, 𝐺𝑆𝑅(𝑠), 𝐺𝑅𝑆(𝑟) from S, R, BR, BS 

8:  Compute the loss ℒ𝐺𝐴𝑁(𝐺𝑅𝑆, 𝐷𝑆 , 𝑅, 𝑆) 

9:  Update parameters 𝜃𝐷𝑆
 of the discriminator DS 

10:  Compute the loss ℒ𝐺𝐴𝑁(𝐺𝑆𝑅 , 𝐷𝑅 , 𝑆, 𝑅) 

11:  Update parameters 𝜃𝐷𝑅
 of the discriminator DR 

12: end for 

13: Return GRS, GSR, DS, DR 

 

3. Experiments 

3.1 Setup and dataset 

Hardware and Software: The hand-eye robot system in Fig. 1(b) used to perform real-world 

IRG experiments comprises a 6-DOF UR5E robot arm with an adaptive electric two-finger gripper 

model AG-160-95 mounted at its end. The robot arm’s wrist is fitted with an Intel RealSense D-

435i camera for capturing RGB-D images. Before each grasping attempt, the object to be grasped 

needs to be placed in a random position and posture within the operational space of the robot arm, 

which is an area of approximately 450 × 600 mm within the range of the camera. The initial height 
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of the camera needs to be set appropriately, ensuring full coverage of the object waiting to be 

grasped within its field of view. The SLO-DARTS experiments are carried out on a high-

performance desktop running Ubuntu 22.04 operating system and installed NVIDIA GeForce RTX 

4090 GPU. The DT training procedure and related tests are carried out on another high-

performance desktop running Ubuntu 20.04 operating system and equipped with NVIDIA RTX 

3090 GPU. The proposed grasp detection model and optimization algorithm are both implemented 

with Torch (Collobert et al., 2011) for its flexibility. 

Dataset: The Cornell Grasp Dataset provided by Jiang et al. (2011) including 885 RGB-D 

images is used for CNN training and testing in the SLO-DARTS experiments. Each image is 

annotated with multiple successful and failure grasp rectangles. 

For DT learning, 900 virtual 3D models chosen at random from 3DNet (Wohlkinger et al., 

2012) are used. Out of these 900 objects, 600 are employed in the creation of simulation datasets 

and sim-to-real datasets for network fine-tuning, while the remaining 300 are used to test the 

accuracy of virtual robotic grasping. 

The objects for physical robotic grasping are partly taken from the adversarial object set 

generated by the Dexterity Network (Dex-Net) (Mahler et al., 2017), which imposes higher 

demands for accurate grasping due to their intricate shapes. We print these objects with an 

adversarial geometry on a 3D printer according to their 3D models available online (Fig. 6(a)). In 

addition, some objects with distinct characteristics coming from both office and household scenes 

(Fig. 6(b)) are chosen to further demonstrate our network’s grasping ability in the real world. 
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(a)                                                                             (b) 

Fig. 6 The objects employed in real-world grasping scenario. (a) adversarial objects; and (b) office 

& household objects. 

 

3.2 SLO-DARTS experiments 

As seen in “Grasp detection network based on oriented reference rectangles” section, the 

value of k representing the number of oriented reference rectangles is of significant importance to 

the network’s prediction accuracy. The larger k is, the closer the benchmark rectangle and matched 

oriented reference rectangle are, which benefits the convergence of the regression loss function in 

Eq. (3). However, a larger k also results in the aggravation of the imbalance between positive and 

negative labels, thus negatively impacting classification loss. Hence, to identify an appropriate 

value of constant k, different values of k (3, 4, 6 and 9) are employed to train the CNNs. Each 

bridge in them selects the operation corresponding to the highest computational complexity (i.e., 

standard convolutions with filter sizes of 5 × 5), with floating-point operations (FLOPs) being used 

to evaluate the complexity. After determining the value of k, the automatic architecture search 

processes based on the proposed SLO-DARTS and the original DARTS can be carried out. 

For the original DARTS using a bilevel optimization framework, the Cornell Grasp Dataset 

is divided into three parts: the training set (400 images), the validation set (400 images) and the 
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testing set (85 images), where the training set is employed for updating weights, the validation set 

for updating operation variables, and the testing set for testing model accuracy at each iteration 

during the CNN training process. For the SLO-DARTS using a single-loop optimization 

framework, the above training and validation set are combined together to form a new training set 

(800 images) for updating the weights and architecture parameters simultaneously. Once the 

optimal architecture has been found, randomly initialize the CNN weights, and training is 

conducted from scratch on the training set (800 images partitioned from the Cornell Grasp Dataset). 

Subsequently, the CNN performance is assessed using the testing set (85 images partitioned from 

the Cornell Grasp Dataset). 

As a result of the graphic memory limitation, the original DARTS and SLO-DARTS are 

applied to optimize a CNN with 5 cells, where each cell consists of 3 nodes. The candidate 

operations in O for the bridge between every two nodes have been introduced in “Single-loop-

optimized differentiable architecture search for grasp detection” section, where each operation is 

of one stride. Following the same setup as the relevant studies, the sequence of ReLU-Conv-BN 

is used for convolutional operations, with reduction cells located in one-third and two-thirds of the 

network. Batch size is 8 during the architecture optimization process. After obtaining the best 

architecture, we retrain the CNN weights from scratch using a batch size of 8. 

3.3 Grasping experiments based on DT learning 

Prior to the DT learning, the weights of the CNN with the optimal architecture formed based 

on SLO-DARTS are pretrained using the Cornell Grasp Datasets. To enhance the network's 

suitability for real robot grasping, further training of the weights using the proposed DT framework 

is necessary. 900 randomly selected CAD models from the 3DNet dataset are employed for the 

DT learning process, among which 600 objects are utilized as the training set to further update 

CNN weights, and the remaining 300 are utilized to test the virtual grasping accuracy of CNN. In 

the first stage of DT learning, we follow the steps outlined in “Sim-real collaborative learning 

strategies” section to generate labeled simulation datasets for the initial fine-tuning of the network, 

of which 1033 are employed for training and 109 for testing. In the second stage of DT learning, 

accounting for the visual gaps between simulation and reality, the proposed Grasp-CycleGAN is 

integrated into our DT framework to adapt the simulated images to realistic images to generate 
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labeled sim-to-real datasets for further network fine-tuning (1022 for training and 108 for testing). 

It is worth noting that the Grasp-CycleGAN needs to first be trained on the unpaired simulation 

and real datasets without labels, where the former are gathered from the virtual environment via 

the RGB-D rendering algorithm, while the latter are collected from the real world by the depth 

camera. There are 1035 RGB-D images in both the simulation and real datasets. For training, select 

at random 1000 RGB-D images from each dataset, while keeping the rest ones as the testing set. 

The network architecture of the generator in Grasp-CycleGAN refers to works from (Johnson et 

al., 2016), which contains two stride-2 convolutions, several residual blocks, and two upsample 

operations based on the nearest neighbor algorithm. For the network architecture of the 

discriminator, PatchGAN (Ledig et al., 2017) is used to partition the image into multiple 

overlapping areas, known as “patches”, and then classify whether each patch is real or fake. Adam 

algorithm is employed in the training process of Grasp-CycleGAN with a batch size set to 1. 

To accelerate the DT-training process, 8 virtual robot arms are deployed at the same time into 

the Bullet for virtual grasping, that is, the batch size is 8. It is worth mentioning that the DT learning 

process could adapt the CNN to better fit the real-world robotic grasping through mimicking the 

real-world scenario compared to CNN training based only on the Cornell Grasp Dataset. That’s 

because there may be inevitable errors in the human-labelled grasp rectangles. After completing 

the DT-learning process, the fine-tuned CNN will be then transferred to perform real-world robot 

grasping tasks. As can be seen from Fig. 6(a) and (b), the real robotic grasping test involves the 

use of unknown objects, which include adversarial and household objects. The effectiveness of 

our method is assessed through two robot grasping task scenarios. The first involves the grasping 

of a static and single object, where any selected object is randomly positioned within the robot’s 

field of view before every grasp. Grasping in clutter is the second, where a set of graspable objects 

(10 each time) are randomly put in the workplace before performing grasp. Even if only single 

object datasets are used for model training, the multiple-grasp prediction capability enables our 

grasp detection model to adapt to more complex scenarios as well, such as grasping in cluttered 

scenes. The grasping metrics for the above two scenarios are the same, that is, a grasp in the real 

world is considered successful when the gripper grabs and lifts the target object and then moves it 

to a specified area. Notably, there is no requirement for grasping a specific target in cluttered 
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scenes, so the order of grasping is not considered in this work. The robot will cease grasping only 

when all objects within the workspace have been grasped. 

 

4. Results and discussion 

4.1 SLO-DARTS experiments 

The testing accuracy and the model size of CNNs under the different numbers of oriented 

reference rectangles k are listed in Table 1. Except for the output convolutional layer, all CNNs 

are built in the same way where each bridge selects the operation with the highest FLOPs. The 

model size increases with the value of k due to the positive correlation between the number of 

convolution filters in the output layer and the value of k. Different values of k also mean different 

angle differences between the two adjacent oriented reference rectangles. As Table 2 shows, the 

CNN exhibits the best testing accuracy when k is taken as 6 (i.e., the angle difference is π/6), 

surpassing those of CNNs with other values of k. The testing accuracy progressively improves as 

the value of k increases due to that the matched oriented reference rectangle is closer to the 

benchmark grasp rectangle. The smaller the offset to be predicted between the benchmark 

rectangle and matched oriented reference rectangle, the more beneficial it is for network regression 

learning. However, an excessively large value of k, for instance, k = 9, leads to a heightened 

imbalance between positive and negative labels, which makes classification difficult and lowers 

the accuracy of the CNN, as shown in Table 1. Hence, in the subsequent optimization experiments, 

k = 6 is selected. 

 

TABLE 1 Comparison of the accuracy and model size of CNNs under different values of k. 

The number of oriented 

reference rectangles k 
3 4 6 9 

Accuracy 0.8788 0.9293 0.9697 0.9596 

Model size (MB) 0.388 0.389 0.390 0.391 
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Table 2 provides the comparison results including the testing accuracy and the overall 

optimization time among original DARTS, DARTS-F (Hu et al., 2023) and SLO-DARTS 

optimization methods. Here, the testing accuracy is obtained on the testing set (85 images) from 

the CNN with the best architecture and weights. Given the variance of model performance even 

under the same training setup, a total of 15 independent experiments for each method are carried 

out. It is obvious that the average testing accuracy of the optimized CNN generated by SLO-

DARTS (98.45%) is higher than those obtained by original DARTS and DARTS-F. The above 

phenomena can be explained by the fact that a lot of skip-connect operations appear in the DARTS-

optimized CNN, therefore the network is too shallow to learn visual features well, as shown in Fig. 

9(b). Although DARTS-F method enhances performance by allowing inner-level optimization to 

converge completely, its essence remains based on a bilevel optimization framework, thus unable 

to fundamentally address the aforementioned issue. In addition, benefiting from the synchronous 

update of ω and 𝜶 instead of the sequential update, SLO-DARTS optimization takes 59% less time 

overall compared to the original DARTS. Due to adopting the new convergence criteria to replace 

a single training step scheme, DARTS-F does not have an advantage in terms of optimization time. 

To more intuitively compare three optimization methods, boxplots are used to depict the 

distribution of model performance, which can be seen in Fig. 7. In a statistical view, the disparity 

between the upper and lower quartiles of SLO-DARTS is smaller than that of the other methods, 

indicating a more concentrated performance distribution, and hence, better robustness. 

Fig. 8 presents the performance comparison on the Cornell Grasp Dataset for CNNs 

optimized by DARTS, DARTS-F and SLO-DARTS, as well as four representative manually 

designed CNNs (AlexNet, VGG16, ResNet34 and ResNet101). It is easy to see that compared to 

other manually designed CNNs, the SLO-DARTS-optimized CNN shows its superiority in terms 

of both accuracy and model size in grasp detection tasks. Note that the model size of the SLO-

DARTS-optimized CNN is reduced by about 2 orders of magnitude, which corresponds to a 

significant increase in computational efficiency. 
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TABLE 2 Comparison of results between DARTS, DARTS-F and SLO-DARTS optimization 

methods. 

 DARTS DART-F SLO-DARTS 

Accuracy of the optimized CNN

（%） 
97.10±1.27 97.78±1.12 98.45±0.73 

Time of the optimization (hours) 1.30 9.25 0.82 

 

 

Fig. 7 Distributions of performance for DARTS, DARTS-F and SLO-DARTS optimization 

methods on the Cornell Grasp Dataset. 
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Fig. 8 Performance comparison results for CNNs optimized by DARTS, DARTS-F and SLO-

DARTS, as well as four manually designed CNNs on the Cornell Grasp Dataset. 



 

30 

 

 

(a) 
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(b) 

Fig. 9 The optimization process of the original DARTS and the proposed SLO-DARTS. (a) The 

training loss at different epochs; and (b) the test accuracy and the number of skip-connect 

operations in both the normal and reduction cells of CNNs at different epochs. 

 

Fig. 9 provides the trends in training loss value, test accuracy and number of skip-connect 

operations of CNNs during the optimization process by the DARTS (the blue curve) and the 

proposed SLO-DARTS (the red curve). Both training loss consistently decreases with the increase 

in epochs. It is also found that the proposed SLO-DARTS brings faster convergence and lower 

training loss to the optimization problems compared with the original DARTS. From Fig. 9(b), it 

is clear that many skip-connect operations (see the solid blue line in Fig. 9(b)) are involved in the 

architecture during the DARTS optimization process, leading to poor performance, indicated as 

the blue dashed line in Fig. 9(b). In contrast, the skip-connect operations gradually decrease to 
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zero in number within the selected architecture by SLO-DARTS, demonstrating the stability and 

superiority of a single-loop optimization framework. Notably, the number of skip-connect 

operations in the entire network architecture is several times that of the cell shown in Fig. 9(b). 

The selected cells and overall architecture by SLO-DARTS are depicted in Fig. 10. 

 

Fig. 10 The overall architecture and cells learned by SLO-DARTS. 

 

4.2 Grasping experiments based on DT learning 

To assess the image mapping capabilities of the proposed Grasp-CycleGAN, several standard 

metrics, such as the mean square error (MSE), peak signal-to-noise ratio (PSNR) (Winkler & 

Mohandas, 2008), structural similarity (SSIM) (Wang et al., 2004) and multi-scale structural 
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similarity (MS-SSIM) (Wang et al., 2003), are calculated between the simulated image 𝑠 and the 

recovered one 𝐺𝑅𝑆(𝐺𝑆𝑅(𝑠)). Table 3 lists the comparison results in the same datasets between the 

original CycleGAN, RetinaGAN (Ho et al., 2021) and our Grasp-CycleGAN. Here, MSE is the 

expected value for calculating the squared differences between corresponding pixels of two images, 

therefore a higher similarity between images can be indicated by a lower MSE. PSNR, SSIM, and 

MS-SSIM are responsible for quantifying image similarity, with larger values being better. It is 

clear that our Grasp-CycleGAN model obtains both higher PSNR, SSIM and MS-SSIM values 

along with lower MSE values, which indicates its better capability in image translation. To 

demonstrate the mapping effect more intuitively, some visual comparative results on mapping 

simulated images to real images among the three methods are given, as shown in Fig. 11. While 

RetinaGAN slightly improves transformations of the object and background compared to 

CycleGAN by introducing an object detection consistency loss, it relies on an additional object 

detector that needs to be trained on simulated and real images manually annotated with bounding 

box labels. In addition, RetinaGAN is only responsible for compensating object-level visual 

domain differences, which contributes little to the grasping task that focuses on local features of 

the graspable objects. It can be clearly observed that our Grasp-CycleGAN excels in both image 

transformation to the real style and the preservation of information about the features of graspable 

objects, especially those detailed features related to the grasping task. 

 

TABLE 3 Comparison of the image mapping performances between CycleGAN, RetinaGAN and 

Grasp-CycleGAN under different metrics. 

 MSE PSNR SSIM MS-SSIM 

CycleGAN 4.4378 41.8673 0.9914 0.9960 

RetinaGAN 4.6084 41.6222 0.9910 0.9963 

Grasp-CycleGAN 3.5517 42.7896 0.9926 0.9975 
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Fig. 11 Results of mapping simulated images to real-like images. The leftmost column: the original 

simulated images. The middle three columns: the real-like images generated by three different GSR. 

The right most: the recovered simulated images generated by GRS in the Grasp-CycleGAN. 

 

The trends in CNN virtual grasping accuracy and training loss when fine-tuned by using the 

training set of the simulation datasets are shown in Fig. 12. After the SLO-DARTS-optimized 

CNN is fine-tuned based on the simulation datasets, there is a noticeable improvement in the virtual 

grasping accuracy, rising from 68% to 85%. This owes to the supplementary training data on one 

hand, and on the other hand, to the fact that the grasp rectangles labeled based on the results of 

virtual grasping are more accurate and effective than the human-labeled grasp rectangles in the 
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Cornell Grasp Dataset. Additionally, the virtual grasping accuracy on the testing set (300 objects 

from the 3DNet dataset) is also significantly improved from 65% to 82%, which indicates the 

strong generalization of the fine-tuned network for unknown objects. 

Table 4 presents the robotic grasping results in the physical world using the SLO-DARTS-

optimized CNN, the simulation-finetuned CNN and the sim-to-real-finetuned CNN. It can be seen 

that as the SLO-DARTS-optimized CNN is sequentially fine-tuned on the simulated and sim-to-

real datasets, the real-world robotic grasping accuracies for single and cluttered objects are greatly 

improved on both the single and cluttered objects. The poorer performance of the simulation-

finetuned CNN when compared to that of the sim-to-real-finetuned CNN could be attributed to a 

significant gap between simulation and reality, resulting in the network that is purely fine-tuned in 

the simulation environment not being able to be directly transferred to the real environment. 

Compared with the household objects, the adversarial objects manufactured by 3D printing have 

more complex geometry, leading to lower accuracies of real robotic grasping.  

There are still many grasping attempts that have failed in real robotic grasping, as shown in 

Table 4. The possible reasons could be as follows: (i) The grasp height along the z-axis is not taken 

into account in our method, so even if the predicted rotation angle and opening width for grasping 

objects are correct, the grasp may fail. Particularly for adversarial objects with intricate shapes and 

some cylindrical objects, an incorrect grasp height can result in the grasp that does not meet the 

force-closure condition required for a successful grasp, as depicted in Fig. 13(a). (ii) Our method 

mainly focuses on the reduction of the visual gap, without much consideration of the physics-based 

differences between simulation and reality. This may result in labels being less than exhaustive or 

containing certain errors in the sim-to-real datasets. (iii) The overlaps and occlusions among 

graspable objects in clutter shown in Fig. 13(b) may cause collisions during the grasping process, 

leading to failure grasps. 
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Fig. 12 The virtual grasping accuracy and training loss during the fine-tuning process in the virtual 

environment. 
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(a) 

 

(b) 

Fig. 13 Some failure cases in the real robotic grasping. (a) Grasping single object; and (b) grasping 

in cluttered scenes. 

 

TABLE 4 Comparison of real-world robotic grasping accuracy using the SLO-DARTS-optimized 

CNN, the simulation-finetuned CNN and the sim-to-real-finetuned CNN. 

Testing accuracy of real robotic 

grasping 
SLO-DARTS-

optimized CNN 

Simulation-finetuned 

CNN 

Sim-to-Real-

finetuned CNN 

Household objects 72.0% 79.3% 92.6% 

Adversarial objects 66.2% 70.4% 86.3% 

Cluttered objects 62.2% 68.6% 83.7% 
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5. Conclusions and future work 

Advanced convolutional neural networks (CNNs) trained by sufficient task-oriented 

annotated samples can extract rich and efficient visual features for processing complex visual 

recognition tasks like grasp detection. This work first presents a novel stable and fast differentiable 

architecture search method based on a single-loop optimization framework, named single-loop-

optimized DARTS (SLO-DARTS). This method performs continual relaxing of the discrete search 

space, followed by simultaneously updating both the weights and architecture parameters of the 

neural networks. To further finetune the SLO-DARTS-optimized CNN, a novel DT of IRG based 

on sim-real collaborative learning is developed, where the sim-real collaborative learning is 

realized by the developed Grasp-CycleGAN which can convert simulated images into pseudo-

realistic ones. Based on the created pseudo-realistic images, CNN can be further trained, which 

could not only enhance the IRG accuracy but also reduce the costly expense of large-scale real 

labeled data collection, which could not only enhance the real IRG accuracy but also reduce the 

costly expense of large-scale real labeled data collection. 

A variety of SLO-DARTS experiments and grasping experiments were conducted to verify 

the proposed methods in this work. The constant k, representing the number of oriented reference 

rectangles, is set to 6 in this study to maintain the classification and regression loss balance during 

CNN training. The superiority of our method can be demonstrated by the fact that SLO-DARTS 

could derive an optimized CNN with higher grasp detection accuracy (98.99%) in a faster and 

more stable optimization process (0.82 h) compared to the original DARTS. Thanks to the 

proposed DT framework, the SLO-DARTS-optimized CNN fine-tuned in simulation obtains a 

grasping accuracy increase from 65% to 82% in the virtual world. Furthermore, the weights of 

CNNs are fine-tuned based on sim-to-real datasets so that the real IRG accuracies of 92.6%, 86.3% 

and 83.7% for single household objects, single adversarial objects and cluttered objects are 

obtained, respectively. 

Although our method provides robust and precise real-world IRG results, some further 

research is urgently needed. For instance, stacking diverse cells could further expand the search 

space and enhance network performance. The Grasp-CycleGAN can be extended to not only 

address the visual gap but also any physics-based differences between simulation and reality, 
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thereby extending its applicability to other complex visual tasks such as robotic apple picking and 

robot navigation. Additionally, the current visual grasp detection model is limited to static 

unknown object grasping scenarios using the two-finger parallel gripper. It would be important 

and challenging to extend the capability of model to the dynamic unknown object grasping 

scenarios and different gripper configurations. Finally, thanks to the rapid development of large 

language models, they can be integrated with robots to assist in better understanding and executing 

the natural language commands from humans, thus enhancing human-human interactions. 

Given the gradual advancement and intelligence of robotic systems, we cannot overlook the 

potential risks and challenges they may bring, as well as the ethical and societal impacts. For 

example, as the complexity of deep learning models employed to build intelligent robotic systems 

increases, so does the difficulty of comprehending and interpreting their decision-making 

processes. This black box nature makes the systems vulnerable to attack and, in the event of a 

security breach, it becomes challenging to accurately pinpoint the source of problem. Therefore, 

the trust between the users and the systems will become weaker as the decisions of the systems are 

perceived to be potentially biased or incorrect. Moreover, accountability is crucial for requiring 

providers of intelligent robotic systems to be responsible for decision outcomes and even 

unintended accidents. In addition, the development of intelligent robotic systems will increasingly 

displace human labor and exacerbate unemployment and socio-economic inequalities, thus 

requiring relevant policy intervention. In summary, there is an urgent need for some mitigation 

strategies such as the establishment of legal and regulatory frameworks, developing interpretable 

deep learning models, and retraining and skills upgrading programs for the unemployed. 

 

Data availability 

The Cornell Grasp Dataset is available at https://www.kaggle.com/oneoneliu/cornell-grasp. The 

3DNet dataset is available online at https://www.acin.tuwien.ac.at/en/vision-for-

robotics/software-tools/3dnet-dataset/. The adversarial object 3D mesh models are available at 

https://berkeleyautomation.github.io/dex-net/. Our codes may be available upon request. 
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Nomenclature 

𝐵  The number of nodes within each cell 

𝑐  The graspable confidence 

𝑐𝑥  The cell’s x-axis offset from the image’s top-left corner 

𝑐𝑦  The cell’s y-axis offset from the image’s top-left corner 

DS   The discriminator responsible for classifying images to the simulation domain 

DR   The discriminator responsible for classifying images to the reality domain 

g  The real-world representation of a grasp 

gi  The pixel representation of a grasp 

𝐺𝑅𝑆  The generator responsible for transforming images to the simulation style 

𝐺𝑆𝑅  The generator responsible for transforming images to the real style 

𝐻  The height of the image 

𝐈  An RGB-depth (RGB-D) image 
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𝑘  The number of oriented reference rectangles 

ℒ  The loss function 

ng  The number of candidate grasp rectangles 
N  The number of positive oriented reference rectangles 

𝑜(𝑚,𝑛)  Operations performed on node m 

𝑜̅(𝑚,𝑛)  A mixed operation on the edge connecting node m and node n 

O  The operation space 

𝒑  The real-world coordinates of the gripper’s center position 

𝑝𝑤  The predefined width of an oriented reference rectangle 

𝑝𝜃  The predefined angle of an oriented reference rectangle 

R  The real image domain 

S  The simulation image domain 

𝑡𝑚  The offset values predicted by the detection network 

𝑡̂𝑚  The benchmark offset values 

𝑡𝑐  The graspable confidence predicted by the detection network 

𝑡̂𝑐  The benchmark graspable confidence 

𝑈  The predicted grasp rectangle 

𝑉  The benchmark grasp rectangle 

𝑤  The gripper opening distance 

𝑊  The image width 

𝛼𝑜
(𝑚,𝑛)

  A continuous operation variable of operation 𝑜 

𝜶  The continuous operation vector 

𝜃  The gripper rotation angle during grasping 
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ω  The weight coefficients of the neural network 

ω*  The optimal weight coefficients of the neural network 


