2026 IEEE International Conference on Robotics and Automation (ICRA 2026)

June 1-5, 2026. Vienna, Austria

Learning to Grasp by Integrating Human Preferences and Success
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Abstract— End-to-end robotic grasping increasingly relies on
reinforcement learning to enable safe and precise execution,
yet defining a reward that consistently drives such behavior
remains a central challenge. Human-engineered rewards have
been widely explored, but they are prone to reward hacking,
depend heavily on artificial design choices, and often fail
to capture human intuition. Preference-based reward models
offer a promising alternative by aligning policies with human
feedback, but their application to robotic grasping has remained
limited, and preference-aligned actions do not always translate
into successful execution. We propose Human Preference and
Success-based Grasping (HPSG), a three-stage framework that
combines pre-training, reward modeling, and fine-tuning. At
its core is the Weighted Success Reward (WSR), which inte-
grates a preference-trained reward model with binary success
feedback so that policies learn behaviors that are effective in
practice and aligned with human judgment. This design resolves
the mismatch between subjective preferences and execution
outcomes, thereby improving reliability. Through extensive
simulation and real-world experiments, we show that HPSG
produces reliable grasping policies, achieving higher success
and completion rates, reducing collisions, and transferring to
physical settings with smaller performance degradation than
baseline methods. Our code is publicly available at: https:
//github.com/qkrwndufl997/HPSG

I. INTRODUCTION

Deep Reinforcement Learning (DRL) in robotic grasping
requires reliable models, as designing robust and effective
grasping policies remains a fundamental challenge. Among
the various components of RL, the reward function plays a
particularly critical role. The binary success reward, which
assigns a reward of +1 for successful grasps and O for
failures, has been widely adopted for its simplicity and clar-
ity [1], [2]. However, its sparsity limits exploration efficiency
and increases the risk of converging to suboptimal poli-
cies [3]. To mitigate these issues, researchers have developed
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handcrafted dense rewards, which have demonstrated effec-
tiveness in specific scenarios [4]-[10]. Nevertheless, such
designs remain vulnerable to reward hacking, where agents
exploit unintended shortcuts in the reward structure [11].

In response to these challenges, recent studies have ex-
plored learning reward models from human behavior or
evaluative signals, shifting away from manually designed
reward functions. Preference-based approaches, specifically
Reinforcement Learning from Human Feedback (RLHF), are
among the most promising directions, where agents learn
reward models by comparing actions ranked by humans [12]—
[15]. This framework enables the acquisition of nuanced, task
aligned reward signals that embed human intuition directly
into policy learning. In addition, it adopts a modular reward
design, allowing the incorporation of diverse performance
enhancement techniques.

Despite the growing interest in preference-based RLHF
for robotic manipulation, we believe the following two key
challenges remain insufficiently addressed. First, preference-
trained reward models reflect human judgments by assigning
higher scores to grasping actions that humans subjectively
prefer [16]. However, a high preference score does not nec-
essarily guarantee successful manipulation outcomes (e.g.,
successful grasping). Second, reward models trained in a
single domain often overfit to its specific visual and physical
characteristics. When transferred to environments with dif-
ferent object configurations (e.g., variations in shape, texture,
or clutter density) they may yield biased or misleading
scores, leading to unreliable predictions. Mitigating this issue
typically requires collecting additional preference data from
each target environment, a process that is both labor-intensive
and costly. These limitations highlight the need for more
reliable reward modeling strategies.

In this work, we propose Human Preference and Success-
based Grasping (HPSG), a deep reinforcement learning
framework that integrates human preferences with binary
success feedback to enhance grasping reliability. A reli-
able grasp is characterized by avoiding collisions, aligning
well with the object’s pose, and maintaining secure contact
without dropping. At the core of our framework is the
Weighted Success Reward (WSR), defined as the product
of a preference-based reward model and a binary success
reward. This formulation provides a principled mechanism
to align subjective human preferences with objective grasp
outcomes, allowing the model to assess whether human-
preferred actions also result in successful grasps. By bridging
this gap, WSR mitigates the limitations of the preference-
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grasping behavior.

The proposed framework also introduces a multi-stage
learning process comprising: 1) pre-training, 2) reward mod-
eling, and 3) fine-tuning. In the pre-training stage, a primitive
grasping policy is trained using reinforcement learning with
binary success rewards. In the reward modeling stage, a
dataset of human preferences for grasping is used to train
a reward model through supervised learning. Finally, in the
fine-tuning stage, the grasping policy is refined using the
WSR, aligning subjective preferences with objective grasp
outcomes. To the best of our knowledge, this is the first study
to apply a preference-based RLHF methodology to the end-
to-end robotic grasping problem, highlighting the central role
of reliable reward design and modeling strategies.

The major contributions of this work are:

o We propose the first end-to-end RLHF-based framework
for robotic grasping in cluttered scenes, introducing the
WSR as a principled mechanism that integrates human
preferences with binary success signals to improve
policy reliability.

e We design a data collection procedure and curate a
robotic grasping preference dataset with explicit la-
beling guidelines, enabling consistent human feedback
collection and effective reward model training.

o We conduct comprehensive evaluations in both simu-
lated and real-world environments, demonstrating the
effectiveness of our work.

II. RELATED WORK
A. Reward Engineering in Robotic Grasping

While reinforcement learning has been actively applied
to robotic grasping, reward design has received compar-
atively less attention, despite its significant influence on
policy behavior. The binary success reward, which assigns
+1 for success and O for failure, is widely used for its
simplicity but often hinders exploration and leads to subop-
timal convergence [3]. To address the limitations of sparse
binary rewards, researchers have proposed various auxiliary
and dense reward designs. Zeng et al. [1] introduced an
intrinsic reward of 0.5 for pushes that caused detectable scene
changes, encouraging actions that created more graspable
object configurations. Another line of work has explored
distance-based shaping. For instance, Shahid et al. [8] as-
signed rewards proportional to the distance between the
gripper and an object’s center of mass, thereby reducing
reward sparsity and providing smoother learning signals.
Safety-oriented rewards have also been investigated, with
Abbas et al. [9] applying a collision penalty of -5 in grasping
tasks and Luo et al. [10] applying a -10 penalty in motion
planning. Collectively, these approaches demonstrate how
reward shaping can encourage safer exploration and promote
more reliable grasping behavior.

However, such manually designed rewards remain vul-
nerable to reward hacking, where agents exploit unintended
shortcuts rather than learning the intended behavior [11]. To
address this limitation, data-driven methods aim to replace

handcrafted designs with reward models trained on human
evaluations or preferences [12], [13]. These approaches cap-
ture nuanced criteria that are difficult to encode explicitly,
marking a growing shift toward feedback-driven reward
design in robotic grasping.

B. Applying RLHF to Robotic Tasks

While RLHF has demonstrated effectiveness across a
range of tasks [13]-[15], its application in cyber-physical
interactive spaces, such as robotics, remains relatively un-
derexplored. Recent efforts have begun to bridge this gap
by extending RLHF to robotic tasks [17], [18], with Pinsler
et al. [17] being most closely related to our work. Their
method combined hierarchical reinforcement learning with
preference-based methods to improve sample and feedback
efficiency, highlighting the potential of preference-based
reinforcement learning in robotic grasping. However, their
method relied on auxiliary algorithms [19] to select grasp
candidates rather than directly inferring grasp points, and em-
ployed Gaussian Process regression instead of deep learning,
with the primary emphasis on feedback efficiency within a
hierarchical framework. In contrast, we extend preference-
based reinforcement learning to the end-to-end grasping
problem, directly predicting grasp points from RGBD images
through deep learning.

III. PROPOSED FRAMEWORK

The Human Preference and Success-based Grasping
(HPSG) framework proposed in this study builds upon prior
works [13], [15]. As illustrated in Fig. 1, the framework
consists of three learning stages: 1) pre-training, 2) reward
modeling, and 3) fine-tuning. All models trained at each
stage adopt the Fully Convolutional Action-Value Function
architecture [1], [20] and are trained sequentially across
stages: the reward model is initialized with the pre-trained
model, and the grasping policy for fine-tuning is initialized
with the reward model. The following subsections describe
our definition of the problem and each learning stage.

A. Problem Definition

This study formulates the 4-DoF robotic grasp detection
problem as a Markov Decision Process (MDP). Each state is
represented by a 224 x 224 pixel RGBD image, with example
RGB images for each domain shown in Fig. 5. The action
is defined as a 4-DoF grasp x,y, z,yaw, where z and y
correspond to a pixel from an image back-projected to our
workspace shown in Fig. 3, z is the gripper’s height which is
a fixed vertical offset relative to the depth image, and yaw is
the in-plane rotation discretized into 8 orientations at 22.5°
intervals [1]. An episode terminates either upon reaching the
maximum length of 30 steps or when a stuck [1] occurs,
where an action fails to alter the state for 10 consecutive
steps. The discount factor (y) is 0.5 [1] and the reward
function is detailed in the following section. The cumulative
reward is obtained by summing rewards over multiple grasp
attempts within an episode. We train the grasping policy in
a single simulated environment consisting of 10 toy blocks,
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Fig. 1. Overview of the proposed framework. The framework is composed of three stages: pre-training, reward modeling, fine-tuning.

and evaluate it in distinct scenarios to assess whether the
proposed framework can effectively handle unseen domains,
as detailed in Section IV-E.

B. Pre-training

Inspired by the VPG-Grasping-only model [1], our pre-
training stage employs the Deep Q-Network (DQN) algo-
rithm with an enhanced exploration strategy. As illustrated
in Fig. 1, the process begins by capturing an RGBD image of
the workspace at step ¢, denoted as s;. Before being fed into
the Q-network, s; undergoes a pre-processing step where it is
rotated by eight discrete angles, generating eight augmented
images per input. This augmentation allows the model to
evaluate different gripper orientations when estimating Q-
values for all possible actions. The Q-network computes
the Q-value for each pre-processed image. These Q-values
then undergo a post-processing step consisting of rotation
reversal, upsampling, and cropping to generate the Q-value
maps illustrated in Fig. 1. The action a; is subsequently
selected and executed using a decaying e-greedy policy,
ensuring a balance between exploration and exploitation.
Finally, the pre-training process continues by receiving a
reward of either 1 or 0, determined by the binary success
reward function.

During exploration, an action is selected only if it is at
least 10 pixels away from the highest-valued action in the
x or y coordinates or differs by at least 45 degrees in yaw
rotation. This constraint is necessary due to the vast action
space (224 x 224 x 8 = 401,408), where purely random
exploration would be inefficient for effective learning. Ad-
ditionally, the Fully Convolutional Network (FCN) structure
includes an upsampling process to increase the resolution
of the model’s output [20]. This process, along with the
spatial correlation of predicted Q-values, often causes actions
near the highest-valued action to also have high Q-values.
Consequently, simply selecting the second-highest valued
action may result in redundant exploration. To address this,
the model selects the highest-valued action that satisfies the
spatial and rotational constraints, ensuring more diverse and
effective exploration.

Our training details of this stage are as follows. The
temporal difference (TD) loss is computed using the Huber
loss function:

Q-value maps
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Fig. 2. The process of generating the human preference dataset Dy.c s

using the pre-trained model. The model samples multiple grasping actions
a?“‘3 based on the given RGBD observation s;. These candidates are then
ranked according to human preference to construct the dataset.
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(1
where ¢ represents the parameters of the Q-network. The
TD target, denoted as y4-, is computed using the target Q-
network, where ¢~ represents its parameters. The action a
is selected using the e-greedy exploration strategy explained
above, and the exploration rate € starts at 0.5 and is decayed
to 0.1 over the course of training, which is conducted for
20,000 steps. The initial learning rate is set to 5 X 1075, with
a cosine annealing with warm restarts (CAWR) scheduler.
The initial learning rate restart period is set to 50 steps, with
each subsequent restart period increasing by a factor of 4.

C. Reward Modeling

Following the pre-training stage, the second stage focuses
on reward modeling to align policy learning with human
preferences. This stage aims to train a reward model that
captures human intent, enabling the agent to learn behavior
that is both effective and human-aligned. It consists of two
key substages: 1) human preference dataset collection and 2)
reward model training.

1) Human Preference Dataset Collection: The human
preference dataset D).y is collected in a simulation en-
vironment using the pre-trained model, following the same
procedure as the pre-training stage up to the generation of
eight Q-value maps, as illustrated in Fig. 2. From these maps,
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an action with the highest Q-value is selected, along with
three additional exploratory actions based on the pre-training
exploration strategy, resulting in four grasp candidates per
state s;. These state-action pairs serve as the features for
training the reward model. To annotate preference labels,
human evaluators compare the four candidate actions using
three sources of information: 1) the real-time front view
of the robot’s grasping attempts, 2) visualizations of the
sampled actions al3, and 3) the resulting post-action states
sgfl. These additional cues are necessary for capturing
nuanced human preferences that cannot be inferred from
static images alone, such as collision occurrences, grasp
stability, and final outcomes.

To ensure data balance across different object densities,
state-action pairs are continuously generated until the episode
terminates. The dataset is collected in a simulated environ-
ment with 10 toy blocks. Three labelers annotated a total
of 8,260 preference data points. To augment the dataset, we
applied a flipping transformation to both the state and action,
with preference labels preserved. This effectively doubled the
dataset size to 16,520 samples without adding label noise or
visual distortion.

2) Preference Labeling Guidelines: Establishing consis-
tent criteria is crucial for preference labeling, since unclear
guidelines often lead to inconsistency [12]. However, defin-
ing human preference criteria is inherently challenging, much
like designing a reward function for grasping. To address this,
we developed our labeling guidelines based on insights from
prior research [21] and refined them iteratively through our
labeling experience. In cases where conflicts arise between
predefined criteria, the labeler’s judgment is prioritized, as
grasping capability fundamentally relies on implicit human
knowledge. The guidelines below are ordered by priority:

1) Grasping empty space is considered the worst, as it
offers no improvement.

2) Actions causing collisions are avoided, as they can
damage hardware, often result in grasp failures, and
fundamentally compromise grasp reliability [10]

3) Grasping sloped or curved surfaces is avoided due to
the increased risk of slippage.

4) Orthogonality between the gripper and the principal
axis of an object is considered for grasp stability [21].

5) Distance between the gripper center and the object’s
center of mass is considered for grasp stability [21].

6) If a clear judgment cannot be made, the labeler may
consider the success of the grasp or skip the data.

Our labeling guidelines deliberately place grasp success as
a secondary criterion, since unsafe, misaligned, or unstable
grasps may occasionally succeed, yet such outcomes do not
constitute reliable grasping in practice.

3) Reward Model Training: As illustrated in Fig. 1, the
reward model is trained using the human preference dataset
Dpyrey. During training, the reward model takes state-action
pairs (s¢,ad™?) as inputs and predicts a reward for each
action. The predicted rewards r(s;, a)™~?3) are then sorted in
descending order and compared against the ranked actions
from the human preference dataset to compute the loss.

To ensure computational efficiency and mitigate the risk of
overfitting [15], we employ a pairwise comparison approach,
generating (;1) comparison samples per set of four actions.

The training objective is formulated as a cross-entropy loss
function based on prior research [15]:

L3 (8) = = {5 Bl Dy 080 (ol 00) = rolss )] @)

where D,,,..; represents the human preference dataset, and
ry(s,a) denotes the predicted reward of the reward model,
parameterized by ), for an action a performed in a state
s. For each pairwise comparison, a,, and a; denote the
two actions being compared, where a,, represents the action
with a higher human preference, while a; corresponds to
the action with a lower human preference. We divided the
dataset into training and validation sets in a 9:1 ratio. The
model was trained for three epochs, with a batch size of 96,
starting with an initial learning rate of le — 4 and utilizing
CAWR scheduler. The initial learning rate restart period was
set to 500 and remained fixed throughout training.

D. Fine-tuning

The refinement of the grasping policy is achieved through
fine-tuning, which enhances the policy using the Weighted
Success Reward (WSR). By integrating human preferences
with binary success feedback, this stage encourages the
learning of grasping behaviors that are both preferred by
humans and reliably successful.

1) Weighted Success Reward: Given the complexity of
robotic grasping environments, relying solely on the reward
model for fine-tuning may lead to undesirable performance
in unseen environments, as the reward model is trained on a
limited dataset through supervised learning. To address this
limitation, we introduce WSR, which combines the output
of the reward model r (s, a) with binary success feedback as
follows:

if grasp success

3)

WSR(s,a) = 4 (5%
s,a) = . .
0 if grasp fail

This reward structure integrates subjective human prefer-
ences with objective grasp success signals, enabling an objec-
tive evaluation of whether highly preferred grasping actions
are also successful. Moreover, this integration substantially
improves the policy’s robustness to unseen environments, as
demonstrated in Sec. IV-E.

2) Training Procedure: The fine-tuning stage employs the
same DQN algorithm as used in pre-training but differs in
three key aspects: the reward structure, the loss function,
and the learning parameters. First, unlike pre-training, which
relies solely on binary success rewards, fine-tuning utilizes
the WSR to integrate both human preferences and grasp
success signals, facilitating more effective policy learning.

Second, while pre-training employs the Huber loss for
Q-learning, fine-tuning incorporates an additional KL diver-
gence regularization term. This prevents the updated policy
from deviating excessively from the initial policy, thereby
maintaining stability and preserving previously learned be-
haviors. The loss function is formulated as follows:
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where Qg (s, a) is the Q-value of the current policy, yg- is the
target Q-value, my(als) is the action probability distribution
of the updated policy obtained by applying a softmax over
the Q-values for the selected yaw, 7;(a|s) is the probability
distribution of the policy before fine-tuning obtained using
the same yaw-specific softmax as mg(als), and 3 is the KL
divergence coefficient set to 0.01.

Finally, the fine-tuning stage adopts more conservative
training parameters than pre-training, aiming to refine the
policy within the original domain while retaining the knowl-
edge obtained during earlier learning. The discount factor ~y
is kept at 0.5 to balance immediate and future rewards. The
learning rate is fixed at 1e =, and the exploration probability
€ is linearly annealed from 0.1 to 0.01 throughout training.

Lrr(0) =

IV. EXPERIMENTS
A. Experimental Setup

Our experiments are conducted in both simulation and
real-world environments, as illustrated in Fig. 3. In both
settings, a URSe manipulator equipped with a Robotiq 2F-
85 parallel gripper is employed to perform grasping tasks.
A fixed top-down RGBD camera continuously observes the
workspace. The simulation environment is implemented in
MulJoCo [22], using robot and gripper models from the Mu-
JoCo Menagerie [23]. The real-world environment replicates
this setup using an Azure Kinect camera, with objects placed
in a designated workspace and moved to a predefined drop-
off space after grasping.

B. Evaluation Metrics

We evaluated the performance of grasping models using
three metrics, including 1) completion rate, 2) grasp success
rate, and 3) collision rate. The completion rate measures
the percentage of episodes in which all assigned objects are
successfully grasped. The grasp success rate represents the
proportion of successful grasps to the total number of grasp
attempts in an episode. Lastly, the collision rate measures the
frequency of collisions relative to the total number of grasp

TABLE I
BASELINE COMPARISON

Reward Type Grasp Suc- Completion Collision
cess Rate Rate Rate

Binary 84.90% 99.00% 11.94%
Binary + Collision | 56.79% 52.33% 9.21%

Binary + Push 78.68% 97.67% 17.06%

Distance 72.07% 96.33% 23.32%
RM-only 89.30% 95.33% 4.59%
WSR (Ours) 93.77% 99.67% 6.04%

attempts within an episode, counting only collisions that
occur during the gripper’s descent. This restriction reflects
the 4-DoF grasping setup, where descent-phase collisions are
the only ones detectable and relevant to the trained model.
Each metric was averaged over 300 simulated episodes and
30 real-world episodes. Reported results correspond to the
best-performing model for each reward type, chosen from
the saved checkpoints with the highest grasp success rate.

C. Baselines

The proposed work is evaluated against four human-
engineered baselines considering their popularity and how
they closely align with our labeling guidelines. Additionally,
RM-only is adopted as an RLHF-based baseline due to the
absence of directly comparable methods.

o Binary: A reward of +1 for successful grasps and 0
for failures.

e Binary + Collision: Binary reward with a —5 penalty
for collisions, regardless of success [9].

e Binary + Push: Binary reward with +0.5 for failed
grasps that cause scene changes [1].

o Distance: A dense reward based on the distance to the
object’s center of mass [8].

Rd =1- tanh(pgrasp - pobj) (5)

e RM-only: Fine-tuned using only the reward model
without binary success feedback.

D. Experimental Results

To demonstrate the feasibility of our work, we conducted
experiments on two aspects. First, we show the reliability of
WSR by comparing its performance against different reward
designs, demonstrating that WSR enables safe and precise
grasping by aligning with human preferences. Second, we
demonstrate the performance gains from WSR by analyzing
its effect during the fine-tuning stage.

1) Reliability of WSR: Among the human-engineered
rewards, the binary success reward demonstrated the most
reliable performance overall as shown in Table I. It achieved
a grasp success rate of 84.90% and a completion rate
of 99.00%, yet the collision rate stayed relatively high at
11.94% since safety is not explicitly considered. To ad-
dress the collision issue of the Binary approach, a collision
penalty was introduced, reducing the collision rate from
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11.94% to 9.21%. This improvement demonstrates that the
penalty effectively discourages unsafe grasps. However, it
also caused a substantial drop in grasp success (56.79%) and
completion rates (52.33%). The decline arises because strong
penalties suppress near-contact grasps, which can otherwise
be useful in cluttered environments by slightly displacing
nearby objects to create new feasible grasp configurations.
By discouraging these attempts, the policy loses valuable
opportunities for successful grasps.

The Binary + Push reward design, on the other hand,
introduced an incentive for push actions to actively alter the
scene configuration. Compared to Binary + Collision, this
approach substantially improved the completion rate (from
52.33% to 97.67%) by reducing the likelihood of becoming
stuck, and it also led to higher grasp success. However, this
came at the expense of a sharp increase in collision rate
(9.21% to 17.06%). When compared to the Binary baseline,
Binary + Push exhibited an overall performance decline, as
the policy often attempted push actions even in states where
a direct grasp was already feasible. These results suggest
that while push incentives encourage scene exploration, they
fail to adequately account for safety and hinder the accurate
learning of precise grasp strategies.

Similarly, the distance-based reward achieved reason-
able precision but suffered from the highest collision rate
(23.32%), as it emphasized proximity rather than safe grasp
execution. Overall, these findings indicate that conventional
human-engineered rewards face inherent limitations in pro-
ducing reliable grasping policies.

In contrast, the RM-only baseline fine-tuned with human
preferences was able to learn a more reliable grasping policy.
Compared to the Binary reward, it achieved a higher grasp
success rate (84.90% to 89.30%) and a substantially lower
collision rate (11.94% to 4.59%). This improvement, how-
ever, came with a slight reduction in completion rate (from
99.00% to 95.33%), which can be attributed to the strong
collision-avoidance tendency embedded in the preference
labeling guidelines, leading the policy to avoid near-contact
grasps. Unlike the Binary + Collision approach, though, the
RM-only baseline not only maintained but even improved
grasp success, highlighting the effectiveness of preference-
based fine-tuning in balancing safety and task performance.

The WSR demonstrated the ability to overcome the limita-
tions observed in the RM-only baseline. It achieved the high-
est performance among all baselines, with a grasp success
rate of 93.77% and a completion rate of 99.67%. Although
the collision rate increased slightly compared to RM-only
(from 4.59% to 6.04%), this trade-off can be explained by
the design of WSR, which integrates RM and Binary signals
thus placing greater emphasis on grasp success. As a result,
the policy occasionally attempted riskier grasps, leading to
a modest rise in collisions. Nevertheless, considering the
performance improvements over RM-only, WSR can be
regarded as a reliable policy that delivers precise grasps while
still maintaining a strong consideration for safety.

2) Impact of WSR: To understand how WSR enhances
grasping reliability, we analyzed the fine-tuning process over
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Fig. 4. Comparison of fine-tuning with WSR and reward model. Expo-

nential Moving Average (EMA) smoothing is applied for reward and grasp
success rate. Density distribution is generated based on grasps made during
20,000 steps of fine-tuning stage.

20,000 steps. As shown in Fig. 4a, policies fine-tuned with
the reward model alone quickly reached a plateau and failed
to improve beyond the initial steps. This stagnation occurred
because the reward model assigned high scores even to failed
grasps, providing insufficient feedback for the policy to cor-
rect its mistakes. In contrast, fine-tuning with WSR continued
to improve. By incorporating binary success feedback, WSR
suppressed rewards for unsuccessful attempts and aligned
the learning signal with actual outcomes, which enabled the
policy to refine its behavior over time.

Building on this analysis, we examined the average outputs
of the reward model and WSR to clarify how reward signals
differed. Since WSR is the reward-model output multiplied
by the binary success reward, WSR output will be less than
or equal to the reward model output. As shown in Fig. 4b, the
reward model consistently assigned high values even during
early phases when grasp success rate remained low, revealing
its insensitivity to actual execution outcomes. By contrast,
WSR suppressed rewards for failed actions through binary
success feedback and generated a more informative signal
that adapted over time to reflect true performance.

Further investigation examined the density distribution of
the reward model’s outputs for successful and failed grasps
throughout training as shown in Fig. 4c. The two distributions
overlapped substantially, indicating that the reward model
struggled to distinguish between successful and failed grasps.
This confirmed that preference signals alone were insufficient
to provide reliable supervision. By incorporating success
feedback, WSR removed this ambiguity and established a
stronger foundation for learning a reliable grasping policy.

E. Cross-Domain Evaluation

1) Under Simulation Environment: To evaluate how each
model trained with different reward types in the source
domain handles previously unseen environments, we tested
three simulated scenarios without any additional training or
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Fig. 5. Objects used in cross-domain evaluation (a) simulation environ-
ments; (b) real-world environments. Further details are available in the
released code

TABLE II
CROSS-DOMAIN EVALUATION IN SIMULATION

Domain Reward Type  Grasp Completion Collision
Success Rate Rate
Rate
Binary 64.96% 76.33% 31.34%
30 toy blocks RM-only 69.45% 59.67% 14.14%
WSR (Ours) 77.41% 85.00% 19.73%
Binary 79.16% 99.33% 16.19%
DexNet
: RM-only 65.93% 82.67% 5.82%
objects
WSR (Ours) 82.00% 99.33% 9.89%
Binary 50.55% 92.67% 24.80%
daily objects RM-only 35.86% 13.67% 8.50%
WSR (Ours) 50.16% 74.67% 13.94%

adaptation as depicted in Fig. 5a. The first scenario, with 30
toy blocks, evaluated performance under increased clutter.
The second scenario, using 10 DexNet objects, tested robust-
ness against more complex geometries. The final scenario
involved 10 daily objects, representing real-world complexity
where object shapes vary substantially.

In the 30 toy blocks scenario, all three models performed
worse than in the 10-block setting due to the denser object ar-
rangement, although their relative tendencies remained con-
sistent. An exception was observed in completion rate, where
RM-only dropped below Binary. Given that the collision rate
also decreased from 31.34% for Binary to 14.14% for RM-
only in Table II, this reversal suggests that frequent avoidance
of near-contact grasps led RM-only to become stuck more
often. By contrast, Binary did not account for collisions,
induced frequent scene changes, and thereby maintained a
higher completion rate. Unlike RM-only, WSR preserved
a lower collision rate of 19.73% compared with Binary
while sustaining high grasp success and completion rates,
demonstrating a more reliable balance between safety and
task performance.

In the DexNet objects scenario, all three models showed
lower performance than in the 10-block setting because
the object geometries diverged from those in the training

TABLE III
CROSS-DOMAIN EVALUATION IN REAL-WORLD

Domain Reward Type  Grasp Completion Collision
Success Rate Rate
Rate
Binary 61.50% 73.33% 16.40%
10 toy blocks RM-only 76.19% 83.33% 3.44%
WSR (Ours) 82.39% 90.00% 11.93%
Binary 28.33% 30.33% 43.20%
daily objects RM-only 21.52% 6.67% 22.67%
WSR (Ours) 27.38% 26.67% 24.56%

environment. The advantage of RM-only and WSR over
Binary in grasp success became less pronounced, and RM-
only in particular fell below Binary not only in completion
rate but also in success rate. This decline suggests that
changes in object geometry undermined the precision of the
reward model trained on block-like shapes. The narrowing
gap in success rate between Binary and WSR, from 8.87%
in the toy-block setting to 2.84 percentage points in DexNet,
further supports this interpretation. Binary continued to
achieve higher success and completion rates by inducing
scene changes through collisions, even in the new environ-
ment. Nevertheless, differences in collision rate remained
consistent, showing that the preference-learned tendency for
collision avoidance was robust to shifts in object geometry.

In the daily objects scenario, object geometries deviated
even more substantially than in DexNet, and the tendencies
observed earlier became more pronounced. Compared with
the 10-block setting, all three models showed a sharp drop
in performance due to the large geometric variation. Binary
achieved the highest grasp success and completion rates,
while WSR no longer maintained an advantage over Binary,
reflecting the same dynamics seen in the DexNet scenario.

Despite such declines, the preference-learned tendency for
collision avoidance remained robust. RM-only and WSR
maintained lower collision rates than Binary, demonstrating
that human-guided safety signals generalized reliably even
under severe geometric shifts. Taken together, these results
suggest that as the gap in object geometry widens, the
precision of WSR-trained policies converges toward that of
Binary. However, the stability of preference-learned safety
criteria across changes in both geometry and clutter under-
scores their value in maintaining safe grasping behavior.

2) Under Real-World Environment: To evaluate the trans-
ferability of the proposed framework, we conducted real-
world experiments in two scenarios drawn from the simula-
tion, as illustrated in Fig. 5b. The first scenario uses 10 toy
blocks that are identical to the training environment. The
second scenario uses 10 daily objects, which represent the
most complex setting.

In the 10 toy blocks scenario, performance declined
slightly relative to simulation, largely because real-world
settings introduce physical factors and sensor noises that
are absent in simulation. Even so, the relative tendencies
matched the simulation results and WSR achieved the highest
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performance, as shown in Table III. The drop in success rate
was 23.40% for Binary, 13.11% for RM-only, and 11.38% for
WSR, which indicates that WSR transferred most robustly to
the real-world. Consistently, WSR also exhibited the smallest
decrease in completion rate. These observations suggest that
the reliable grasping policy learned from the WSR carries
over effectively to real environments.

In the daily objects scenario, performance degraded the
most among all settings. For both Binary and WSR, the
success rate and the completion rate fell by roughly half.
Nevertheless, the relative pattern observed in simulation per-
sisted. WSR recorded slightly lower success and completion
than Binary, yet its collision rate was far lower, with Binary
at 43.20% and WSR at 24.56%.

Overall, the sim-to-real gap reduced absolute performance.
However, the qualitative trends remained consistent with sim-
ulation, and WSR showed the smallest degradation. More-
over, the collision-avoidance learned from human preferences
stayed robust under environmental changes.

V. CONCLUSION

In this study, we proposed HPSG, a reinforcement learn-
ing framework for robotic grasping that integrates human
preferences with success feedback through the WSR. The
experimental results demonstrate that WSR consistently sur-
passes the version fine-tuned with the reward model alone,
delivering more reliable grasping behaviors and reducing un-
safe executions. WSR balances success with safety, achieving
stable improvements during fine-tuning and maintaining clear
advantages compared to other baselines in terms of reli-
ability. Moreover, cross-domain and real-world evaluations
confirm that WSR preserves its relative strengths under chal-
lenging conditions, underscoring its robustness and practical
applicability.

For future work, we will address geometric bias under do-
main shift by updating the RM and refining WSR via domain
adaptation and fine-tuning in unseen domains. We will also
explore more scalable preference data collection, including
Active RLHF-style informative querying and preference-
query sampling. Finally, we will extend the framework to
6-DoF grasping and broader RL-based grasping approaches
to improve generality and robustness.
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