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Summary
Goal-conditioned reinforcement learning (GCRL) offers a unified way to pursue diverse

tasks, yet most existing methods rely on state- or position-based goal representations that
are unavailable in real-world robotics. Robots operating in warehouses, agriculture, or lab-
oratory environments rarely have access to privileged goal states, object positions, or fu-
ture observations, limiting the practicality of current GCRL approaches. We propose a dy-
namic mask-based goal representation that provides simple, object-agnostic visual cues for
vision-based navigation and manipulation. At each timestep, an image-based goal detector
produces a goal mask using standard image processing, task-specific object recognizers, or
pretrained detectors such as Detic or Grounding DINO. These masks specify the spatial target
without requiring privileged goal states, enabling broad applicability and strong generalization
to unseen objects. Our method improves stability and sample efficiency in GCRL, achieving a
99% success rate in reaching both training and novel objects with Franka and UR10e robotic
arms and faster learning in simulated navigation. We further demonstrate learning from scratch
and sim-to-real transfer on both robotic arms, highlighting the effectiveness of our approach for
real-world RL tasks. Our code is available at https://github.com/fahimfss/GCRL.

Contribution(s)
1. This paper introduces object masking as a goal representation strategy for visual GCRL in

vision-based reaching and manipulation tasks.
Context: For visual GCRL tasks, prior approaches face issues such as poor generalization
to unseen objects (Nair et al., 2018; Cong et al., 2022; Yenamandra et al., 2023), slow
convergence, and the need for specialized cameras (Dong et al., 2022). Our approach is
significantly simpler, yet more efficient in learning visual manipulation and reaching tasks.

2. We introduce an effective mask-based reward signal that minimizes the need for privileged
information.
Context: Distance-to-target is a common reward strategy in visual GCRL, used to address
the sample inefficiency of sparse rewards (Nair et al., 2018; Plappert et al., 2018; Cong
et al., 2022). However, it requires privileged object positions that are difficult to obtain in
the real world (Dong et al., 2022). Our mask-based reward eliminates distance-to-target
computation, significantly simplifying the learning system.

3. We demonstrate that using our approach, visual GCRL agents can learn to pick up objects
in a cluttered environment without requiring prior training data.
Context: Visual pick-up requires precise end-effector alignment across diverse object
shapes and sizes. Our region-of-interest masks guide the agent to good grasp positions.

4. We showcase the effectiveness of our proposed method on sim-to-real and real-world
learning-from-scratch tasks.
Context: Real-world deployment is harder than simulation due to detection errors and time
constraints. Mask-based GCRL with pretrained detectors is effective in both tasks.

https://github.com/fahimfss/GCRL
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Abstract

Goal-conditioned reinforcement learning (GCRL) offers a unified way to pursue di-
verse tasks, yet most existing methods rely on state- or position-based goal represen-
tations that are unavailable in real-world robotics. Robots operating in warehouses,
agriculture, or laboratory environments rarely have access to privileged goal states, ob-
ject positions, or future observations, limiting the practicality of current GCRL ap-
proaches. We propose a dynamic mask-based goal representation that provides sim-
ple, object-agnostic visual cues for vision-based navigation and manipulation. At
each timestep, an image-based goal detector produces a goal mask using standard
image processing, task-specific object recognizers, or pretrained detectors such as
Detic or Grounding DINO. These masks specify the spatial target without requiring
privileged goal states, enabling broad applicability and strong generalization to un-
seen objects. Our method improves stability and sample efficiency in GCRL, achiev-
ing a 99% success rate in reaching both training and novel objects with Franka and
UR10e robotic arms and faster learning in simulated navigation. We further demon-
strate learning from scratch and sim-to-real transfer on both robotic arms, highlighting
the effectiveness of our approach for real-world RL tasks. Our code is available at
https://github.com/fahimfss/GCRL.

1 Introduction

Many real-world robotic tasks, such as sorting objects in e-commerce warehouses, fruit picking,
or visual navigation to a target site, involve solving a multi-goal problem. These tasks require the
agent to act in a particular way among numerous options to achieve various desired outcomes. Goal
Conditioned Reinforcement Learning (GCRL) enables multi-goal learning by allowing the agent to
acquire the necessary skills to solve a range of objectives, using a unified policy.

Goal representation plays a key role in GCRL, affecting essential components of robot learning
such as convergence speed, learned behavior, and generalization capabilities (Schaul et al., 2015;

https://github.com/fahimfss/GCRL
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Liu et al., 2022). Much of the GCRL literature relies on representations that assume access to
privileged state information or desired future observations, such as vectorized position or orientation
and target state images (Andrychowicz et al., 2017; Plappert et al., 2018; Nair et al., 2018; Liu
et al., 2022). In many real-world robotic tasks, however, such information is not readily available.
Researchers adapting GCRL to real-world manipulation have used representations such as 3D target
position (Plappert et al., 2018), VAE-encoded goal images (Nair et al., 2018; Cong et al., 2022),
and text-based embeddings (Yenamandra et al., 2023). While target position provides information-
rich goal conditions that enable efficient learning, obtaining it requires specialized depth cameras
and processing techniques such as feature matching and outlier rejection (Dong et al., 2022). The
accuracy of these estimates is significantly impacted by the distance, reflectivity, and transparency
of the target (Thalhammer et al., 2024), as well as unpredictable lighting conditions (Al-Selwi et al.,
2025). Image- and text-based representations are easier to apply, but we find they limit the agent’s
ability to generalize to new targets (Section 7).

We propose a mask-based goal representation that is well-suited for multi-goal and visual robotic
reaching, manipulation, and navigation tasks. Our method adds a binary channel to the agent’s
visual input specifying the target. The mask is updated at each time step to provide the agent with
object-agnostic visual cues and progress toward the target. Our experiments demonstrate that this
representation matches or outperforms existing methods on visual reaching tasks with both seen
and unseen targets, showing good generalization. Complementary to prior work on exploration in
GCRL, we focus on goal representation and reward design for real-world robotic tasks, aiming to
reduce reliance on privileged 3D information and enable faster, more reliable learning.

Beyond goal representation, reward design is an equally important challenge in GCRL. Sparse re-
wards are particularly difficult, since the agent may need to execute a long sequence of correct
actions before receiving positive feedback (Vasan et al., 2024). This leads to poor sample efficiency
and the failure to learn complex tasks. Dense reward, particularly distance-to-goal-based reward, is
commonly used to mitigate this problem (Trott et al., 2019). However, it often introduces new local
optima that strongly depend on the environment and task definition, ultimately preventing agents
from learning the optimal behavior (Trott et al., 2019).

In this work, we show that mask size can be used as an effective dense reward signal, since the
target mask changes size and location based on the position of the target throughout the episode
(Figure 4). Using mask-based reward removes the dependency on computing the target’s 3D world
position, significantly simplifying real-world implementation. Mask-based goal conditioning and
reward signals form a novel combination that, to our knowledge, has not been explored in prior
work. In contrast to using masks only as a fixed goal representation, our mask is updated over
time to track the target and provide a dense progress signal via its size. Our approach focuses on
egocentric tasks, where the robot perceives the environment from its onboard camera as it physically
moves toward the target. The mask-based goal representation works with any camera setup, but the
mask-size reward assumes an egocentric view, where the mask grows as the robot approaches the
target. For other camera configurations, the mask can still be incorporated into the reward signal in
a task-specific way.

We demonstrate that pretrained object detection models such as Detic (Zhou et al., 2022) and
Grounding DINO (Liu et al., 2024) can be used for mask generation in real-world tasks. We show
the feasibility of using these pretrained models on two real-world applications: a) UR10e arm-based
sim-to-real transfer, and b) learning from scratch using the Franka Panda arm. For the sim-to-real
setup, we additionally use a novel image interpolation technique in training to mitigate visual do-
main shift during real-world policy transfer.

Our main contributions include: (1) the introduction of object masking as a goal representation
strategy in vision-based GCRL; (2) an effective mask-based reward signal that minimizes the need
for privileged information; (3) performing visual pick-up utilizing region-of-interest-based masks;
(4) demonstrating the effectiveness of the proposed method in sim-to-real and real-world learning
from scratch tasks.
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2 Related Work

Goal Representations

Vectorized position or orientation of an object or the robot is a common goal representation system
used in the GCRL literature (Plappert et al., 2018; Florensa et al., 2018; Tang & Kucukelbir, 2021).
Other vectorized goal representations include one-hot encoding (Kalashnikov et al., 2022; Wu et al.,
2021), and object text description to CLIP embeddings (Yenamandra et al., 2023). For visual tasks,
a common approach is to use variational autoencoders (VAE) to encode visual inputs such as RGB
images into a latent space (Nair et al., 2018; Cong et al., 2022). However, traditional image-based
goal conditioning tasks require a prede�ned goal state, which is unfeasible for tasks where such
conditions are unknown and require exploration by the agent. In contrast, masks are simpler to
generate and provide direct state-dependent feedback to the agent.

Mask-based Goal Representation: Object masking has been applied by researchers to represent
target objects and goal positions under stationary camera con�gurations (Wang et al., 2021; Cong
et al., 2022). These approaches train VAEs to encode images into latent vectors prior to GCRL
training and use a complex latent state-based reward. On the other hand, our approach learns directly
from images, uses masks to track progression towards the target, and uses mask-size-based rewards,
which greatly simpli�es the learning system.

Yenamandra et al. (2023) used segmentation masks and depth data for target object �nding and
reaching tasks. Stone et al. (2023) used masks with single activated pixels to denote target objects,
allowing good generalization to objects of any shape and unseen objects. Mendonca & Pathak
(2024) used object masks to obtain the target object's point-cloud information to perform mobile
manipulation tasks. Our proposed system uses dynamic masks to achieve faster convergence and
utilizes mask-based dense reward signals, which none of the approaches mentioned above employ.

Sparse Reward Challenge for GCRL

Sparse reward-based GCRL tasks often face an ef�ciency issue, as it takes a very long time for the
reward signal to propagate from the goal states to the starting states (Andrychowicz et al., 2017; Liu
et al., 2022). One approach to tackle this challenge is the use of distance-based dense rewards in
either Euclidean space or latent space (Nair et al., 2018; Plappert et al., 2018; Cong et al., 2022).
Nevertheless, this simple reward shaping is vulnerable to local optima that stem from a poor ex-
ploration of the environment (Vasan et al., 2024). Alternatively, hindsight experience replay (HER)
addresses the sparse reward issue by re-assigning failed states as alternative goals and providing
denser reward signals to speed up learning (Andrychowicz et al., 2017). However, the HER-based
approach still suffers from sample ef�ciency in complex environments (Luo et al., 2023). For vision-
based tasks, imagined sub-goals between the current and �nal goal state can simplify learning for
long-horizon tasks (Nair et al., 2018; Chane-Sane et al., 2021), but these predictions sometimes
result in infeasible robotic states or unrealistic images.

Object Detection Models in Robotic Tasks

For vision-based robotic tasks, a common practice is to use object detection models to locate objects
of interest. YOLO models are a common choice for researchers, due to their fast inference times
and good accuracy (Uppal et al., 2024; Zhang et al., 2023). However, YOLO models support a �xed
number of prede�ned object detections. As a result, users are required to retrain or �ne-tune YOLO
models to support novel objects (Chen et al., 2023; Song et al., 2021). Recently, open vocabulary-
based object detection models have gained popularity in the robotics community due to zero-shot
detection capabilities. Open vocabulary object detectors, such as Detic and Grounding DINO, have
been used in various robotic manipulation tasks (Mendonca & Pathak, 2024; Stone et al., 2023;
Yenamandra et al., 2023). In this work, we utilize pretrained open-vocabulary detection models
to generate masks for goal conditioning and reward computation and to assess their feasibility in
real-world tasks.
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3 Background

In standard RL, the objective is to train a policy to maximize the expected return. GCRL policies
have a similar objective, but the expected return in each episode is conditioned on a predetermined
goal g 2 G. GCRL can be formally represented by the goal-augmented Markov decision process
(GA-MDP). At each time-stept, the agent samples an actionA t 2 A based on the current state
St 2 S, and the current goalg, using a policy� � , A t � � � (� j St ; g). The agent receives a
rewardRt +1 and the next stateSt +1 at the next time-stept + 1 based on a transition function
P, St +1 ; Rt +1 � P(�; � j St ; A t ; g). The episode ends when the agent reaches the goal, exceeds the
allowed time limit, or leaves the allowed state space.

In this work, we evaluate the mask-based goal representation using on and off-policy methods.
A brief overview of each method is provided below. Readers are directed to the original papers
(Haarnoja et al., 2018; Schulman et al., 2017), for more details.

Soft Actor-Critic (SAC) is widely used for vision-based robotic tasks due to its higher sample ef�-
ciency. In GCRL, SAC learns the parameters� of a policy� � to maximize a trade-off between the
policy's entropy and expected return. SAC uses a soft-Q function (critic)Q� (St ; A t ; g), parameter-
ized by� , to estimate expected returns and the entropy bonus based on the current state, action, and
goal.

Proximal Policy Optimization (PPO) is another frequently used RL algorithm for robotics tasks,
particularly for sim-to-real applications. PPO updates policy parameters� by maximizing the PPO-
Clip objective and constraining changes to the new policy, improving the learning stability. PPO
uses an advantage estimateÂ t that denotes how good the selected actionat is in the current state
St , and learns to increase the probabilities of selecting good actions. The critic functionVt (St ; g)
predicts the expected return for a given state and goal, and it is used to generate accurate advantage
estimates.

For vision-based GCRL tasks, the stateSt generally consists of an imageI t and a vectorvt ,
St = hI t ; vt i . An image encoderf  : RH � W � C ! Rd is used to process the image into a lower
dimensional latent vector; here represents the learnable parameters,d is the latent dimension, and
H , W , andC denote the height, width, and the number of channels of the input image respectively.
Both the policy� � and the criticQ� usef  to process the image, but the parameter is only updated
during the critic update.

Reward Systems:In GCRL, sparse rewards are only provided to the agent upon task completion:

Rsparse (st ; at ; g) = Rterm f goal reachedg (1)

Distance-to-goal-based dense reward systems are often used as an alternative to the sparse reward
system:

Rdist (st ; at ; g) =

(
� d(St ; g) if d(St ; g) > �;

� d(St ; g) + R term if d(St ; g) � �
(2)

Here,d(St ; g) denotes the distance to the goal for the stateSt , � is the minimum distance to the
goal, andRterm denotes a terminal reward. In our simulated experiments, the distance is computed
between the midpoint of the gripper �ngers and the reference frame of the target object.

4 Mask-based Visual GCRL

Our proposed mask-based GCRL system includes a novel mask-based goal representation and re-
ward formulation, along with targeted algorithmic enhancements for stable visual learning.

4.1 Mask-based Goal Representation

Masks are single-channel, binary images with the goal represented by a region of activated pixels.
At each time stept, a maskmt is created using the image from a camera sensorI cam

t . The ground
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(a) Franka-MuJoCo envi-
ronment. Example object
names: chocolate donut,
banana, and red apple.

(b) Create3-Isaac Sim en-
vironment.

(c) Learning from
scratch setup with the
Franka arm.

(d) Sim-to-real setup
with the UR10e arm.

Figure 1: Simulated and real-world environments.

truth mask can be generated using privileged positional information of the target in simulation.
Alternatively, object color-based or shape-based segmentation or pretrained object detectors can be
used to generate masks. The mask is then appended toI cam

t on the channel axis, to formI 0
t =

[I cam
t mt ]C . Three of the most recent such images are stacked on the channel axis to formI t , where

I t = [ I 0
t I 0

t � 1 I 0
t � 2]C , and have the shape90� 160� 12, representing height, width, and channel.

Mask-based goal representation offers several advantages (demonstrated in Section 7): (1) the mask
is calculated at each time step, providing richer signals and enabling faster training. (2) It is object-
agnostic and facilitates better generalization to novel objects. (3) Masks can be generated in multiple
ways, and we demonstrate three such approaches: (a) using privileged object position, (b) using
object detection models, and (c) using color �ltering.

4.2 Mask-based Reward Formulation

The mask-based reward system serves as an alternative to the distance-based reward. The mask-
based reward system replaces the distance to the goal term,� d(St ; g), in Equation (2) withRmask :

R0 =
1

H � W

HX

i =1

WX

j =1

1f mij
t > 0g (3)

Rmask =
2

1 + e� 10 R 0 � 1; Rmask 2 [0; 1] (4)

Here,H andW are the height and width of the maskmt , respectively. Equation (3) computes a
normalized reward,R0, based on the activated pixels inmt . Equation (4) applies a scaled sigmoid
function toR0, which increases its value for small inputs, speci�cally whenR0 < 0:5. This scaling
provides stronger feedback to the agent, particularly when the goal is further away and the changes
in the mask sizes are small. Although the reward can be used without this sigmoid shaping (i.e.,
directly fromR0), applying it ampli�es small gains forR0 < 0:5 and improves training speed.

4.3 Visual Learning Architectures

SAC: Our SAC implementation utilizes asynchronous network updates and replay buffer sampling
to enable ef�cient learning in simulation and the real world (Yuan & Mahmood, 2022). To stabi-
lize learning from pixels and to achieve better learning performance, we incorporated random shift
(Yarats et al., 2021), used an ensemble of �ve Q-Networks (Chen et al., 2021), and weight clipping
(Elsayed et al., 2024) with� = 2 andsl =

p
2 in our SAC implementation. All experiments in our

work, except sim-to-real on UR10e (see Section 8.1), utilize SAC-based GCRL agents.

PPO: For the sim-to-real application, we used the Stable Baselines 3 implementation of PPO (Raf�n
et al., 2021). We chose PPO because it is widely used in sim-to-real tasks (Zhao et al., 2020). We
used a novel image interpolation technique for training the PPO agent, which was essential for
addressing visual domain shift during real-world policy transfer. More details are in Section 8.1.



Reinforcement Learning Journal 2026

5 Environments

We evaluate our method across three simulated environments covering both manipulation and nav-
igation tasks. Applications to physical robots, including sim-to-real transfer and learning from
scratch, are discussed in Section 8.

Franka-MuJoCo Environment

We created a tabletop setup with a Franka Panda robotic arm collected from MuJoCo Menagerie
(Zakka et al., 2022), and 20 everyday objects using RoboHive, a MuJoCo-based robot learning
framework. Figure 1a shows the simulated environment with all the objects placed on the tabletop.
We attached a camera near the end-effector of the arm to facilitate vision-based reach, grasp, and
lift. During training, three to �ve objects are arbitrarily selected from a pool of �fteen objects in
each episode. The remaining �ve objects are held out as test objects. The selected objects are placed
randomly on the table in front of the arm, and one object is randomly selected to be the target.

The goal of the GCRL agent for this task is to control individual joints of the Franka arm using low-
level velocity commands to reach the target object within 150 time steps. The common state space
across experiments contains a stack of the three most recent camera images of the shape90� 160� 9,
the joint positions, and the last action.

UR10e-MuJoCo Environment

For this environment, we replaced the Franka arm with the UR10e arm (MuJoCo Menagerie). All
other aspects of the environment remained the same. The joint lengths, angular velocities (range and
speed), and orientation of the joints for the UR10e arm are substantially different compared to the
Franka arm. Furthermore, the UR10e arm is more sensitive to actions compared to the Franka arm,
making the learning task slightly more dif�cult.

Create 3-Isaac Sim Environment

We created a square arena in the Isaac Sim simulator (NVIDIA, 2025) and used an iRobot Create
3 mobile robot to test the visual navigation performance of the �ve goal conditioning methods. In
each episode, we placed randomly chosen colored stickers (magenta, green, red, or blue) on each
wall of the arena, and assigned a random pose to the Create 3 (Figure 1b). The GCRL agent needs
to control the linear and angular velocities of the Create 3 to reach the selected target sticker in 200
time steps. We used three stacked images and a vectorized history,vt , of the last 15 actions made by
the agent. This allows the agent to have access to detailed information about the past motions of the
robot. For this environment, we used color-�ltering techniques to generate the masks.

In addition to these environments, in Section 8, we demonstrate sim-to-real transfer and learning
from scratch on the UR10e and Franka Panda robots.

6 Experimental Setup

We aim to answer the following research questions through our experiments:

1. Does the mask-based system enable (a) faster training, and (b) better generalization to unseen
objects?

2. Is mask-based reward a viable alternative to distance-based dense reward?

3. Is it possible to use mask-based GCRL and reward systems for performing complex tasks, such
as picking up?

To address these research questions more speci�cally, we evaluate our approach against existing
goal representations. Thetarget stategoal representation adds a pre-existing close-up RGB image
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of the target with size90� 160� 12to the stacked image states,I t . One-hotencoding,3D position,
andCLIP embedding are vector-based goal representations and appended to the vector part of the
state space,vt . One-hot encoding uses a 20D zero vector with a single activated index that identi�es
the target. CLIP embedding uses a 512D vector generated using a pretrained CLIP encoder based
on a text description of the target object (Yenamandra et al., 2023). 3D position uses the privileged
world position of the target collected from the simulator.

We design a sequence of experiments that address each of the research questions above.

Experiment 1 (a)

To demonstrate the learning ef�ciency of the mask-based system, we trained mask-based GCRL
agents inFranka-MuJoCo, UR10e-MuJoCo, andCreate3-Isaac Simenvironments and compared
the learning performance against one-hot encoding, 3D position, CLIP embeddings, and target
state-based goal representation systems. Note that the mask-based rewards are not used in these
experiments. We used the distance-based dense reward de�ned in Equation (2), with� set to 10 cm,
andRterm = 5 . Each experiment used eleven seeds, and we trained each agent for 300,000 steps.
We used a replay buffer of size 300,000, and the initial 5,000 steps were used to pre-�ll it.

Experiment 1 (b)

We tested the reaching capabilities of the agents trained inExperiment 1 (a)for both seen and unseen
objects for theFranka-MuJoCoandUR10e-MuJoCoenvironments. We ensured similarity across
the experiments by selecting the �ve test objects deterministically based on the seed. To collect the
reaching accuracy, for each seed, we carried out twenty-�ve trials for each object, resulting in a
total of 5,500 trials for each goal representation system. A trial is considered successful when the
end-effector reaches within� (10 cm) of the target object before the episode ends.

Experiment 2

In this experiment, we show that mask-based reward is a viable alternative to the distance-based
reward. We trained mask-based GCRL agents with mask-based rewards on theFranka-MuJoCo
andUR10e-MuJoCoenvironments and compared their performance against the mask-based GCRL
agents with distance-based rewards fromExperiment 1 (a). The mask-based reward is calculated
according to Equation (4), with an added� 1 reward per step to facilitate faster training. We used
the same settings de�ned inExperiment 1 (a)for the two environments.

Experiment 3

In this experiment, we demonstrate that mask-based GCRL agents can learn a complex visual pick-
up task from scratch. The objective of the GCRL agent is to grab a target object placed randomly
on a table and lift it up 30 cm above the table's surface. We used a modi�ed version of theUR10e-
MuJoCoenvironment for this experiment. We used six objects out of 20 for the pick-up targets,
which are: apple, green block, donut, toy duck, banana, and white egg. These objects were slightly
scaled down in size to facilitate easier grasping. The other 14 objects were used as distractors during
training, and in each episode, 2 to 4 objects were randomly sampled and placed on the table.

We compared the performance of mask-based goal conditioning (GC) and mask-based reward
system with mask-based GC and distance-based reward system, and 3D position-based GC and
distance-based reward system. For the mask-based GC, we selected the part of the image between
the gripper �ngers as the region of interest (ROI). This is where the object is expected to be during
a successful grasp (Figure 4). The agent received the mask-size reward only if the target mask was
inside the ROI. This approach allowed the agent to better align the robotic arm's �ngers with the tar-
get for good grasping, resulting in more successful pick-ups. For all three systems, we included the
touch information of the target object and the arm's �ngers using a binary vector of size 2. For the
mask-based system, once both �ngers touched the target object, the mask activation was removed,
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and only a blank mask was provided. We trained the agents for one million steps, and the �rst 5000
steps were used to pre-�ll the replay buffer, which had a size of 300,000.

We used the following reward function for this experiment:

Rpick = � 1:1 + Rreach+ Rcontact+ Rlift + Rgoal (5)

Here,Rreach is set to distance-based reward (Equation 2) or mask-based reward (Equation 4), and
only applied before the agent touches the target with both �ngers.Rcontactis 10for the �rst time both
�ngers touch the target and0:1 for subsequent touches with both �ngers.Rlift is set to1� 3:3 � (D ),
whereD is the current distance to the target height.Rlift is used after both �ngers touch the target
object.Rgoal is a one-time reward of 10 upon reaching the target height.

After the training was completed, we used the trained policy to perform 50 pick-up trials for each of
the six objects we used during training.

7 Results

Experiment 1 (a)

Figure 2a, 2b, and 2c show the results forExperiment 1 (a). The bold lines show the learning
performance of the median run selected based on the episodic return, and the faint lines represent
the remaining seeds following Tanaka & Mahmood (2026). In all three experiments, the mask-based
system achieved the fastest learning performance. For theFranka-MuJoCoand theUR10e-MuJoCo
runs, the mask-based GCRL agent learned the optimal policy similar to the 3D position system.
For theCreate3-Isaac Simexperiments, the overall performance of the mask-based approach was
slightly lower than the 3D-position method. This is because, for the 3D position, the agent always
had access to the privileged target position, allowing it to learn to reach the target directly, even when
not in view. On the other hand, for the mask-based method, the agent learns two skills: �rst, to �nd
the target by rotating, and second, to move close to the target. Approaches such as one-hot encoding,
CLIP embeddings, and target state showed poor learning performance, revealing the importance of
selecting the appropriate goal conditioning method to achieve fast policy convergence.

Experiment 1 (b)

Figure 2d shows the results forExperiment 1 (b). The bars in the plot represent the median reaching
accuracy, and the whiskers represent the �rst and third quartiles. The mask-based GCRL agents
achieved the highest performance for train and test objects, with 99.9% average accuracy for both.
3D position, on the other hand, achieved 98.9% and 98.8% average accuracy for train and test,
respectively. This result shows that the agents learned to utilize the masks effectively for both train
and test objects.

Experiment 2

In Figure 2e, we used average episode steps instead of return for comparison, as the distance-based
and mask-based rewards are not directly comparable. The median runs are selected based on average
episodic steps. The mask-based reward system performed similarly to the distance-based reward
system while having higher stability during training. This result shows that the mask-based reward
system is a viable alternative to the distance-based reward.

Experiment 3

This experiment examines whether mask-based goal conditioning supports learning a complex pick-
up task across diverse object shapes and sizes. Figure 3a shows the pick-up accuracy during training,
and Figure 3b shows the pick-up accuracy of the trained agents. Nine out of eleven seeds for the
mask-based GC and rewards system achieved over 90% pick-up success. On the other hand, only
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(a)Franka-MuJoCo experiments: The mask-
based GCRL agent shows faster learning and
similar �nal performance compared to the 3D
position-based agent.

(b) UR10e-MuJoCo experiments: The mask-
based GCRL agent shows similar learning
and performance behavior as observed in 2a.

(c) Create3-Isaac-Sim: The median mask-
based agent shows faster learning, but the me-
dian 3D position-based agent has better �nal
performance due to having access to the priv-
ileged target position.

(d) Reaching accuracy of trained agents
(Franka & UR10e MuJoCo environments).
The mask-based agents have the best reach-
ing accuracy, closely followed by the 3D
position-based agents.

(e) Comparison of distance-based vs. mask-
based reward systems. The �nal performance
between these systems is similar.

Figure 2: Simulated experiment results. Bold lines show the median run (episodic return), and faint
lines indicate other seeds.

(a) Pick-up success rate during training us-
ing the UR10e arm. The mask-based systems
performed better than the 3D-position-based
system.

(b) Success rate of the trained agents in the
post-training trials.

(c) Real-world experiments with Detic and
Grounding DINO. For our real-world setup
(1c), Detic-based agent performed much bet-
ter than Grounding DINO.

Figure 3: (a) Pick-up success rate during training (UR10e MuJoCo), where bold lines show the
median runs. (b) Post-training success per seed (50 trials per object). (c) Learning curves for the
real-world learning from scratch task.

two seeds for the 3D position-based GC and distance-based reward system achieved over 90% suc-
cess. This result shows that the ROI based masks guided the arm to a good grasp position (Figure 4),
which resulted in higher pick-up accuracy. The dense distance-based reward (Equation 2) provides
no incentive for the agent to align its end-effector with the target for grasping. In the failed runs, the
agent hovered near the target object but did not learn to grasp or lift it. This experiment demonstrates
that the mask-based system can be trained to perform complex visual pick-up tasks from scratch and
shows the robustness of our proposed system.




