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Abstract

Operating robots in open-ended scenarios with diverse
tasks is a crucial research and application direction in
robotics. While recent progress in natural language pro-
cessing and large multimodal models has enhanced robots’
ability to understand complex instructions, robot manipula-
tion still faces the procedural skill dilemma and the declar-
ative skill dilemma in open environments. Existing meth-
ods often compromise cognitive and executive capabilities.
To address these challenges, in this paper, we propose Ro-
Bridge, a hierarchical intelligent architecture for general
robotic manipulation. It consists of a high-level cognitive
planner (HCP) based on a large-scale pre-trained vision-
language model (VLM), an invariant operable representa-
tion (IOR) serving as a symbolic bridge, and a guided em-
bodied agent (GEA). RoBridge maintains the declarative
skill of VLM and unleashes the procedural skill of reinforce-
ment learning, effectively bridging the gap between cogni-
tion and execution. RoBridge demonstrates significant per-
formance improvements over existing baselines, achieving a
75% success rate on new tasks and an 83% average success
rate in sim-to-real generalization using only five real-world
data samples per task. This work represents a significant
step towards integrating cognitive reasoning with physical
execution in robotic systems, offering a new paradigm for
general robotic manipulation.

1. Introduction

Operating robots in open-ended scenarios with diverse tasks
is a significant research and application direction in the field
of robotics. In such scenarios, robots are required to under-
stand natural language instructions and accurately execute
complex tasks while adapting to dynamic environmental
changes and uncertainties [15, 23]. In recent years, the rapid
development of natural language processing and large mul-
timodal models [3, 37, 47] has led to substantial progress in
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robots’ ability to understand and execute complex instruc-
tions. However, robot manipulation still faces two major
challenges when dealing with complex instructions in open
environments: the procedural skill dilemma and the declar-
ative skill dilemma.

* Procedural Skill Dilemma. To acquire the ability to
manipulate objects according to instructions, embodied
models[5, 6, 33, 36] like RDT [33] and 7 [5] typically
employ data-driven trajectory fitting methods. However,
these methods frequently suffer catastrophic performance
degradation when confronted with environmental varia-
tions, including fluctuating illumination conditions, cam-
era pose deviations, and contextual changes [42]. Rein-
forcement learning, though robust, has a trial-and-error
nature and low learning efficiency, making it less applica-
ble in real-world environments.

Declarative Skill Dilemma. Recent endeavors to inte-
grate vision-language models (VLM) into robotic systems
[9, 24, 25, 32, 40] like ReKep [25] and OmniManip [40]
use large multimodal models to generate operational in-
structions for open-domain tasks. While these models ex-
cel in understanding, they lack embodied experience and
require constraining outputs to executable actions. This
approach forces the language model to handle spatial-
temporal reasoning without physical intuition, often re-
sulting in implausible task planning. For instance, in the
task “place block A atop block B”, an insufficient spatial
understanding (e.g., shape, height) often leads this kind
of method to produce fatally flawed action sequences.
Unfortunately, in facing these dilemmas, most existing
methods [7, 28] choose to restrict the capabilities of large
multimodal models, forcing them to generate low-level ex-
ecution commands to drive data-driven downstream control
strategies to complete tasks. This enables a certain degree
of task execution in open scenarios but essentially repre-
sents a compromise in cognitive and executive capabili-
ties. Conversely, suppose we could leverage the strengths
of large language/multimodal models in declarative tasks
and the advantages of reinforcement learning in procedural
tasks without mutual constraints. In that case, robots might
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Figure 1. Comparison of RoBridge and previous methods. Declarative skill methods (left) directly generate specific control commands
in a formulaic way, such as determining trajectories by minimizing cost. However, due to a lack of interaction experience with the physical
world, the generated commands are often incorrect. Procedural skill methods (middle) forcibly transform a vision-language model (VLM)
into a robotics model using a data-driven approach, but it is not effective in dealing with unseen situations. Our method, RoBridge(right),
enables the VLM to generate physically intuitive representations as a symbolic bridge. This symbolic bridge is characterized by its
invariance, allowing it to communicate with the underlying embodied agent in a universal manner. Meanwhile, the embodied agent
continuously interacts with the physical world to gain continual skill aggregation, fully leveraging the strengths of both the VLM and

reinforcement learning.

achieve significant breakthroughs in handling open-ended
tasks. Therefore, the problem we would like to answer is:
how to construct a novel framework that allows large mul-
timodal models and reinforcement learning to utilize their
respective strengths while supporting each other fully, ulti-
mately maximizing the capability in open-ended scenarios.

In the theory of Central Pattern Generators (CPGs) in
the cognitive domain [20, 35, 56], scientists have proposed
that during the process of human beings transitioning from
high-level reasoning to low-level control, the brain sends
messages, such as walking, specific neurons will always be
activated according to specific abstract concepts, regardless
of the specific manifestations of the environment, such as
appearance, color, size, etc. The activation of these spe-
cific neurons regulates the activity level of the motor re-
gions [19]. Eventually, precise action behaviors emerge ac-
cording to the manifestations of the environment, like de-
termining how large a step to take with the left foot or the
right foot. This theory provides an inspiring perspective,
suggesting that the communication between high-level rea-
soning and low-level control might go through a generalized
interaction representation with physical intuition and envi-
ronmental invariance, serving as a symbolic bridge between
abstract cognition and embodied execution, rather than tak-
ing the form of direct communication.

In this paper, we introduce RoBridge—a hierarchical in-
telligent architecture aimed at general robotic manipulation.
As shown in Figure 1, our method maintains the declarative
skill of VLM, and releases the procedural skill of reinforce-
ment learning. This architecture innovatively constructs an

intelligent system comprising three core elements: (1) a
high-level cognitive planner (HCP) based on a large-scale
pre-trained vision-language model; (2) an invariant oper-
able representation (IOR) with physical intuition and envi-
ronmental invariance, serving as a symbolic bridge between
abstract cognition and embodied execution; (3) a guided
embodied agent (GEA) that achieves precise action execu-
tion through interaction with the physical world. By gener-
ating IOR through the causal reasoning capabilities of the
HCP and transforming abstract symbols into operations in
physical space via the GEA, RoBridge effectively resolves
the challenge of the disconnection between cognition and
execution. While prior works have partially touched on in-
dividual ingredients, RoBridge is, to our knowledge, the
first holistic system that synergistically unites the declara-
tive power of large vision—language models with the proce-
dural proficiency of reinforcement learning via the invari-
ant operable representation (IOR) without mutual restric-
tion. Our main contributions are as follows:

* We propose the first hierarchical intelligent architecture,
RoBridge, for general robotic manipulation, breaking the
paradigm dilemma of disconnection between cognitive
abstraction and physical execution in traditional methods
through a three-tier architecture of brain: HCP, symbolic
bridge: IOR, and embodied agent: GEA.

* Guided Embodied Agent: We design a Guided Embod-
ied Agent (GEA) capable of converting invariant opera-
ble representation (IOR) into concrete execution actions,
maintaining superior performance under various interfer-
ence conditions.
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* We demonstrate the effectiveness of RoBridge through a
series of experiments, showing its ability to generalize to
unseen environments. We also find that RoBridge excels
at handling new tasks and achieves a 75% success rate on
five new tasks. And it excels in sim-to-real generalization,
achieving an average success rate of 83% with only five
real-world data samples per task.

2. Related Work

Robotic Manipulation Learning. Robotic manipulation
has garnered extensive research attention in recent years.
A straightforward approach utilizes imitation learning [41,
60], a form of supervised learning that maps observations
to actions. Early methods achieved high performance by
designing effective network architectures, constructing di-
verse training objectives, and utilizing suitable representa-
tions [8, 17, 36, 50]. To enable the deployment of strategies
in diverse real-world scenarios, several large-scale robotic
datasets have been introduced [11, 16, 27, 49]; however, the
scale of these datasets pales in comparison to the expan-
sive variability of real-world environments. Inspired by the
success of large pre-trained models [3, 37, 47], researchers
have begun fine-tuning vision-language models directly on
robotic data to enhance the generalization capabilities of
robotic models [5, 7, 28, 31]. Nonetheless, due to the do-
main gap between robotic and pre-training data, fine-tuned
models often suffer from catastrophic forgetting, resulting
in a significant decline in cognitive performance. An alter-
native approach involves reinforcement learning for robotic
manipulation [12, 38, 51, 54], which can develop robust
policies. However, these methods frequently struggle with
complex tasks requiring language comprehension. In con-
trast, our approach transforms observations from the physi-
cal world into invariant, physically intuitive representations,
integrating reinforcement learning and imitation learning to
construct efficient and generalizable embodied agents capa-
ble of executing tasks across diverse environments.

Representations for Robotic Manipulation. Structured
representations are designed to address the generalization
challenges in robotic manipulation. In robotic manip-
ulation, structured representation is a method of encod-
ing complex environmental or object information into ab-
stract forms with explicit geometric, semantic, or func-
tional structures to support efficient reasoning, planning,
and task execution. The core idea is to capture key in-
formation through simplified symbolic elements (such as
keypoints [25, 32, 40], 6D poses [26, 30, 48], constraints
[10, 22, 57, 64]) to reduce problem complexity and enhance
generalization capabilities. Some methods [4, 14, 58] pre-
dict key frames of the motion process, utilizing them as
primitive prompts for low-level control. Other approaches
[26, 30] extract interaction trajectories from human videos
to tap into diverse data sources, thereby enhancing the gen-

eralization to a wide array of previously unseen objects.
This, however, often necessitates task-specific annotations.
Additionally, some studies [25, 40] leverage the capabilities
of vision-language models [37] and foundational models
[29, 39, 53] to derive keypoints and 6D poses as representa-
tions, integrating these with motion planning for low-level
control. Nonetheless, the absence of physical interaction
data during pre-training often results in vision-language
models generating plans that do not align with real-world
physics, thereby limiting their effectiveness in practical ap-
plications. Our approach proposes a physically intuitive
representation that does not involve specific execution de-
tails, leaving the execution to be handled by underlying em-
bodied agents.

Generalizable Robot Manipulation. To enhance model
generalization across different environments, particularly
for transferring from simulated to real-world settings, ex-
isting methods frequently employ domain adaptation and
domain randomization techniques. Domain adaptation aims
to create additional synthetic images based on existing ones
[21, 43, 63]. In contrast, domain randomization is more
commonly used because it only requires randomizing ma-
terial textures, object poses, camera parameters, and other
factors [18, 45, 46]. Domain randomization is typically ap-
plied within simulated environments, with the trained poli-
cies subsequently transferred to real robots. Given its con-
venience, our approach adopts domain randomization to im-
prove performance. We implement various domain random-
ization in the simulation environment, achieving high suc-
cess rates in sim-to-real transfer with as few as five data
samples.

3. Method

3.1. Framework

The framework of RoBridge is illustrated in Figure 2. It
mainly contains three core components: a high-level cog-
nitive planner, an invariant operation representation and a
guided embodied agent. First, the high-level cognitive plan-
ner decomposes tasks into primitive actions based on ob-
servation and instruction. Then, for each action, the HCP
integrates foundation models to generate an invariant op-
eration representation. Finally, the guided embodied agent
performs operations utilizing this representation, with the
execution process being governed by closed-loop control.
Detailed descriptions follow.

High-level Cognitive Planner (HCP). RoBridge’s HCP
consists of VLM (such as GPT-4o [37]) and some APIs
(such as GroundingDINO [34], SAM [29] and Track-
Anything [52] It is mainly responsible for high-level cog-
nitive planning of tasks. Specifically, given the currently
observed RGB Image I"***3 and instruction ¢, we query
VLM to decompose the task into several primitive actions,
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Figure 2. RoBridge overview. RoBridge adopts a three-layer architecture, consisting of a high-level cognitive planner (HCP), an invariant
operable representation (IOR), and a guided embodied agent (GEA). For example, for the instruction “Put the blocks into the corresponding
shaped slots”, HCP will first plan and split the task into multiple primitive actions. Then, combined with the APIs composed of the
foundation model, it will give IOR, which mainly includes the masked depth of the first perspective, the mask of the third perspective, the
type of action, and the constraints. IOR is updated by HCP at a low frequency and track-anything updates the mask at a high frequency.
IOR is used as the input of GEA, and GEA performs specific actions until the task is completed.

each primitive action A; = {T;, obj;, des;}, with T; de-
noting the type of action, obj; indicating the name of the
manipulated object and des; indicating the destination or
may not exist. The detailed definitions of primitive actions
are shown in the Appendix. An example as shown in Figure
2, the task is decomposed into:

{A1 = {reach, yellow cylinder, none},

Ao = {grasp, yellow cylinder, none},

As = {reach, round slot, none},

Ay = {place, yellow cylinder, round slot}}.

This helps the model complete high-level cognitive plan-
ning of complex tasks.

Invariant Operable Representation (IOR). For each
primitive action A; and sensors data, we aim to transform
them into an invariant operable representation R;, which
consists of action type T}, the 3"%-view mask M;, the 15¢-
view masked depth D; and constraints C;. M; consists of
the 374-view mask of the gripper M7, the 3"¢-view mask of
the manipulated object M?, the 3"%-view mask of destina-
tion Mid (if exists). Similarly, D; consists of the 1%t-view

masked depth of the gripper DY, the 15t-view masked depth

2
o

of the manipulated object D¢, the 15!-view masked depth of
destination Dfl (if exists). The constraints C; include end-
effector pose and direction of movement. The comprehen-

sive representation for each action A; is given by:
Ri ={Ti, M;, D;, C;}. 1)

To obtain R;, we first use the APIs GroundingDINO [34]
and SAM [29] in HCP to segment objects related to the
primitive action. Subsequently, HCP’s VLM determines the
final selection of these objects like [53]. Simultaneously, for
tasks with directional constraints, such as opening a drawer
or turning a faucet, HCP provides corresponding direction
d € R?3, which is normalized and incorporated into the con-
straints C;. Integrating this information with sensor data,
we ultimately derive ;. IOR aims to help RoBridge gain
better domain invariance and reduce the impact of environ-
mental and task changes on the model.

Guided Embodied Agent (GEA). At each time step, a new
R! is generated. The specific update process will be de-
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scribed in the next closed-loop control section. For each Rf,
we need to map it into robotic movement a; to proceed with
the primitive action. In other words, we need to learn a pol-
icy m (RY) — a;. Following PSL [12], the primitive action
“reach” typically involves moving the robot’s end-effector
to a well-defined target position. Unlike tasks such as grasp-
ing or placing, which involve complex object interactions
and decision-making, “reach” can be efficiently addressed
through motion planning. For other primitive actions, we
integrate reinforcement learning and imitation learning to
train a guided embodied agent capable of performing ac-
tions effectively, while ensuring robustness and consistent
performance under varying input conditions. Detailed de-
scriptions are shown in Section 3.2.

Closed-Loop Control. In order to maintain the accuracy of
information and iteration of primitive actions in dynamic
environments, we added closed-loop control. Since the
speed of each part of the closed-loop control is different,
we divide it into high-frequency control and low-frequency
control. For high-frequency control, the update of R} is
performed as follows: first, new sensor data is acquired,
and subsequently, Track-Anything [52] is employed to up-
date M/, D}, thereby yielding the updated R!. For low-
frequency control, we try to check and get the following
three statuses: success, wrong and normal. We use GPT-40
combined with the gripper status to determine whether the
task is successful, like [59]. We input the following infor-
mation into GPT-4o0 for processing: an RGB image ft anno-
tated with task-related object tags, the status of the gripper
(indicating whether it is open or closed), and the primitive
action. Based on this input, GPT-40 generates a judgment
regarding the success or failure of the current action. If
the judgment indicates success, the system proceeds to the
next action in the sequence or terminates the task, depend-
ing on whether all required actions have been completed.
Conversely, if the judgment indicates failure, the system re-
generates the input R;.

3.2. Guided Embodied Agent (GEA) Training

We aim to train an agent that achieves a high success rate
and strong robustness, ensuring reliable and consistent per-
formance across diverse scenarios, robot configurations,
and tasks. To do this, we used multi-stage training, as
shown in Figure 3.

RL Training. Initially, it is imperative to attain high per-
formance. To this end, we employ reinforcement learning
methodologies to train an expert agent 7. for each specific
task, ensuring that each task is executed proficiently. Fur-
thermore, to enhance the robustness of the expert agent, we
introduce domain randomization variations in object shape,
robotic arm placement, and camera orientation during the
training process.

IL Training. Next, we start training a guided embodied

agent m,. We use expert agents to generate high-quality
data for each task and extract generalized interaction repre-
sentation R from the data as the input of 7,. In addition to
the domain randomization employed during experts agent
training, we further incorporated several domain random-
ization techniques, including depth distortion, dilation, ran-
dom shifting, and the modification of masked information
through addition and deletion. Such strategies are intended
to improve the generalization capabilities and robustness of
the trained agent across varying environmental conditions.
To simulate the noisy depth sensors in the real world, we
employ a series of augmentation techniques [13] when pro-
cessing depth images. Specifically, we utilize depth warp-
ing, which applies Gaussian shifts to simulate variations in
perspective and sensor noise. Additionally, we incorporate
Gaussian blurring to mimic the effects of sensor blur and fo-
cus issues, which are common in real-world scenarios. Fur-
thermore, we introduce random masking to create artificial
holes in the depth maps, simulating occlusions and missing
data that frequently occur in practical applications. Due to
the potential inaccuracies and incomplete coverage inherent
in the model-generated masks, we employ techniques such
as random offsets and random cropping. These methods are
applied to mitigate the risk of the agent becoming overly
reliant on the masks.

Continual Skill Aggregation The agent often experiences
compounding errors in imitation learning [61]. To address
this, we introduce an iterative optimization strategy using
DAgger [44]. Recognizing that online DAgger [1] can
cause instability and offline DAgger updates slowly in mul-
titask settings, we developed an adaptive sampling mecha-
nism for offline DAgger. As detailed in Algorithm 1, this
mechanism adjusts the sampling frequency based on task
complexity: more samples for challenging ones. Initially,
tasks are weighted equally. A function f maps rewards to
values to adjust task weights. In each iteration, policy 7,
is trained on current datasets, tasks are sampled by weight,
and rewards are transformed by f to update weights. Fail-
ures are recorded, and experts 7. provide corrective data for
the task dataset.

4. Experiments

We first introduce the experimental setup 4.1 along with the
benchmarks and baselines 4.2. We present the main results
4.3 and demonstrate performance on unseen tasks 4.4. Ad-
ditionally, we conduct ablation studies 4.5.

4.1. Experiment Settings

Architecture and Training. For each task, we employ a
separate reinforcement learning (RL) policy, denoted as ex-
pert m.. We train . using DRQ-v2 [54], a state-of-the-art
RL algorithm, which takes as input both RGB images and
the robot’s state, alongside a task-specific one-hot vector
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Figure 3. Guided Embodied Agent(GEA) Training. The left figure illustrates the domain randomization methods, with the first column
showing the original images. The first row employs changes in robotic arm pose, object shape variations, and camera offsets, while the
second row uses pixel offsets, depth distortion, hollowing, etc. The domain randomization in the first row is used during expert training,
whereas all domain randomization methods are applied during GEA training. In the top right corner, it represents that we train an expert
for each task, and the trained experts provide training data for GEA. The bottom right corner shows the training process of GEA, where it
takes IOR as input and is trained using DAgger. Data from failed executions is corrected by the experts.

Table 1. Metaworld [55] Benchmark Results (%).

Model ‘ MT50 Unseen Background Unseen Light Unseen Color  Unseen Camera Pose ‘ Mean
DRQ-v2 [54] 24.0 24.6 17.4 222 19.8 21.60
SayCan [2] 77.8 26.6 27.8 12.8 10.4 31.08
PSL [12] 72.4 28.8 37.8 42.8 144 45.24
ManipGen [13] | 73.2 75.4 70.4 72.4 62.8 70.84
ReKep [25] 31.4 32.8 31.8 322 32.6 32.16
RoBridge | 85.4 84.6 82.6 83.2 74.8 | 82.12

representation, and outputs low-level actions. 7, employs a
network architecture identical to that of DRQ-v2, with the
exception of the absence of the critic network. This frame-
work utilizes the Invariant Operable Representation (IOR)
as input, where primitive actions are represented by one-hot
vectors, and similarly outputs low-level actions.

Hardware Setup. In conducting real-world experiments,
we utilize a Kinova Gen3 robotic arm. We also employ two
Realsense D435i cameras: one mounted on the wrist to pro-
vide a first-person perspective, and the other one offers a
third-person view.

4.2. Benchmark and Baselines

Simulation Benchmark. We conducted experiments in
two simulation environments: Metaworld [55] and Robo-
suite [65]. Metaworld provides a diverse set of tasks, and
we utilized it for both training and testing across 50 avail-
able tasks. In addition, we carefully selected 35 tasks for
training and five distinct tasks for zero-shot testing, ensur-
ing that there was no correlation between the training and
testing task sets. The experiments on Robosuite are shown
in the Appendix.

Real-world Evaluation. We conducted real-world exper-
iments involving the following tasks: (1) “Pick up”: ac-
curately grasp and lift the specified object from the table.
(2) “Sweep”: move the object to a designated location. (3)
“Press button”: depress the button fully to achieve closure.
(4) “Open Drawer”: extend the drawer by a minimum dis-
tance of 10 cm. “Pick up” and “Sweep” tasks are tested with
unseen objects to further evaluate generalization capability.
We additionally designed a multi-stage task, which needs
to pick up blocks and insert them into a correspondingly
shaped groove. The task is designed to evaluate the model’s
capability and stability in handling long-horizon sequences.
We set up four stages: “pick cylinder”, “place cylinder”,
“pick cuboid”, and “place cuboid”, and measured the length
of the execution process.

Baselines. DrQ-v2 [54] is a state-of-the-art reinforcement
learning method. We adapted a multi-task DrQ-v2 using
RGB inputs, robot proprioception, and one-hot encoded
tasks. SayCan [2] uses a large language model (LLM) for
skill planning. We used DrQ-v2 models trained on separate
tasks as SayCan’s skill library. PSL [12] organizes skills
as actions, similar to SayCan. ManipGen [13] extends PSL
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Table 2. Real-World Experimental Results (%).

Model Pick Up Sweep Press Button ~ Open Drawer | Mean
Seen Unseen Seen Unseen
ManipGenl[13] 10 0 0 0 30 0 6.7
RDT [33] 20 0 0 0 25 0 7.5
mo [5] 40 10 30 0 10 20 18.3
mo-fast [5] 35 10 25 0 30 10 18.3
RAM [30] 60 55 0 0 80 70 4417
ReKep [25] 80 85 40 30 5 55 49.2
RoBridge ‘ 85 85 70 65 95 100 83.3

Algorithm 1 Adaptive Sampling DAgger

1: Initialize equal weights w; for all tasks {7} }

2: Define a piecewise function f : reward — value
Collect initial dataset D; for each task T; with equal
size

4: while not converged do

s: Train policy 7, using datasets {D; }

6:  Sample n tasks according to weights w;
7
8
9

(95}

Test policy m, with n tasks
for each task T; do
for each reward in task T; tests do

10: wi+ = f(reward)

11: end for

12: w}; = w; /number of tests for T;

13: Record all failure data, let expert 7, generate cor-

rect data D),
14: D, =D; + D;
15:  end for
16:  Update w; = w;
17: end while

with DAgger and domain randomization. We expanded PSL
and ManipGen'’s skill libraries for our tasks. RAM [30] is a
retrieval-based, zero-shot robotic manipulation framework
that transfers 2D affordances from diverse out-of-domain
data to 3D executable actions. ReKep [25] employs key-
point representations for task planning. Due to its initial
suboptimal performance, we enhanced prompts with addi-
tional task specifications and constraints. We also compared
popular end-to-end methods, including RDT [33], 7 [5],
and its autoregressive version, mo-fast. For real-world test-
ing of RDT, g, and our RoBridge, we collected 5 demon-
strations per task for fine-tuning.

4.3. Results Analysis

Simulation Results. We conducted tests on 50 tasks from
Metaworld, and changed the background, lighting, object
colors, and camera poses to evaluate generalization capa-
bilities. The average success rate is presented in the last
column. As shown in Table 1, our method achieved the best

Table 3. Real-World Long-horizon Experimental Results (%).

Model | 1 2 3 4 Avg Len
ManipGen[13] 20 0 0 0 0.2
RDT [33] 30 0 0 0 0.3
mo [5] 45 5 0 0 0.5
mo-fast [5] 30 100 O 0 04
ReKep [25] 100 40 25 5 1.7
RoBridge ‘ 100 80 70 50 3.0

performance across various tests, with an average success
rate of 82.12%, which is 11.28% higher than the best base-
line. This demonstrates the effectiveness and robustness of
our approach.

Real-World Results. The real-world results are shown in
Table 2 and Table 3. Our method achieved the best results,
with an average success rate of 83.3% across four tasks
and an average length of 3.0 in the long-horizon task. Ro-
Bridge’s performance on long-horizon tasks demonstrates
its combined planning and execution capabilities. We also
show qualitative results, which are shown in Figure 4. The
first row displays the tasks process completed by Rekep
and 7y, respectively. The second row illustrates the process
completed by RoBridge. In end-to-end models, 7y achieved
relatively good success rates. However, it exhibited insta-
bility when handling long-horizon tasks and is easy to fail-
ure. ReKep struggles with physics knowledge, such as not
knowing that the gripper needed to be closed to press the
button. Our model effectively solves the problems of these

baselines. More visualizations are shown in the Appendix.
4.4. Zero-shot Unseen Tasks Generalization

We conducted tests on five novel tasks that are unrelated to
those used during training. As shown in Table 4, RoBridge
achieved an average success rate of 75% across these new
tasks. This demonstrates that our method can effectively
execute tasks beyond those seen during training, eliminat-
ing the need to collect data for each specific task, thereby
reducing data collection costs.

4.5. Ablation Study

We conducted ablation experiments on the components of
the IOR and the training of the GEA to understand their
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Table 4. Experimental Results (%) on Unseen Tasks. ‘-’ indicates that the method cannot handle this task due to its underlying principles.

Model ‘ Bin Picking Pick out Handle press Plate Slide Sweep Into | Mean

DRQ-v2 [54] - - - - - -

SayCan [2] - - - - - -

PSL [12] 0 0 60 0 0 12

ManipGen [13] 20 0 60 10 0 18

ReKep [25] 0 60 50 0 30 28

RoBridge ‘ 70 45 100 90 70 75

Table 5. Ablations Study Results (%).
Unseen Unseen  Unseen Unseen

Model MT50 Background  Light Color  Camera Pose Mean
RoBridge 85.4 84.6 82.6 83.2 74.8 82.12
RoBridge w/ original depth 87.2 80.3 84.2 84.2 60.8 79.74
RoBridge w/ DINOv2 62.2 57.2 47.6 542 30.6 50.36
RoBridge w/ keypoints 80.2 62.2 554 58.4 43.2 59.88
RoBridge w/ language-only 84.8 344 26.8 30.2 20.2 39.28
RoBridge w/ smaller VLM 65.4 62.8 60.4 66.2 64.4 63.84
RoBridge w/o DAgger 68.4 69.0 68.6 69.4 50.2 65.12
RoBridge w/o online learning 75.4 75.2 76.4 74.8 66.6 73.68
RoBridge w/o domain randomization | 62.8 62.8 62.4 62.2 30.2 56.08

Task: Put the blocks into the corresponding shaped slots.

RoBridge Baseline

Task: Press the button.

SN TS T T RS TS T TS )
L | S
& TN TS TN TR IS IS IS TR T ]

Figure 4. Demonstrations show the execution process of RoBridge (second row) and baselines 7o (left in the first row), Rekep (right in the

first row).

significance. [13] used the original depth instead of the
Ist masked depth, and [62] used features obtained from
DINOv2 [39] as inputs instead of the mask in 3rd view.
We conducted ablations on our modules using these two
methods. As shown in the second and third rows of Ta-
ble 5, the original depth might be easier for the model to
learn due to the presence of more details, resulting in a
higher success rate on the MTS50 tasks. However, the suc-
cess rate drops sharply when there are changes in camera
pose. The performance of DINOv2 was not satisfactory,
which we think is due to its pre-trained features not being
fully suitable for robotics. The sharp decline in performance
for both methods under unseen camera poses indicates that
these representations lack good invariance, making it dif-
ficult to achieve generalization. The comparison with us-
ing keypoints and language shows that RoBridge’s success
is not only due to richer supervision but also because the
IOR design offers better invariance and intuitiveness. The
degradation caused by using a smaller VLM indicates that

the capability of VLM is necessary to effectively understand
instructions and visual inputs. We also conducted ablation
studies on the methods employed in GEA training, as shown
in the last three rows of Table 5. Each method was found to
be critically important in enhancing the training effective-
ness of the GEA.

5. Conclusion

In this paper, we introduce RoBridge, a novel hierarchical
intelligent architecture designed to enhance robotic manip-
ulation by bridging the gap between high-level cognitive
planning and low-level physical execution. The architecture
integrates a high-level cognitive planner, an invariant oper-
able representation, and a guided embodied agent, demon-
strating significant advancements in task generalization and
execution robustness. Through extensive experiments, Ro-
Bridge has shown superior performance and strong zero-
shot generalization capabilities in unknown environments
and novel tasks.
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