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M A N I P U L AT I O N

A retrieval-augmented framework enabling VLM spatial 
awareness for object-centric robot manipulation
Kai Chen1, Chengkun Li1, Chang Tu1, Jiahui Pan1, Yiyao Ma1, Wei Chen2, Zhongxiang Zhou3, 
Xuecheng Xu3, Stephen James4, Chi-Wing Fu1, Rong Xiong3,5, Pieter Abbeel6,  
Yun-Hui Liu2, Qi Dou1*

Connecting the semantic reasoning of vision-language models (VLMs) to the precise geometric demands of ro-
botic manipulation remains a fundamental challenge. Although VLMs can interpret high-level commands, they 
lack the intrinsic spatial intelligence required for tasks demanding precise object placement, orientation, and 
physical reasoning. Here, we introduce Retrieval-Augmented Manipulation (RAM), an object-centric framework 
that endows general-purpose vision foundation models with the spatial reasoning necessary for robust manipula-
tion. RAM bridges the semantic-to-geometric gap by grounding abstract concepts into an explicit, object-centric 
three-dimensional (3D) representation. This grounded information is then provided as augmented context to the 
VLM, empowering it to decompose complex instructions into a sequence of spatially precise and physically plau-
sible subgoals. We demonstrate that RAM, in a zero-shot setting on a real-world robot, can execute these subgoals 
to fulfill complex spatial language instructions, complete spatially aware manipulation under the guidance of a 
single 2D image, and adaptively replan tasks by reasoning about physical constraints like object size and colli-
sions. Quantitative evaluations on the Common Object in 3D (CO3D) dataset also validated that RAM’s core vision 
module generalizes to previously unseen object categories and is robust to variations in shape and occlusions. By 
providing a structured bridge between semantic intent and geometric execution, RAM represents a critical step 
toward developing more physically intelligent and general-purpose robotic systems.

INTRODUCTION
The long-standing pursuit of creating general-purpose robots capa-
ble of seamlessly assisting humans in diverse and unstructured set-
tings has recently been invigorated by transformative advances 
(1–4). At the forefront of this revolution are vision-language models 
(VLMs), which have demonstrated a remarkable capacity for pars-
ing high-level, abstract human commands and decomposing them 
into logical sequences of subtasks (5,  6). By leveraging the vast 
knowledge embedded in internet-scale data (7, 8), these models can 
function as a central “brain” for robots, enabling them to reason 
about complex, long-horizon goals, from brewing a cup of coffee to 
tidying up the living room (9–11). This breakthrough in semantic 
understanding represents a pivotal step toward building more versa-
tile and intelligent robotic systems.

However, a fundamental chasm remains between the semantic 
plans generated by VLMs and the physical realities of robotic manipu-
lation. At its core, robotic manipulation is an inherently spatial endeav-
or. Its success is not merely determined by what to do but critically by 
how and where, which requires precise reasoning about object poses, 
contact points, and relational configurations in a three-dimensional 
(3D) world (12–21). Current VLMs, although proficient in high-level 
reasoning, often lack the fine-grained spatial awareness needed to in-
form these crucial geometric details. This creates a critical gap between 
abstract intent and concrete physical execution, representing the pri-
mary bottleneck that hinders the deployment of autonomous robots in 

spatially aware manipulation scenarios, in which tasks would have a 
higher demand on precision, reliability, and safety.

In response to this challenge, many works have attempted to 
bridge this gap by augmenting VLM-based systems with specialized 
perception modules. One common strategy is to use language-
driven expert models to predict task-oriented grasps (22, 23) or to 
generate affordance maps that highlight functional regions relevant 
to the command (24–27). However, these methods often decouple 
high-level planning from low-level geometric validation. This sepa-
ration forces the VLM to formulate its plan in a physical vacuum, 
unaware of the feasibility of subsequent steps, which can lead to sub-
optimal or impossible-to-execute actions. Another direction seeks 
to improve the VLM’s planning context by providing it with en-
hanced visual inputs. Examples include abstracting the scene into 
object key points (28) or overlaying orientation vectors onto the im-
age to guide the VLM spatial reasoning (29, 30). These approaches 
typically provide local cues. Such fragmented information often 
does not allow the VLM to have a holistic understanding of the 
physical scene, making it difficult to reason about the complex, mul-
tiobject spatial relationships required in long-horizon tasks.

The limitations of these approaches point to a more fundamental 
problem, rooted in the nature of how VLMs acquire and represent 
knowledge. Primarily trained on vast corpora of 2D images and text 
from the internet, these models lack direct, grounded experience 
with the 3D physics and geometry that govern the real world. Con-
sequently, when prompted for spatially aware details, such as stable 
placements, functional parts, or precise orientations, they are often 
forced to “hallucinate,” generating plausible-sounding but physically 
inaccurate or unreliable information (31). Although recent efforts to 
fine-tune these models on 3D data aim to embed this knowledge 
directly (17, 32, 33), this approach immediately confronts a steep 
practicality barrier rooted in data. The combinatorial complexity of 
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3D objects—their functional parts, orientations, and physical inter-
actions—demand training data on a scale that grows exponentially 
beyond that of 2D images and text. Moreover, unlike the readily 
available corpora of the web, high-fidelity 3D scenarios and contex-
tualized interaction data remain scarce and prohibitively expensive 
to acquire. As a result, the current implicit and opaque spatial un-
derstanding obtained via fine-tuning on 3D data remains quite brit-
tle. This implicit knowledge is not only difficult to verify or interpret 
but also lacks reliability when encountering previously unseen ob-
jects or configurations.

To circumvent this problem, we propose a shift in methodology. 
Instead of attempting to embed all physical knowledge in the VLM’s 
parameters, we advocate for a framework that augments the model’s 
spatial awareness with an explicit, verifiable, and controllable source of 
external knowledge. It is realized through a retrieval-augmented ap-
proach (34–38). At its core, this strategy empowers the VLM to ac-
tively query a structured knowledge base at inference time, grounding 
its abstract task plans with precise, factual information. The crux of 
our proposed framework lies in the nature of this knowledge base, 
which we structure as category-level, object-centric priors. This object-
centric formulation ensures that the retrieved information is directly 
relevant to the manipulation task, and the category-level abstraction 
provides the critical ability to generalize to unseen object instances in 
a known class, such as any bowl rather than just a specific one. These 
priors encapsulate essential geometric and functional properties, such 
as canonical coordinates, stable grasping, and functional regions, that 
are vital for any spatially aware manipulation task.

To this end, we instantiate a Retrieval-Augmented Manipulation 
(RAM) framework that bridges the gap between semantic reasoning 
and physical execution from a unified, object-centric perspective. As 
shown in Fig. 1, RAM is built on an external, extensible object-centric 
engine. This engine maintains a library of canonical shape templates, 
one for each object category, annotated with a rich vocabulary of 
geometry-relevant information, such as canonical coordinate map and 
symmetry, as well as manipulation-relevant knowledge like stable grasp 

poses and functional planes. We then leverage a boosted vision founda-
tion model to construct a 3D visual grounding model that transfers the 
rich geometry- and manipulation-relevant knowledge to various ob-
jects of different shapes and previously unseen categories in a generaliz-
able manner. The grounded, object-centric knowledge then is provided 
as augmented context to the VLM for task planning. Given this aug-
mented context, the VLM planning and motion trajectory optimization 
are integrated via shared object-centric spatial constraints. This integra-
tion transforms the VLM from a naive planner into a spatially aware 
reasoner, which decomposes complex task instructions into a sequence 
of spatially precise and physically plausible subgoals expressed with 
object-centric spatial constraints. These planned constraints are then 
realized via a trajectory optimization scheme, in which we expand the 
supported spectrum of geometric primitives and spatial relationship 
constraints. In this way, our method effectively translates task instruc-
tions into executable robot trajectories, thereby accommodating diverse 
manipulation tasks characterized by complex spatial relationships. We 
evaluated RAM across 14 distinct, spatially aware manipulation scenar-
ios. These tasks were designed to span a diverse range of capabilities, 
including spatial instruction following, image-guided spatially aware 
manipulation, and tasks that require complex spatial reasoning. The re-
sults demonstrate that RAM can enhance the spatial awareness of gen-
eral VLMs for spatially aware robotic manipulation.

RESULTS
System overview
RAM was designed to endow a general VLM with robust spatial 
intelligence at inference time. Our implementation was built on 
Gemini-2.5-Pro (39) as the core VLM. The central tenet of RAM 
was a process whereby retrieved object-centric geometric and ma-
nipulation knowledge informed and refined the VLM’s task plan-
ning, bridging the gap between task planning and concrete physical 
execution. As shown in Fig. 1, this was achieved through three inter-
connected modules.

Fig. 1. Overview of the RAM framework. Given the image and user instruction, RAM first parses the command and identifies the task and involved object. To acquire the 
necessary spatial knowledge, RAM then queries the object-centric knowledge base with the object category. The retrieved category-level priors, including canonical pose, 
size, stable grasping configurations, and functional regions, are then grounded to the specific object instance in the scene. On the basis of the augmented context, the 
VLM will further decompose the task into substeps with explicit spatial constraints, and the robot trajectory will be optimized with constraints for task execution.
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Visual grounding with category-level object-centric priors
Given an RGB-D (red, green, blue, depth) image and a user instruc-
tion, this module first used a 2D grounding model (40) to segment 
the objects relevant to the task. On the basis of these segmented re-
gions, it then used a 3D category-level grounding model built on 
DINO-v2 (41). The pretrained DINO-v2 features were further aug-
mented via a lifting module to construct discriminative 3D object 
representations, enabling the transfer of rich geometry and manipu-
lation priors from canonical templates to the observed object in-
stances. Such representations allowed the model to be robust to 
intraclass object shape variations and generalizable to unseen object 
categories. As depicted in Fig. 1, these transferred priors included 
object pose and size, stable grasping configurations, and object 
functional planes, providing a detailed geometric and manipulation-
oriented understanding of the objects for downstream tasks.
Task decomposition with spatially enhanced context
This module leveraged the grounded spatial information to produce 
a spatially aware manipulation plan for a given task. To achieve this, 
it first retrieved a textual description for each object-centric prior, 
such as “a horizontal plane located in the bowl opening area and 
parallel to the bowl rim.” These text descriptions, along with the 
transferred information (such as pose and size parameters), were 
then structured to enhance the context of the task. This spatially 
augmented context, along with the original image and user instruc-
tion, was fed back into the VLM, which then decomposed the user’s 
high-level task into a sequence of physically plausible and spatially 
precise substeps, each expressed by a set of object-centric spatial 
constraints. Crucially, this allowed the VLM to adaptively select and 
parameterize the relevant spatial priors needed to define the robot’s 
motion. For instance, it could then generate a subgoal like “align 
<plane #1> of the bowl with <plane #2> of the plate,” directly 
grounding abstract actions in concrete spatial constraints.
Trajectory optimization with spatial constraints
This module was responsible for translating the VLM’s spatially 
aware plan into the robot trajectory. It achieved this by leveraging 
both the spatial constraints associated with each substep and the de-
tailed visual grounding information from the grounding module. 
Similar to a prior work (27), we formulated the robot’s workspace as 
a series of voxelized maps. The spatial constraints planned by the 
VLM were encoded into these maps and then composed into a uni-
fied cost field to guide a trajectory optimizer. More specifically, we 
defined four key maps to construct this field: an affordance map to 
direct the robot toward the target object, an avoidance map for 
collision-free motion, a rotation map to control the end effector’s ori-
entation, and a gripper map to command the gripper’s state. By opti-
mizing a trajectory through this combined cost field, the robot could 
execute the planned motions to complete the manipulation task.

Zero-shot performance of RAM in real-world robot tasks
To evaluate the zero-shot capabilities of the RAM framework, we 
designed a suite of 14 challenging spatially aware manipulation 
tasks that demanded a nuanced understanding of spatial relation-
ships. These experiments were conducted on a real-world robotic 
platform involving 31 distinct object instances from 11 categories. 
The tasks were structured to probe three critical dimensions of spa-
tially aware manipulation. In the following sections, we demonstrate 
how RAM enabled the precise execution of spatial-relevant lan-
guage commands, facilitated image-guided spatial-aware manipula-
tion, and supported adaptive task planning with spatial reasoning of 

the scene. These results collectively showcase RAM’s ability to bridge 
the gap between task planning and physical execution in diverse 
real-world spatially aware manipulation scenarios.
RAM enabled precise execution of spatial instructions
Although recent advancements have enabled robots to follow high-
level language commands, a critical gap persists in their ability to 
comprehend and act upon precise spatial-relevant instructions. Exist-
ing methods often falter when instructions involve nuanced position-
al and orientational relationships, leading to ambiguous or incorrect 
physical executions. To evaluate RAM, we designed a suite of experi-
ments to probe its capacity for translating complex, spatially rich lan-
guage instructions into precise physical actions. To this end, we 
curated 12 robot manipulation tasks (four positional tasks and eight 
combined position-and-orientation tasks), each defined by a unique 
spatial instruction. These tasks were grouped into three types on the 
basis of the complexity. The first category comprised four single-
object, single-step tasks, which required precise control over a single 
object based on short-horizon commands, such as “rotate the spoon 
on the table 90° counterclockwise.” The second category consisted of 
four multiobject, single-step tasks, which tested the understanding of 
spatial relationships between multiple objects, such as “position the 
camera to face the teddy bear directly.” The third category included 
four multiobject, multistep tasks, which demanded long-horizon 
planning and a consistent understanding of evolving spatial relation-
ships, such as “align all the scattered spoons to the right of the blue 
spoon, matching their orientations.” Figure 2 (A to C) presents an ex-
ample for each of these three types of tasks. The complete task list can 
be found in the Supplementary Materials.

To ensure a robust evaluation, we tested each of the 12 tasks 10 
times with varied initial object states. As summarized in  Fig.  2D, 
across the 120 total trials, RAM achieved an average success rate of 
89.17%. For the most challenging multiobject, multistep tasks, which 
required a combination of long-horizon planning and precise spatial 
control, RAM maintained an average success rate of 80.00%. These 
results validated that RAM could consistently follow complex spatial-
relevant instructions to control the position and orientation of single 
or multiple objects in both short- and long-horizon contexts, demon-
strating a robust capability for spatial instruction following. In the 
meantime, we evaluated the RAM framework with three additional 
VLMs, including two leading proprietary models, GPT-4o (42) and 
Claude Sonnet 4 (43), and one open-source model, Qwen-VL (44). As 
can be observed from Fig. 2D, RAM with different VLMs exhibited 
similar capabilities of spatial instruction following, especially for 
single-object, single-step tasks. Furthermore, we observed that RAM’s 
performance in spatial instruction following exhibited a correlation 
with the inherent planning capabilities of its underlying VLM. This 
was evidenced by the performance trend distinguishing the proprie-
tary models from the open-source counterpart. Although RAM’s ef-
fectiveness was anchored on the capability of the adopted VLM, this 
result also demonstrates that RAM was effective at leveraging and 
channeling the general reasoning power of a given VLM for the do-
main of spatially aware manipulation.
RAM enabled image-guided spatial-aware manipulation
Natural language instruction was a highly flexible interface for com-
manding robots. Yet, its expressive bandwidth proved insufficient 
when specifying tasks with intricate, multiobject spatial arrange-
ments. In contrast, a single image could convey complex goal configu-
rations more directly and unambiguously. However, translating the 
rich information in a goal image into robotic action was a formidable 
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challenge. This demanded not only the ability to perceive and abstract 
latent spatial relationships from a 2D view but also the critical capac-
ity to ground these abstract concepts as precise, actionable constraints 
in the robot’s 3D physical workspace.

To evaluate RAM’s performance in this setting, we took the task 
of tableware rearrangement as a representative example. Conven-
tional methods (45, 46) for this task were often constrained by specific 
goal-image perspectives, such as a fixed top-down view, to reduce 
this challenging task to a 2D arrangement problem on a single table 
plane. We evaluated RAM with a single goal image captured from an 
arbitrary viewpoint. This unconstrained setup increased the difficulty, 
demanding a higher level of spatial understanding and reasoning. As 
the subtask decomposition and execution results in Fig. 3 demon-
strate, RAM could bridge the observed and goal images, allowing the 
system to correctly infer the intended 3D spatial relationships. RAM 
then leveraged this spatial understanding to decompose the long-
horizon rearrangement task into a coherent series of subtasks, each 
endowed with explicit spatial constraints derived from the goal im-
age for guided rearrangement.

Specifically, we collected 10 different goal images with varying ob-
jects and arrangements. The evaluation was structured into two levels 
of difficulty. In the regular setting, all objects were initialized with 
random positions and orientations on a single horizontal plane. The 
hard setting introduced a greater challenge by placing objects on dif-
ferent vertical planes, requiring a higher level of 3D spatial under-
standing. We tested the regular setting on five goal images and the 
hard setting on the other five goal images. For each goal image, the 
rearrangement experiment was repeated five times with randomized 
initial object positions and orientations. RAM achieved a 92.00% av-
erage success rate in the regular setting and maintained a 72.00% task 
success rate in the hard setting. These results validated that RAM 
could effectively translate complex visual goals into precise, multistep 
manipulation plans, showcasing a sophisticated level of image-guided 
spatial awareness for spatially aware robot manipulation.

RAM enables adaptive task planning with spatial reasoning
Many manipulation tasks, particularly those requiring precise tool 
use or interaction with cluttered environments, cannot be resolved 
with semantic understanding alone. They are constrained by the 
spatial realities of the scene. This work suggested RAM to elevate the 
spatial intelligence of general VLMs, enabling the robot to reason 
about these physical constraints and make plans adaptively for robot 
manipulation.

To evaluate RAM’s performance, we designed a desk-cleaning 
task where semantic guidance alone is insufficient, creating ambigu-
ity that must be resolved by spatial reasoning. Figure 4A shows the 
tools used in this task, including a table with a continuously adjust-
able height (15 to 60 cm), four bins of varying sizes, a dustpan, and 
a brush. By varying the table height and the available tools, we simu-
lated diverse desk-cleaning scenarios. In these situations, a general 
VLM relying solely on task descriptions and scene semantics might 
generate plans that are plausible in semantics but physically infeasi-
ble, for example, selecting an incorrectly sized bin or attempting to 
sweep debris into a bin whose opening was higher than the tabletop. 
Beyond this need for spatial reasoning in task planning, the task it-
self demanded high precision in manipulation. Specifically, in the 
1.2 m–by–1.2 m workspace, the dustpan’s edge had to be flush with 
the table’s edge; the brush had to be precisely oriented for sweeping; 
and the dustpan had to be accurately aligned over the bin’s opening 
to pour without spilling. Under this complex task setting, we con-
ducted 20 replicate experiments, with different tools and varying 
table heights in each. As shown in Fig. 4 (B to D), we observed that 
RAM could autonomously identify implicit spatial constraints and 
adaptively generate a physically feasible plan, achieving an average 
success rate of 65%.

Analysis of RAM results with benchmark performance
We conducted additional experiments on public benchmark datas-
ets to evaluate RAM’s performance and compare it against existing 

Fig. 2. Illustration and results of RAM in different spatial instruction-following tasks. These tasks include single-object, single-step tasks (A); multiobject, single-step 
tasks (B); and multiobject, multistep tasks (C). (D) RAM results with different VLMs.
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approaches. These experiments aimed to further systematically as-
sess RAM’s generalization to unseen object categories, robustness to 
environments, and spatial understanding and reasoning capabilities 
in comparison with existing VLMs.
Evaluation of generalization capability to unseen categories
The category-level visual grounding module of RAM was first trained 
on a synthetic dataset comprising 20 base categories. The objective 
of this phase was twofold: to enhance the pretrained 2D image rep-
resentations with 3D point cloud coordinates and to adapt the 2D 
vision foundation model for our target 3D grounding scenarios. 

To quantitatively evaluate the generalization performance of this 
trained module on various unseen object categories, we conducted 
experiments on the CO3D dataset (47). We used precise ground-
truth pose labels from (48) to evaluate RAM’s category-level visual 
grounding module on 10 distinct object categories, varying from 
common household items (such as laptop and backpack) to larger 
objects (such as motorcycle and chair). Each category contained 
around 1020 images captured from diverse viewpoints, across 10 
unique object instances with varying textures, shapes, and sizes. Fol-
lowing the methodology of (49), we used the average accuracy in 

Fig. 3. Illustration and results of RAM in image-guided spatial-aware manipulation tasks. (A) RAM can decompose a long-horizon task into a series of substeps with 
coherent spatial constraints with the given goal image. (B) Visualization of the robot execution after the task planning. (C) RAM is robust to different image specifications 
for tableware rearrangement.

Fig. 4. Illustration and results of RAM in adaptive task-planning tasks. (A) Visualization of tools used in the desk-cleaning task and their physical sizes. (B) Execution 
of a direct sweeping strategy. (C) Robot’s decision-making process. (D) Execution of an indirect sweeping strategy.
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terms of geodetic rotation error of 15° to evaluate the 3D grounding 
results. Figure 5A presents the experimental results. In comparison 
with two baseline models, zero-shot pose (ZSP) (48) and FoundPose 
(50), that are based on pretrained DINO-v2 (41), RAM’s visual ground-
ing model exhibited a consistent performance improvement across 
all tested categories. This superiority was primarily attributed to our 
feature lifting strategy, which integrated 3D position embeddings to 
enhance viewpoint discrimination, thereby reducing orientation am-
biguity compared with the 2D feature matching used in baselines. 
Furthermore, our dense coordinate prediction established robust dense 
correspondences, offering greater resilience to shape variations than 
sparse keypoint matching. The result indicated that despite being fine-
tuned exclusively on synthetic data from base categories, RAM could 
effectively scale its generalization capabilities to a wide array of real-
world objects from unseen categories.
Evaluation of robustness to shape variations and occlusions
A critical consideration for the practical deployment of RAM is 
the robustness of its object-centric grounding to shape variations 
between the shape template and a target object instance, as well as 
to the choice of the template itself. To this end, we quantitatively 
evaluated RAM’s robustness to shape variation on the CO3D data-
set using the same metric based on geodetic rotation error. Given 
that precise mesh models for each instance in CO3D were not 
available, it is infeasible to directly measure the shape difference 
between an object instance and its corresponding shape template. 
Therefore, we devised a proxy evaluation: We used multiple, dis-
tinct 3D mesh models as shape templates for the same category 
and then assessed robustness by comparing the performance dif-
ferences when using these different templates. As shown in Fig. 5B, 
five distinct shape templates were selected for a category on the 
basis of their mutual shape difference, measured by point cloud 
Chamfer distance. We observed that RAM was robust to both the 
choice of shape template and the inherent shape variations among 
objects, evidenced by the similar average accuracies and accuracy 
distributions achieved across different object instances regardless 
of the template used.

Concurrently, we evaluated RAM’s performance under varying 
degrees of environmental occlusion. Following a methodology simi-
lar to that in (51), we simulated partial occlusion by randomly mask-
ing a specified percentage of image pixels and evaluated the average 
accuracy at different occlusion ratios. The results show that, although 
RAM maintained robustness under moderate occlusion levels (be-
low 50%), its accuracy degraded as the occlusion ratio increased 
further. This degradation under heavy occlusion represents a known 
challenge for purely vision-based systems, highlighting a promising 
direction of fusing tactile sensing with active perception strategies 
(52) to mitigate such failures. Furthermore, to ground this analysis 
in practical use cases, we conducted tests on our robotic platform 
in two common manipulation scenarios: object-object and object-
robot occlusion. As shown by the representative qualitative results 
in Fig. 5C, RAM demonstrated robustness in both of these practical 
occlusion scenarios.
Evaluation of spatial understanding capability with VQA
To evaluate RAM’s spatial understanding capabilities in robot manip-
ulation tasks, we constructed a visual question answering (VQA) data-
set using our robotic platform, designed to assess a broader spectrum 
of spatial reasoning skills. Our VQA dataset comprised 100 manually 
annotated samples, with each sample consisting of an RGB image 
paired with a corresponding multiple-choice question. Effective robot 
manipulation necessitates advanced spatial reasoning, including as-
sessing interobject positional relationships, discerning object orienta-
tions and rotations, evaluating the outcomes of operational behaviors, 
performing task planning, and conducting quantitative scene mea-
surements. Consequently, our VQA questions were categorized into 
five distinct types: positional relationship, judgment, rotation, plan-
ning, and measurement, with 20 questions allocated to each category. 
All questions and their corresponding ground-truth answers were 
designed and human annotated. Representative examples from our 
VQA dataset are presented in Fig. 6.

RAM’s performance was benchmarked against its baseline, VLM 
Gemini-2.5-Pro (39), and two VLMs that had been fine-tuned for im-
proving the spatial awareness, SpaceOM and SpaceThinker (31). As 

Fig. 5. Benchmark performance of RAM. (A) Generalization performance of RAM on unseen object categories with average accuracies in terms of geodetic rotation 
error. Bar plots with error bars show the mean values ± SD, with n = 10 independent experiments. (B) Robustness analysis of RAM to object shape variations. Left: Five 
distinct chair templates (T1 to T5) and their shape differences, quantified by Chamfer distance. Right: A violin plot showing the corresponding pose accuracy when using 
each template. (C) Robustness analysis of RAM to environmental occlusions (Occ.) on both the benchmark dataset and real-world robot manipulation scenarios.
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depicted in the accompanying bar chart (Fig. 6), the results unequivo-
cally demonstrated RAM’s consistent superior performance across all 
five categories compared with the other VLMs. Benefiting from its 
larger model capacity, Gemini-2.5-Pro demonstrated superior perfor-
mance over the 3B models [SpaceOM and SpaceThinker, which are 
based on Qwen2.5VL-3B (44)] in tasks involving spatial positional 
relationships and object orientation. However, in more intricate spa-
tial perception tasks, including judgment, measurement, and plan-
ning, Gemini-2.5-Pro exhibited comparable performance to SpaceOM 
and SpaceThinker, whereas RAM exhibited consistent performance 
improvement when compared with the three competing VLMs.

DISCUSSION
Our results demonstrate that the RAM framework provides a robust 
and effective solution to one of the most pressing challenges in mod-
ern robotics: bridging the semantic-geometric gap for foundation 
models. We have shown that, by explicitly grounding the abstract 
reasoning of a VLM with a retrievable, object-centric knowledge 
base, a robot can achieve a level of spatial awareness and precision in 
manipulation that is unattainable with ungrounded, end-to-end ap-
proaches. The success of RAM in complex, contact-rich tasks vali-
dates our core hypothesis: The key to unlocking physically intelligent 
behavior is not a choice between classical structured methods and 
modern learned models but their synergistic integration. Our frame-
work offers a concrete mechanism to resolve the tension between the 
powerful, zero-shot semantic capabilities of VLMs and the nonnego-
tiable physical constraints of the real world, moving beyond spatially 
naive planning to enable meaningful physical interaction.

The implications of this work extend beyond the immediate tasks 
demonstrated. The concept of an object-centric engine, particularly 
its use of “functional planes,” can be seen as a computational instan-
tiation of the theory of affordances. It suggests that a robot’s spatial 
understanding of an object should not be limited to its identity or 
geometry but should also include its potential for interaction. To 
translate this high-level understanding into actionable robot skills, 
our current implementation of RAM focuses on spatial-aware place-
ment and rearrangement tasks. In these scenarios, the core difficulty 
involves reasoning about and achieving precise spatial configura-
tions among rigid objects. However, the proposed framework is in-
herently extensible beyond these boundaries. We have demonstrated 

that our object-centric formulation is robust to handle nonrigid ge-
ometry. By using a multitemplate strategy, RAM can precisely ground 
articulation mechanisms, such as revolute and prismatic axes, for 
articulated objects and manage local shape variations in deformable 
tasks like clothes folding, despite being trained primarily on rigid 
data. Furthermore, as detailed in the Supplementary Materials, the 
framework could be agnostic to the end effector. The knowledge 
base can readily accommodate multifingered dexterous hands by 
extending grasp representations to include local contact maps and 
semantic descriptors. This allows the VLM to select valid dexterous 
grasps on the basis of functional suitability without retraining the 
visual grounding model. Moreover, this structured knowledge base 
also serves as an anchor for multimodal integration. Our experi-
ments show that, by fusing tactile feedback with geometric priors, 
the VLM can reason about unobservable physical properties, such 
as friction or weight distribution, and correct improper grasps via 
an adaptive replanning scheme. Furthermore, this structured spatial 
representation could have a profound effect on downstream applica-
tions. For instance, it can improve sim-to-real transfer by providing 
simulators with richer object-level constraints and enable more so-
phisticated task and motion planning by reducing the search space 
for valid physical interactions.

It is equally important to acknowledge the current limitations of 
the RAM framework, which, in turn, define avenues for future re-
search. First, our failure analysis (refer to the “Failure analysis” section 
of the Supplementary Materials) reveals that the system’s reliability is 
constrained by specific bottlenecks across the pipeline, including up-
stream segmentation errors from the 2D perception module, occa-
sional suboptimal logic by the VLM in long-horizon planning, and 
downstream kinematic constraints that are not yet fully integrated 
into the high-level reasoning loop. Second, a practical hurdle for scal-
ability is the manual creation and annotation of shape templates in 
the object-centric engine. Although this “one-time investment” pays 
substantial dividends in generalization, scaling this approach to 
thousands of object categories requires a more automated process. A 
promising future direction involves developing methods to learn these 
object-centric knowledge templates automatically from diverse, mul-
timodal data sources, such as videos of human interaction, product 
manuals, or large-scale 3D object datasets. Furthermore, our current 
work focuses on rigid objects. Regarding the handling of articulated 
and deformable objects, although we have demonstrated that RAM 

Fig. 6. Spatial comprehension evaluation on a custom VQA dataset. Representative examples from the VQA dataset, which was created to assess a broad spectrum of 
spatial reasoning skills. The questions were divided into five categories: positional relationship (Pos.), judgment (Jdg.), rotation (Rot.), planning (Plan.), and measurement 
(Meas.). The bar chart compares the performance of RAM against other state-of-the-art models—Gemini-2.5-Pro, SpaceOM, and SpaceThinker—demonstrating RAM’s 
superior accuracy across all five categories.
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can encompass these categories through a multitemplate strategy, we 
frankly acknowledge that using a finite set of discrete templates to ap-
proximate the continuous state space of nonrigid objects is a strategic 
trade-off. Despite offering a data-efficient and practical solution for 
many manipulation tasks, this approach may not be the optimal rep-
resentation for scenarios involving highly unstructured deformations 
or infinite degrees of freedom. Thus, we position our method as a ro-
bust solution for handling structured variations in nonrigid objects, 
leaving the development of a universal solver for all dynamic com-
plexities as a challenging but essential next step.

In conclusion, the RAM framework represents a step toward 
building robots that are both linguistically competent and physi-
cally intelligent. By demonstrating how to effectively ground the 
powerful reasoning of foundation models in the geometric and 
functional reality of the physical world, our work provides a blue-
print for the robotic system with a hybrid architecture, whereby 
structured knowledge and large-scale learning empower one an-
other, paving the way for robots that can more safely, reliably, and 
capably collaborate with humans in the complex, unstructured en-
vironments of our daily lives.

MATERIALS AND METHODS
The category-level object-centric engine
The category-level object-centric engine served as an extensible 
knowledge base designed to bridge high-level semantic reasoning 
with physical execution. It stored a standard template for every ob-
ject category, which was capable of accommodating object-centric 
priors tailored to different robot embodiments (such as parallel-jaw 
grippers or dexterous hands). These priors were then transferred to 
different object instances via a unified visual grounding process. The 
template included extensive annotations that offered a thorough un-
derstanding of the object category. Specifically, it contained an ob-
ject category label , which was a short phrase describing the object 
category, alongside a 3D mesh  that represented the typical shape 
of the category with complete 3D geometry. Furthermore, the tem-
plate incorporated a canonical pose o ∈ SO(3) , indicating the stan-
dard orientation of the object and serving as a reference for aligning 
multiple instances from the same category. It also included a set of 
valid grasp configurations  defined on  . To ensure that the grasp 
representation can fit different end effectors, we characterized each 
grasp Gi ∈  by a tuple consisting of a normalized approaching di-
rection and an object-centric contact relationship with the object. 
The exact form of this relationship varied according to the end effec-
tor. For instance, in the case of a parallel-jaw gripper, Gi = ⟨ui, ti⟩ , 
such that ui , ti ∈ ℝ

3, ‖ui ‖ = 1, ∀ i = 1, 2, … , ∣ ∣ . These configura-
tions were demonstrated to enable effective and stable grasps of  in 
a physical simulator. In addition, the template provided semantic 
grasp descriptions, offering a standardized textual description for 
each valid grasp configuration in the format of <#semantics, 
#orientation, #functional description>. These de-
scriptions identified the semantic region, approach direction, and 
functional purpose, thereby decoupling high-level grasp planning 
from the policy used to sample the template grasp and facilitating 
our method to accommodate grasps sampled from diverse poli-
cies in a unified manner. Last, the template defined functional planes 
, which were essential for object manipulation on  . Each plane 
Fj ∈  was represented by a tuple of normal and center point, de-
fined as Fj =

⟨
nj, cj

⟩
 , such that nj,cj ∈ℝ

3
, ‖nj‖=1,∀j=1, 2, … , ∣∣.

By defining the template for each object category, we could trans-
fer the knowledge to various observed instances in the same category. 
This approach enhanced the capability of robotic systems, enabling 
them to perform complex manipulation tasks more efficiently.

Category-level visual grounding
We developed a category-level visual grounding model to enhance 
spatial understanding of each observed object in the scene. It was 
achieved by estimating a dense correspondence between the object 
and its categorical template in the category-level object-centric en-
gine. Considering the inherent intraclass variations of objects in 
terms of textures and shapes, we built our visual grounding model 
on top of the robust image representations from DINO-v2 (41) to 
transfer the category-level knowledge to the observed object. A 
foundation feature lifting module that we presented in our previous 
work (53) was leveraged to integrate the pretrained image features 
with positional embeddings derived from point cloud coordinates 
for robust visual grounding.

For a given observed object, we first retrieved its categorical tem-
plate from our object-centric engine on the basis of the object cate-
gory label. Subsequently, following the method of (53), we uniformly 
sampled a set of viewpoints of the 3D mesh  in the template from 
a hemisphere centered on its geometric center and rendered a syn-
thetic RGB-D image for each view using Blender. Then, we predicted 
the object-template correspondence in two stages. First, an image-
level matching was performed to identify the rendered viewpoint that 
most closely aligned with the observed view of the object. The pro-
cedure was written as

where 
(
Iq,Dq

)
 denoted the RGB and depth patch for the observed ob-

ject q, and {
(
Iν
r
,Dν

r

)
∣ ν = 1, … ,N} denoted N pairs of rendered RGB 

and depth images of the 3D mesh  . Φview denoted a viewpoint en-
coder that extracted viewpoint features from a pair of RGB and depth 
inputs. The viewpoint encoder was trained with contrastive learning to 
generate similar features for comparable viewpoints in an object cate-
gory while producing distinct features for substantially different view-
points. Thus, the rendered viewpoint of  closest to that of the observed 
object q, denoted as ν*, was determined by finding the ν whose view-
point feature had the highest similarity with that of the observed object q.

Second, on the basis of the image-level matching result, we fur-
ther performed a pixel-level matching to estimate a dense corre-
spondence between the observed object and the categorical template. 
It could be formulated as

where ν* denoted the best-match view identified through image-
level matching. Φpixel was a pixel-level feature encoder that outputs 
d-dimensional features for each pixel in an RGB and depth image 
pair. Let n and m denote the number of pixels from the observed 
object and the 3D mesh at viewpoint ν*, respectively, we had Φpixel (
Iq, Dq

)
∈ ℝ

n×d and Φpixel

(
Iν

∗

r
,Dν∗

r

)
∈ ℝ

m×d . The result,  ∈ ℝ
n×m , 

was a normalized matching matrix that represented the correspon-
dence between each pair of pixels from the observed object and the 
rendered 3D mesh at view ν*, respectively, with higher values indi-
cating stronger correspondence.

ν∗ = arg max
ν= 1,…N

(
Φview

(
Iq,Dq

)
⋅Φview

(
Iν
r
,Dν

r

))
(1)

 = Softmax
(
Φpixel

(
Iq,Dq

)
×Φpixel

(
Iν

∗

r
,Dν∗

r

)T)
(2)
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On the basis of the estimated matching matrix , we could 
ground different types of prior information from the categorical 
template to the observed object. For object pose and size, we first 
followed (53) to define a canonical object coordinate map ccm

r
 , con-

sisting of m points each corresponding to a pixel from the rendered 
3D mesh image at view ν*. Then, we matched the canonical coordi-
nates for the observed object point cloud by match = × ccm

r
 , 

consisting of n points. After that, the object pose and size parameters 
could be jointly estimated by minimizing the alignment error 
‖q−

�
sR×match+ t

�‖2
2
 , where q ∈ ℝ

n×3 denoted the observed 
object point cloud in the camera view and (s, R, t) denoted the ob-
ject size, rotation, and translation parameters, respectively. We ad-
opted Umeyama (54) and RANSAC (55) for a robust estimation.

The grounding of the grasping pose and functional plane followed 
a similar procedure. For the grasping pose, we used the grasping pose 
parameters to transform the canonical object coordinate map into the 
grasping frame. For the functional plane, we used the plane center 
and normal to transform the canonical object coordinate map into 
the plane frame. Then, we could estimate the parameters of the grasp-
ing and functional plane by minimizing similar alignment errors.

Visual grounding model training with synthetic data
We trained our category-level visual grounding model using photo-
realistic synthetic data rendered with Blender. To enhance diver-
sity in the training dataset, we collected 20 object categories from 
ShapeNet (56), each featuring six unique object instances. For each 
category, we randomly selected one instance and a rendered view, 
resulting in 10,000 RGB-D images along with their corresponding 
object masks and ground-truth object coordinate maps. In total, we 
rendered 200,000 images for training.

For each object category, we randomly chose one object instance 
to serve as the shape template, whereas the other five instances were 
used as query objects during training. To train the image-level ob-
ject viewpoint estimation, we adopted the pose-aware contrastive 
loss in (57). It harnessed both the positive and the negative view-
point pairs to train Φview . The training loss was written as

where K represented the number of samples used for comparison 
with the query; q denoted the query viewpoint, rk denoted each 
compared viewpoint, and r+ denoted the closest reference view-
point, with their extracted viewpoint features denoted f q

view
 , f r

k

view
 , 

and f r
+

view
 , respectively; τ was a temperature parameter; d(⋅, ⋅ ) was 

the normalized viewpoint difference between query and reference, 

which was defined as d
(
Rq,R

k
r

)
= arccos

(
tr
(
(Rq)

T
R
k
r

)
−1

π

)
 . We fol-

lowed (58) to handle the symmetric objects.
To train the pixel-level coordinate map estimation, we first ob-

tained the point cloud of the query object  ′
q
 and that of the refer-

ence object  ′
r
 . Next, we calculated the matched point cloud using 

the matching matrix  obtained with Eq. 2, which was written as

where  ′
match

 was the matched point cloud. Then, we regarded  ′
r
 as 

the ground-truth, compared  ′
match

 with it, and obtained the train-
ing loss coor for pixel-level coordinate map estimation. For sym-
metrical objects, the training loss was designed on the basis of the 
Chamfer distance, which was written as

where CD( ⋅ ) denoted the function of Chamfer distance. The equa-
tion meant that, for symmetrical objects, the matching parameters 
were satisfactory as long as the predicted result  ′

match
 matched well 

with  ′
r
 . For asymmetrical objects, we used a training loss based on 

the smoothed L1 loss, which was written as

where 
(
x, y, z

)
∈  �

match
 indicate a point in the  ′

match
 , whereas 

(
x
r
, 

y
r
, z

r

)
 indicate the corresponding point in  ′

r
 that was closest to (

x, y, z
)
 measured by Euclidean distance. ψ( ⋅ ) denotes the smoothed  

L1 loss.
By fusing global viewpoint loss and local coordinate map loss, our 

core training objective was to fuse the rich semantic representations 
from 2D foundation models with explicit 3D spatial information de-
rived from object coordinates. Although our implementation was 
trained exclusively on rigid objects from ShapeNet, we empirically ob-
served that the adopted foundation feature lifting strategy fostered 
a robust understanding of intrinsic semantic-geometric correspon-
dences that went beyond rigid alignment. Consequently, the model 
maintained high grounding accuracy even in the presence of local 
deformations or kinematic changes. This inherent robustness served 
as a critical enabler for extending our framework to handle com-
plex articulated and deformable objects without requiring addi-
tional training, as further validated in our supplementary experiments. 
Formally, the overall training loss for the visual grounding model on 
viewpoint knowledge transfer was  = view + coor . The training 
for knowledge transfer of valid grasp configurations and functional 
planes followed a similar approach, with the preparation of training 
data tailored to each, allowing us to train the respective encoders.

Retrieval-augmented task planning
With the geometric knowledge for each object category provided in 
our category-level object-centric engine and the category-level vi-
sual grounding scheme to transfer the knowledge to an observed 
object, we further introduced the knowledge to a VLM, the Gemini-
2.5-Pro, to more effectively plan the current task. At the start of the 
task planning, we captured the RGB-D observation (I, D) of the en-
tire scene and provided a task description   . The VLM-based task 
planning consisted of four steps.

First, we gathered all of the object category labels from the 
category-level object-centric engine. The list of object category la-
bels , I, and   was supplied to the VLM to identify object categories 
relevant to the task. For each relevant object category, the VLM en-
riched the object description for each relevant object category, on 
the basis of its original object category label  and the visual input I, 
resulting in an enriched object description ̂ .

Second, both the whole-scene image I and all of the enriched 
descriptions ̂  were input into Grounded SAM (59) to detect and 
segment each relevant object q in I, resulting in a precise 2D bound-
ing box 

q
 and mask q . Subsequently, the VLM reengaged to 

view = −log

⎛
⎜⎜⎜⎝

exp
�
f
q

view
⋅ f r

+

view
∕τ

�
�K

k=1
d
�
Rq,R

k
r

�
exp

�
f
q

view
⋅ f r

k

view
∕τ
�
⎞
⎟⎟⎟⎠

(3)

 �
match

= �
q (4)

coor = CD
(
 �
match

, �
r

)
(5)

coor=
∑

(x,y,z)∈ �
match

ψ
(
x, xr

)
+ψ

(
y, yr

)
+ψ

(
z, zr

)
(6)

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026



Chen et al., Sci. Robot. 11, eaea2092 (2026)     29 April 2026

S c i e n c e  R o b o t i cs   |  R e s e arc   h  A r t i c l e

10 of 14

establish a definitive correspondence between ̂  and q. Using the 
RGB-D observation (I, D) of the entire scene, we cropped an RGB-
D patch (Iq, Dq) for each object q using the bounding box 

q
 and 

then passed it as input to our visual grounding module, which ex-
tracted the geometric information from the categorical templates 
and transferred it to each q. The geometric information encom-
passed the object’s estimated 6D pose (Rq, tq) and size (wq, lq, hq), 
one or more valid grasp configuration(s) q , and one or more func-
tional plane(s) 

q
.

Third, we performed task decomposition. We input   , I, and 
{̂ ,q,

(
wq, lq, hq

)
} to the VLM to break down the overall task into 

multiple subtasks. We generated a detailed text description s for the 
sth subtask, which offered clear instructions and context, ensuring 
that the subtasks were well defined and easily understood for the 
subsequent generation of manipulation actions.

Last, for the sth subtask, the VLM derived a standardized se-
quence of actions as

t
, t = 1, 2, … ,Ts , each in four primitive types: 

grasp, lift, move, and release. Each manipulation action as
t
 was de-

fined by a set of specific constraints s
t
 that delineated the spatial 

relationships between the robotic gripper, the transferred valid 
grasp configurations q , and functional planes 

q
 of the identified 

instance q in the scene. These constraints fell into three main cate-
gories: point-to-point, point-to-plane, and plane-to-plane, with each 
action type typically corresponding to a fixed set of constraints. For 
example, to execute the action of “place bowl on plate,” the VLM 
generated a plane-to-plane constraint requiring the base of the bowl to 
be parallel to the top surface of the plate, along with a point-to-point 
constraint that aligned the center points of the two corresponding 
functional planes in a horizontal direction. Let Fbowl = ⟨nbowl, cbowl⟩ 
and Fplate =

⟨
∈nplate, cplate

⟩
 denote the planes of the bowl’s base and 

the plate’s top surface, respectively. The constraints were

where c∗. x and c∗. y represented the x and y locations, respectively, 
of a center point c∗.

Similarly, for the action of “pick up the tilted spoon,” the VLM first 
established two point-to-plane constraints to (i) align the gripper’s 
approach direction with the normal of the spoon’s handle surface and 
(ii) align the gripper’s grasp center with the valid grasp configura-
tion on the spoon’s handle along its normal direction. Let Ggripper = ⟨
ugripper, tgripper

⟩
 denote the pose of the gripper, and Fspoon =

⟨
nspoon, 

cspoon

⟩
 denote the plane of the spoon’s handle, the constraints were 

written as

After establishing the set of constraints for each action as
t
 (the tth 

action for the sth subtask), a specialized parsing module was used 
to determine the target 6–degree of freedom (DoF) pose of the 
gripper that satisfied these constraints. Details for this process were 
provided in the “Details on gripper pose determination” section of 
the Supplementary Materials. Then, a binary value e ∈ {0, 1} was 

added to represent the closed/open state of the gripper, forming a 
7-DoF gripper pose 

⟨
Ggripper, e

⟩
∈ SO(3) × {0, 1} . Consequently, 

the task-planning process broke down the entire task into multiple 
subtasks s and further decomposed each subtask into multiple ac-
tions as

t
 . This resulted in an ordered list of 7-DOF poses for the 

gripper 
{⟨

G
s

t;gripper
, es

t

⟩
∣∀s, t

}
 , with each pose corresponding to a 

specific action as
t
.

Motion execution and robot hardware
After planning the manipulation task into an ordered list of gripper 
poses 

⟨
G

s
t;gripper

, es
t

⟩
 , we used a low-level motion planner to gener-

ate a feasible and smooth manipulation trajectory between con-
secutive gripper poses. For simplicity, we focused on the trajectory 
optimization between a single pair of consecutive gripper poses, 
and we denoted the starting pose as Ginit = ⟨uinit, tinit⟩ and the end-
ing pose as Gtarget =

⟨
utarget, ttarget

⟩
.

Inspired by VoxPoser (27), we implemented a voxel-based mo-
tion planning framework. Specifically, we discretized the robot’s work-
space into a dense voxel grid V with a size of 1003. We denoted any 
voxel as v ∈ V , the specific voxel corresponding to tinit as vinit ∈ V 
and the corresponding voxel of ttarget as vtarget ∈ V . To facilitate the 
trajectory optimization, four key maps are created on V . First, the 
affordance map assigned a nonnegative real value to each voxel to 
guide the approach toward the target regions for each action, which 
was defined as Λaff: v→ ℝ

+ . Second, the avoidance map assigned a 
nonnegative real value to each voxel to prevent contact with the ob-
stacles, which was defined as Λavd: v→ ℝ

+ . Furthermore, the rota-
tion map assigned the gripper orientation to each voxel, which was 
defined as Λrot: v→ ℝ

3 . To achieve this, we first assigned uinit to vinit. 
Then, we assigned utarget to vtarget. Last, we applied Gaussian filtering 
to smooth the values for all voxels between the two assigned voxels. 
Last, the state map assigned a binary value to each voxel to indi-
cate the target closed/open state of the gripper, which was defined as 
Λsta: v→ {0, 1} . Specifically, we first assigned the initial state of the 
gripper einit to vinit and then assigned the target state of the gripper 
etarget to vtarget, similarly applying value smoothing using Gaussian 
filtering. Both Λaff and Λavd were constructed from the surface points 
on objects with the help of our visual grounding model, rather than 
simply using the geometric centers of the objects. This enabled our 
system to identify semantically meaningful locations, such as a mug’s 
handle or a jar’s lid, enhancing manipulation capabilities beyond 
simple grasping.

Last, we computed a trajectory for each action, starting from Ginit 
and ending at Gtarget. Inspired by (27), we used a cost-guided sampling-
based method for optimization to find the trajectory of the gripper’s 
location first and then assigned the gripper’s orientation along the 
trajectory. We first established a cost function for gripper’s location 
f : v→ ℝ , which was built on the basis of the affordance and the 
avoidance key maps: f = −2Λaff + Λavd . Starting from tinit, we sam-
pled multiple next-step locations ∆t1 around tinit and compared 
the cost values of their corresponding voxel obtained using f (v) . The 
optimized next-step location t1 = tinit + ∆t1 was the one having the 
lowest cost value. The optimization was performed iteratively, and 
we optimized a trajectory of the gripper’s location t1,2,3… until the 
gripper’s target location ttarget was reached. After determining the tra-
jectory for the gripper’s position, we assigned the gripper’s orientation 
and open/closed state by referencing the voxels v1,2,3… corresponding 

plane to plane:nbowl
T
nplate=1

point to point:

{
cbowl. x= cplate. x

cbowl. y= cplate. y

(7)

point to point:

{
ugripper

T
nspoon=1

(
cspoon− tgripper

)T
nspoon=1

(8)
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to each intermediate location along the trajectory. This was done by 
referring to Λrot for the orientation and Λsta for the state. Thus, start-
ing from the current gripper pose, we sampled multiple offsets and 
chose the one with the best cost function value.

The robotic manipulation was performed by a FAIR Innovation 
FR5 robot arm that was equipped with a soft parallel-jaw gripper 
based on a Z-EFG electric controller. For visual sensing, both a ZED-2 
camera and a RealSense camera were used. The VGGT model (60) 
was used for scene reconstruction, using two RGB images from the 
left and right ZED-2 cameras, along with an additional image from 
the RealSense camera. Two GeForce RTX 3090 GPUs were used for 
local network computation.

Statistical analysis
Statistical analysis was conducted using Python (version 3.9), NumPy 
(version 1.26.4), and SciPy (version 1.11.2). Quantitative results for 
real-world robotic manipulation tasks were obtained by using the av-
erage success rate across replicate trials. For benchmark evaluations, 
model performance was quantified using VQA accuracy and average 
accuracy based on the geodetic rotation error. A Friedman test was 
used, with a P value smaller than 0.01 considered statistically signifi-
cant. Detailed P values were provided in the supplementary data file.
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Materials and Methods
Figs. S1 to S17
Tables S1 to S4
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