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Autonomous grasping has long been a central topic in robotics, yet deployment in small and medium-sized
enterprises (SMEs) is still hindered by low-level robot programming and the lack of natural language inter-
action. Recent Vision-Language-Action models (VLAs) allow robots to interpret natural language commands
for intuitive interaction and control, but they still exhibit output uncertainty and are not yet well suited
to directly generating reliable, precise actions in safety-critical industrial contexts. To address this gap, we
present VL-GRiP3, a hierarchical Vision-Language model (VLM)-enabled pipeline for autonomous 3D robotic
grasping that bridges natural language interaction and accurate, reliable manipulation in SME settings. The
framework decomposes language understanding, perception, and action planning in a transparent modular
architecture, improving flexibility and interpretability. Within this architecture, a single VLM backbone handles
natural language interpretation, target perception, and high-level action planning. CAD-augmented point cloud
registration then mitigates occlusions in single RGB-D views while keeping hardware cost low, and an M2T2-
based grasp planner predicts accurate 3D grasp poses that explicitly account for complex object geometry
from the augmented point cloud, enabling reliable manipulation of irregular industrial parts. Experiments
show that our fine-tuned VLM modules achieve segmentation performance comparable to YOLOv8n, and VL-
GRiP3 attains a 94.67% success rate over 150 randomized grasping trials. A comparative evaluation against
state-of-the-art end-to-end VLAs further indicates that our modular, CAD-augmented design with explicit 3D
grasp pose prediction yields more reliable and controllable behavior for SME manufacturing applications.
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1. Introduction retraining, and manual tuning of motion primitives [9,13]; most termi-

nate after predicting a grasp pose, leaving the synthesis of executable

Robotic grasping is fundamental to industrial automation, yet robust
deployment in high-mix, semi-structured settings remains challenging.
Random bin picking, where objects are heaped in arbitrary orienta-
tions, is still difficult because the robot must detect, localize, and
grasp partially occluded, often unknown items [1-3]. Vision-guided
manipulation has progressed from 2D cameras to stereo and depth sen-
sors with modular pipelines for detection, pose estimation, and grasp
planning [4], but these pipelines are brittle in heavy clutter, under
variable lighting, or with reflective parts, and typically assume prior
object knowledge [5,6]. Further learning-based vision methods [7,8]
alleviate some limitations; CNN grasp predictors [9,10] and sim-to-real
reinforcement learning [11] broaden object coverage but still demand
large datasets and careful tuning. Contemporary grasping pipelines
also require expert calibration of cameras and robots [12], per-object

action scripts to human engineers and inflating cost and changeover
time in high-mix or small-batch manufacturing [14]. Even data-driven
approaches often depend on task-specific datasets that are costly to
acquire [13,15]. Most importantly, a direct bridge between humans
and robots is still missing: people express goals in natural language,
whereas robots require structured command sequences, forcing experts
to translate every new instruction into low-level code. These limi-
tations, especially the language-action gap, highlight the need for a
grasping pipeline that robustly handles novel, partially occluded parts,
can be re-tasked in high-mix settings without expert re-engineering, and
maps natural language instructions directly to executable actions.
With the rise of vision-language models (VLMs), which accept both
natural language intent and visual context as input [16,17] and reason
about responses through a unified, prompt-driven interface [18,19],
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Fig. 1. Overview of VL-GRiP3: the user provides a natural language prompt
and an image; VLM modules hierarchically extract relevant object and target
regions and plan high-level actions, while point cloud augmentation and 3D
grasp pose prediction enable reliable manipulation.

these models provide an attractive approach for enabling robots to
understand human natural language requests while jointly process-
ing visual information. Building on this, recent work has begun to
extend VLMs to vision-language-action models (VLAs) [20], which
close the loop from language and perception to robot actions. State-
of-the-art VLAs typically follow two major architectural paradigms:
end-to-end models that directly integrate an action layer into the VLM,
and framework-based approaches that embed the VLM into a modu-
lar pipeline, both offering a new paradigm for language-conditioned
control in autonomous robotic manipulation [20,21]. However, end-
to-end VLAs are generative, black-box models that inherently introduce
uncertainty [22], are difficult to debug, and are mainly trained by imi-
tating demonstration data [23], which requires large quantities of high-
quality, unbiased expert demonstrations; consequently, they are diffi-
cult to deploy in manufacturing environments due to safety concerns
arising from physical interaction [24]. In contrast, framework-based
approaches are more applicable in SME environments, as they decouple
language understanding, perception, and action planning into modular
steps, enhancing system flexibility and transparency while reducing
data requirements. Yet most of these frameworks still reduce grasping
to 2D picking points or simple grasping strategies [25,26], even though
industrial parts are typically irregular and require geometry-aware 3D
grasping [21] in SME production. Furthermore, many such systems use
different models for perception and planning and rely on multi-camera
or multi-view setups for object reconstruction, which increases system
complexity and integration effort.

Building on this momentum, we propose VL-GRiP3, a hierarchical
VLM-enabled pipeline with geometry-aware 3D grasping that closes
the loop from natural language intent to reliable execution in semi-
structured environments. An overview of the workflow is shown in Fig.
1, where the perception-to-action core is implemented with a single
VLM backbone serving three roles: a VLM segmentor extracts the object
identity, a VLM detector determines the target location, and a VLM
action planner generates a feasible action sequence. Moreover, point
cloud registration with CAD models of the objects is leveraged to re-
solve occlusions from a single RGB-D view, enabling fast, low-overhead
deployment without multi-camera/view setups while maintaining per-
ception accuracy, which aligns with SME deployment scenarios where
hardware and integration resources are limited but engineered parts
are typically accompanied by CAD models. In addition, a 3D grasp
pose planner is integrated into this modular pipeline, enabling complex
grasping with explicit consideration of object geometry. The pipeline
then merges all outputs to translate the user command into executable
robot scripts for task completion. Our main contributions are:

(1) Hierarchical VLM-enabled pipeline. We introduce VL-GRiP3,

a hierarchical VLM-enabled pipeline that closes the loop be-
tween language understanding, extended perception, and action

Robotics and Computer-Integrated Manufacturing 100 (2026) 103244

planning, tightly linking natural language intent to feasible,
geometry-aware robotic grasping in semi-structured environ-
ments.

(2) Point cloud augmentation with 3D grasping pose planning.
The segmented partial point cloud is aligned with a CAD model
via 3D registration, recovering missing object features. Com-
bined with an M2T2-based grasp pose predictor, the completed
object representation enables accurate grasp planning in dense,
unstructured environments while reducing the need for multi-
camera or multi-view setups.

(3) SME-oriented deployment. VL-GRiP3 is deployed on a UR3e
robotic cell equipped with a single RGB-D camera and tested on
irregular industrial objects from SMEs. Experiments demonstrate
94.67% grasp-and-place success over 150 randomized trials, and
comparisons with end-to-end baselines further show that the
proposed CAD-augmented, geometry-aware grasping improves
grasp robustness to uncertainty while reducing integration over-
head, supporting its suitability for SME deployment.

The rest of the paper is organized as follows: Section 2 presents the
state-of-the-art related to this work; Section 3 illustrates the pipeline
we proposed in detail; Section 4 shows the setup of the experiments
and collection of data for training; Section 5 presents the evaluations
of key function modules and also overall performance of the pipeline;
and Section 6 summarizes the work with an outlook for future.

2. Relevant works

2.1. Autonomous robotic grasping

Traditional autonomous grasping has evolved through several re-
search phases but remains highly dependent on specific object types
and demands considerable engineering effort. It typically follows a
pipeline of sensing, localization, approach, and grasp execution. In
semi-structured or cluttered environments, camera systems play a cru-
cial role in perceiving the robot’s workspace, and both intrinsic and ex-
trinsic sensor calibrations are essential to ensure accurate object local-
ization [12,27]. Early analytic planners searched for force or wrench-
closure contacts on precise CAD meshes, guaranteeing stability but
assuming idealized models and precise calibration [28]. The advent
of stereo vision and depth cameras shifted the field toward modular
perception pipelines that chain object detection, 6-DoF pose estima-
tion, grasp sampling, and grasp scoring, each stage requiring retuning
whenever the sensor, gripper, or target object changes [6,29]. Su-
pervised learning reduced hand-designed features but not the data
burden: depth-image classifiers such as GQ-CNN [9] and pixel-wise
GG-CNN [30], along with full 6-DoF detectors like GraspNet [31,
32], predict grasp success directly from sensor data yet still require
large synthetic or real datasets and lose accuracy on novel shapes.
Reinforcement-learning policies such as QT-Opt, trained on over 580
k real-world trials, discover closed-loop corrective behaviors but at the
cost of massive data collection and infrastructure, making them difficult
to replicate [11]. In summary, conventional grasping pipelines remain
tightly coupled to part geometries, sensor calibrations, and workspace
layouts; even minor changes to the object catalog or task configuration
typically require extensive expert re-engineering. Even though modern
robotic grasping systems are becoming increasingly sophisticated and
capable, they still rely primarily on machine-level instructions. As a
result, human commands must be translated into executable programs
by experts [7]. A new paradigm, where the grasping pipeline can
understand natural language, offers significant potential for improving
human-robot collaboration and simplifying deployment.
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2.2. Visual-Language Model

Visual Language Models (VLMs) are multimodal deep learning ar-
chitectures designed to integrate visual and textual data, enabling
tasks that involve the simultaneous interpretation of images or videos
and natural language descriptions. These models often combine a vi-
sion backbone for feature extraction with a language model based on
the Transformer architecture [33], which has been widely adopted
in natural language processing through models such as BERT [34].
By pretraining on large-scale image—text pairs, VLMs learn aligned
representations that capture semantic correspondences between visual
content and linguistic expressions [35]. This shared vision-language
understanding underlies various applications: image captioning, which
involves generating coherent textual descriptions of an image [36];
visual question answering (VQA), where a system provides answers
grounded in image content [37]; and cross-modal retrieval, which
retrieves relevant images based on textual queries or vice versa [38].
Some VLMs also demonstrate few-shot or zero-shot learning capabili-
ties, adapting efficiently to new tasks or domains with minimal labeled
data [35]. Although challenges persist such as data scarcity, domain
adaptation, and interpretability. Ongoing innovations in model design
and training strategies continue to broaden the capabilities of VLMs in
diverse application settings.

2.3. Vision-language model for object perception and robotic manipulation

One fundamental task for VLMs is visual question answering. Build-
ing on this, they have been extended to applications such as object
detection and segmentation, where bounding boxes and masks are
returned as textual output based on a user prompt and visual in-
put [19,39]. In perception, they are used to localize objects and answer
attribute-level queries (e.g., material, fragility) directly from single RGB
views, giving planners access to high-level semantics alongside spatial
coordinates [40]. VLM outputs can then be refined through segmen-
tation and tracking modules to obtain accurate 3-D object representa-
tions that anchor subsequent reasoning in metric space [41]. Because
VLMs provide visual reasoning through natural language, they have
become central to embodied-Al pipelines, where they are integrated
into physical robots to enhance intuitive human-robot collaboration
and increase autonomy. These perceptual and reasoning capabilities
are increasingly fused with policy generation to form vision-language-
action models (VLAs). In such models, a language component con-
sumes detections or attribute descriptions from a VLM and emits either
executable robot code or motion objectives, allowing the system to
assemble manipulation behaviors such as grasp-and-place sequences or
trajectory plans [42,43]. Broadly, current approaches for connecting
VLMs to robotic actions fall into two paradigms: end-to-end VLAs
and framework-based architectures [20]. End-to-end VLAs integrate
a low-level action layer, typically a diffusion-based policy as demon-
strated by CogACT [44] and #_0 [45], which directly converts VLM-
conditioned outputs into robot motions in action space. In contrast,
framework-based approaches decouple high-level perception and task
planning from low-level robotic control: the VLM primarily acts as
an action planner, as in Instruct2Act [25] and Dexbotic [46], while
conventional controllers execute the resulting commands, thereby clos-
ing the perception-action loop within a unified, language-conditioned
framework.

However, bottlenecks still exist. For end-to-end VLAs, although
they provide a unified paradigm for robotic control, they essentially
function as black boxes and are primarily trained by imitation learn-
ing from demonstration data [23]. As a result, their outputs are of-
ten hard to trust, since they do not explain the rationale behind
actions and offer limited mechanisms for failure detection or recov-
ery [47], which is unacceptable in industrial settings. Current research
hot spots, such as slow—fast multi-timescale reasoning and safety-aware
self-correction [47,48], partially address these issues but significantly

Robotics and Computer-Integrated Manufacturing 100 (2026) 103244

increase system complexity. Moreover, their generalization to unseen
scenarios depends on large amounts of demonstration data; for in-
stance, the RT series [49-51] are fine-tuned with nearly 130k demon-
strations, which creates substantial barriers in terms of data collection,
data screening, multi-camera setup, and computational cost that are
unaffordable for SMEs.

In contrast, framework-based VLAs are more interpretable and con-
trollable because they decompose language understanding, object per-
ception, and action planning into modular steps, allowing individual
parts of the pipeline to be debugged and adapted independently [20,
46]. In manufacturing environments with a limited set of objects,
pretrained VLMs in such frameworks can be further fine-tuned for
perception and task planning, making it easier to retarget the system
to new parts and specialized behaviors. However, most existing VLAs
leave grasp execution to simple grasping strategies [25,26], whereas
realistic manufacturing scenarios often involve complex object geome-
tries that require geometry-aware 3D grasping [21], which typically
relies on multi-camera or multi-view setups for accurate reconstruc-
tion and demands substantial engineering and hardware overhead.
Consequently, developing and deploying framework-based VLAs that
support precise, geometry-aware 3D grasping in specific manufacturing
environments still requires considerable engineering effort.

3. VL-GRiP3: a VLM-based 3D grasping pipeline

We therefore present VL-GRiP3, a modular pipeline that enables
a robot to follow free-form language instructions such as “move the
red cup into the blue target.” It combines a compact vision-language
model, PaliGemma [39], with a point cloud registration module, Preda-
tor [52] and grasp planner M2T2 [53]. A single compact VLM serves as
perception-to-action core, unifying scene understanding, pixel-accurate
segmentation, and the generation of a high-level action script, which is
executed through a basic library of low-level robot actions.

3.1. Architecture of the pipeline

Fig. 2 illustrates the data flow through the main modules. User
commands arrive either as keyboard input or as speech, which an
integrated automatic-speech-recognition (ASR) module based on Ope-
nAl Whisper [54] converts to text. The text command then moves
through three stages: (i) identifying the target region, (ii) segmenting
the object to grasp and manipulate, and (iii) generating the action plan.
To maximize accuracy, we employ a VLM architecture operating in
three specialized roles: a detector, fine-tuned for target detection; a
segmentor, fine-tuned for object segmentation; and an action planner,
fine-tuned for generating action plans from prompts. During inference,
the same backbone is invoked first in its detector and segmentor roles
for perception, and then in its action role to produce the structured task
sequence.

The selected model returns location tokens, segmentation masks,
and action sequences in text form. From these tokens we recover 2D
object masks, extract depth to estimate 3D poses, and construct a partial
point cloud. To overcome occlusions, the point cloud is aligned with a
CAD model. This completed shape is passed to M2T2, which predicts
suitable grasp and placement poses. Finally, the chosen action script
and poses are combined and executed.

3.2. VLM for object segmentation and action planning

PaliGemma processes an RGB image and a textual prompt as a single
autoregressive token sequence [19]. A SigLIP-So400 M vision encoder
yields 256 visual tokens that are linearly projected into the embedding
space of a 2b-parameter Gemma [55] decoder-only Transformer. Under
prefix-LM masking, the decoder attends bidirectionally to the prompt
and visual tokens and then auto-regressively produces the response. Its
output include:
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Fig. 2. VL-GRiP3 architecture: natural language command is typed or transcribed and parsed into three prompts for the VLM. The segmented object mask is used
to extract the partial point cloud, which is then augmented with the CAD model via registration. 3D grasp poses are predicted from the augmented point cloud,
and the target location and grasp pose are finally assembled into planned robot actions for precise object manipulation.

+ Location tokens: ({/0c0000) ... (loc1023)), four consecutive tokens

encode the normalized bounding-box coordinates (Xin»YminsXmaxsYmax)-

Segmentation tokens:({seg000)...(segl127)), a 128 entry vector-
quantized code book representing binary masks; typical objects
are described by 20-40 tokens at 224px.

Robotic action sequences: an ordered list of manipulation prim-
itives (e.g., connect; approach; grasp) that the decoder gener-
ates because the model has been explicitly trained to output
executable robot action sequences based on the format prompt.

The four location tokens are converted to pixel coordinates by linearly
scaling their integer values (0-1023) to the image width or height.
The segmentation tokens are decoded by a lightweight VQ-VAE to
reconstruct a full resolution binary mask. Combining this mask with
the depth image yields a partial three dimensional point cloud of
the object; whereas the centroid of the destination bounding box,
augmented with its median depth, defines the target pose in the camera
frame. After converting both location and segmentation tokens to their
corresponding pixel representations, the bounding-box outline and the
binary mask in green are overlaid on the RGB image to verify correct
target localization and object selection as illustrated in Fig. 3a.

3.3. Point cloud augmentation and grasping pose generation

A single RGB-D view invariably suffers from self-occlusion, leaving
the rear surfaces of the object unobserved. To obtain a complete
representation, the live point cloud is fused with the corresponding
CAD model by means of OverlapPredator [52], which delivers both the
putative correspondences and a closed-form estimate of the rigid pose
in a single pass. This assumes CAD availability for target parts, which
is common in SMEs producing engineered components, and allows us
to avoid multi-camera calibration or heavy lighting control while still
recovering complete geometry from a single view.

After the forward pass each point x; is endowed with a 32-D
descriptor f; and two confidence scores: an overlap probability o; € [0, 1]
and a matchability probability m; € [0, 1]. Their product (1)

i m; @

quantifies how likely the point belongs to the truly overlapping region
and can be matched reliably. The K points with the highest w; in each
cloud are retained, mutual nearest-neighbor matches are established
in descriptor space, and every correspondence (p;,q;) is assigned the

w;

l=0

(b)

Reference
point cloud

Raw point}
cloud

Fig. 3. Perception, augmentation, and grasping pose prediction: (a) Detected
target bounding box and segmented object mask, (b) Raw and reference point
cloud, (c) Augmented object point cloud, and (d) Predicted grasping poses with
augmented point cloud.

weight w;, = w, w, . The rigid pose is recovered in one shot by solving
the weighted Umeyama/Kabsch problem (2)

LS 2
ReSCI)I(l.’})r,lte]R3 IZ{ Wi HRpk - qk” ’ @
whose closed-form solution is obtained with a single weighted SVD of
the covariance matrix. Finally, the optimized transform (R, ) is applied
to the CAD cloud and the result is merged with the live scene points,
producing a dense point set that reveals the object’s hidden surfaces
(Fig. 30).

A PointNet++ encoder produces multi-scale features that a masked-
transformer contact decoder turns into per-point contact masks; a sub-
sequent action-decoder MLP then regresses the gripper parameters (ap-
proach direction, contact direction, finger width) required to form
6-DoF grasp or placement poses. For our experiments, the public M2T2
implementation was adapted to ingest the unified, object-specific point
clouds produced by the segmentation and registration stage, thereby
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bypassing any additional scene reconstruction inside the model. Each
predicted grasp token g¢; yields (3) an objectness probability:

0; = o(MLP;(q,)). @
and (4) a per-point contact probability:
Mpred,i(p) = O'(l],' . /’l(p)). 4

where h(p) is the PointNet++ feature at point p. The confidence of the
a grasp is defined as the maximum contact probability expressed as in

(5):
§; = mpax ]\lpred,i(p)7 (5)

so that s; € [0, 1] expresses how strongly the network believes a valid
contact lies on the object surface. At inference time we retain only grasp
candidates that satisfy (6):

0;>0.60 and s; > 0.60. (6

The top three poses that pass this test are ranked by s;, exported as a
JSON file, and visualized with gripper meshes in Fig. 3d, color-coded
from green (highest) to red (lowest within threshold). The highest-
ranked pose among them is serialized and passed to the Action Module,
which parameterizes the low-level approach-grasp skill and dispatches
it to the robot controller.

3.4. Robotic action library

The Action Module constitutes the final translation layer between
the symbolic description produced by PaliGemma and the concrete
joint level commands required by the robot controller. It receives two
inputs: first, the action token sequence emitted by the vision language
model for example connect; approach; grasp; gripper close; target(); grip-
per open; disconnect, and second, the geometric parameters computed
upstream, namely the six degree of freedom grasp pose and the target
position.

Internally, each action is matched to a low level primitive in the
robot application interface. Connection and disconnection manage-
ment, incremental tool motions, cartesian trajectories, and I/O oper-
ations are therefore invoked by simple string matching.

Upon reading the token <connect> opens a TCP channel to the
robot via RTDE. The token <approach> then moves the end effector
to a pre-grasp waypoint along the approach vector predicted by M2T2,
after which <grasp> directs a cartesian motion to the exact 6-DoF pose
provided in the JSON output. The command <gripper close> actuates
the jaws, <target()> use the placement pose extracted from the vision
language output and drives a straight-line motion to that location,
<gripper open> releases the object, while <disconnect> finally closes
the RTDE socket and ends the action sequence.

Each command is streamed to the controller only after the previous
one has been acknowledged, and any exception such as loss of con-
nection, joint limit violation, or force overload triggers an immediate
disconnect to close the communication with the robot. Because the in-
terpreter is table driven, extending the vocabulary to new action token
or alternative robot back ends requires no changes to the sequencing
logic. In this way the Action Module completes the perception to
action loop: a single natural language instruction is converted, through
PaliGemma and M2T2, into a sequence of verified joint motions that
grasp and manipulate real objects in the workspace.

4. Dataset construction

This section details the data collection and annotation pipeline that
supports the two learning tasks in our framework. We begin by describ-
ing the robotic setup used to acquire the RGB-D scenes, then present
the object-centric dataset for detection and segmentation, and finally
introduce the command-centric dataset for training the PaliGemma
model that generates robotic action sequences token.
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Fig. 4. Experimental setup for data collection and demonstration.

4.1. Robotic system setup

The experimental setup is shown in Fig. 4, consists of a 6-DoF UR3
robotic arm and a two-finger Robotiq parallel gripper used for grasp-
ing and manipulation tasks. An Intel RealSense D435 camera, rigidly
mounted on a tripod beside the workspace, captures synchronized RGB-
D frames of the scene. A desktop PC workstation equipped with an
NVIDIA RTX 4090 GPU (24 GB VRAM) controls all hardware com-
ponents and executes the complete VL-GRiP3 pipeline. The RealSense
camera connects directly to the PC via USB, while the UR3 controller
communicates with the host over TCP using the ur-rtde interface; the
gripper closing force is fixed at 20N to be able to handle also fragile
object. All experimental scripts are written in Python. VL-GRiP3 is
implemented using PyTorch and the Transformers library. The vision-
language model uses the paligemma-3b-pt-448 checkpoint, which is
fine-tuned on the same workstation to optimize performance for object
detection, segmentation, and action-sequence generation.

4.2. Dataset for object detection and segmentation

The dataset consists in RGB images at 640 x 480 resolution acquired
using an Intel RealSense camera. These images depict three distinct
object tacl, tac2, and tac3 corresponding to real industrial compo-
nents supplied by a local small and medium-sized enterprise (SME).
The parts were selected to span different geometric characteristics:
the symmetrical piece stresses the CAD-based registration stage, while
the asymmetrical ones challenge grasp planning and execution. To-
gether, they provide a representative evaluation for SME manufactured
components.

Each image is manually annotated with a pixel-level segmentation
mask and an object class bounding box. Annotations are provided
in the PaliGemma format [19], which encodes discrete location and
segmentation tokens followed by the object label. A typical annotation
sequence is:

€<10c0172><10c0666><10c0775><1oc0981>
<seg026><seg009><segl06><seg017><seg052>. . . tacl>’

To minimize overfitting and ensure robust model generalization, the
selected objects exhibit minimal rotational symmetry, and the images
were captured from a wide range of viewpoints. The dataset is split into
a validation set of 35 images and a training set comprising 248 images.
The training set was generated by applying common data augmentation
techniques such as horizontal flipping and in plane rotations to the
remaining original samples. This annotated and augmented dataset un-
derpins the training and validation of the PaliGemma perception model,
which is dedicated to target-region detection and object segmentation.
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Fig. 5. Comparison of object segmentation performance: (a) Confusion matrix
and (b) intersection over union (PaliGemma in yellow numbers, YOLOV8 in
black numbers).

4.3. Dataset for robotic actions

It comprises 306 annotated samples, partitioned into 231 instances
for training and 75 for validation. This dataset is used to train
PaliGemma for generating robotic action sequence tokens in response
to natural-language commands. Since PaliGemma is a vision-language
model, each annotation must reference an image. In our case, each
command is paired with the RGB frame captured at the beginning of
the task to provide the necessary visual context and ensure format
compatibility

Each sample is stored as a JSON record within a single file, speci-
fying (i) the input image, (ii) a natural-language prompt (prefix), and
(iii) an ordered list of low-level skills (suffix). A typical entry is:

"image": "scene. jpg", "prefix": 'move to the red target",
"suffix":"connect; approach; grasp; gripper

close;...target(red); disconnect'"’

The prefix expresses the high-level intention, while the suffix enu-
merates the primitive actions token required to execute it.

5. Experimental evaluation of VL-GRiP3
5.1. Object segmentation evaluation

To assess our perception module, we compared PaliGemma with
YOLOvV8n [56] on a held-out validation set. Accurate segmentation
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Fig. 6. Training and validation performance: (a) example dataset used for fine-
tuning Predator, and (b) Recall of the training and validation.

is essential for grasp planning, as it preserves the object’s geometry
for registration. Both models were fine-tuned on the same dataset,
with results shown in Fig. 5. YOLOv8n achieved a recall of 91.3%
across the three tissue classes, slightly higher than PaliGemma’s 89.0%.
However, PaliGemma reached a mean IoU of 88.9% versus 84.8%
for YOLOvV8n, a gain of 4.1 percentage points. This higher IoU yields
cleaner segmentation masks, reducing irrelevant regions and producing
denser, more precise point clouds, which directly improve CAD-based
registration and subsequent grasp planning.

5.2. Evaluation of point cloud registration with predator

To fine-tune the registration module, we built a compact dataset
using a single static RGB-D camera. Each of the three industrial parts
(tacl-tac3) was rotated during acquisition, producing depth frames un-
der different occlusions and lighting. This setup introduces variability
in viewpoint, shadowing, and density, enabling the network to learn
correspondences that remain reliable under realistic factory conditions.
Fig. 6a shows the CAD models (tacl-3) alongside representative partial
captures provided to Predator during fine-tuning.

Performance is measured with two recall metrics. Saliency recall
evaluates how well the model identifies keypoints likely to form useful
correspondences between partial and CAD clouds. Overlap recall quan-
tifies the ability to predict regions that are simultaneously visible in
both clouds, which is crucial for robust registration. Fig. 6b reports
both metrics over 40 epochs: overlap recall increases from 0.55 to
0.80 on training and 0.72 on validation, plateauing after epoch 30;
saliency recall rises more moderately from 0.46 to 0.54. The near
coincident train/val curves confirm that the model captures general
correspondences without over-fitting to these specific parts. As a re-
sult, Predator supports reliable CAD registration from a single RGB-D
view, filling in occluded geometry and improving object surfaces for
downstream grasp planning.
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Fig. 7. The demonstration of grasping task for object from manufacturing, with command of "move tacl to green circle".

Table 1

Comparison of Exact-Match Accuracy (EM%)
Model EM%
PaliGemma-3B-mix-448 51.43
PaliGemma2-3B-mix-448 86.13

5.3. Robotic actions evaluation

To enable natural-language task planning, we fine-tune PaliGemma
to convert user prompts into executable robotic action sequences,
allowing the model to generate structured command lists without re-
lying on pre-defined templates or hand-written scripts. We fine-tuned
PaliGemma-3B-mix-448 on a dataset of robotic action sequences and
evaluated it on a 70-prompt validation set whose instructions were
unseen during training. Performance is reported as Exact-Match Accu-
racy (EM): the proportion of prompts for which the predicted action
sequence exactly matches the Ref. [39]. Under this protocol, the fine-
tuned PaliGemma-3B attains 51.43% EM. When we fine-tune and eval-
uate the newer PaliGemma 2-3B-mix-448 on the same data, EM rises to
86.13%, a gain of +34.7 percentage points as shown in Table 1. This
substantial improvement demonstrates that the updated architecture
transfers far more effectively to our manipulation domain, even with
identical fine-tuning data and training procedure. The resulting high
EM score indicates that the model consistently generates valid and
accurate robot programs aligned with the user’s intent. This enables
task execution directly from natural language, eliminating the need for
hard-coded routines.

5.4. VL-GRiP3 for manipulating real objects from manufacturing

The module-level evaluations of VL-GRiP3 confirm that each com-
ponent of the pipeline performs reliably. To assess overall performance,
we implement the full framework on the setup shown in Fig. 4. Three
irregularly shaped automotive components (tacl, tac2, and tac3) are
selected for grasping trials to test whether VL-GRiP3 can (i) correctly
ground diverse natural-language commands to visual targets, (ii) auto-
matically synthesize executable robot action scripts, and (iii) repeatedly

execute geometry-aware 3D grasps, such as moving objects from ran-
dom positions and orientations to designated locations or relocating
them by a specified distance along different directions.

The testing procedure of VL-GRiP3 for one grasping is illustrated in
Fig. 7. The whole process begin when a user issues a command, either
typed or spoken, to VL-GRiP3. Spoken commands are first transcribed
into text by an integrated Whisper module. For example, the user
might say "move tacl to green circle". Next, the global view camera
captures the RGB and depth images of the workspace. VL-GRiP3 then
interprets the text command as three dedicated prompts for the VLM:
segment the object to be grasped, detect the target location, and
plan the robotic actions required to fulfill the command. We refer to
these components as the VLM segmentor, detector, and action planner,
respectively. The VLM segmentor outputs an object mask from the RGB
image, from which we derive the partial point cloud via the depth
image. This partial cloud is aligned and merged with the full CAD-
derived point cloud using a fine-tuned Predator model to reconstruct
occluded surfaces from a single view. In semi-structured manufacturing
environments, where part geometries are typically known, this yields a
complete object model. If the full point cloud of the object is unknown,
an additional camera can be mounted on the robotic arm for active per-
ception, however, this is out of scope for this work and will be explored
in the future. Once the object’s complete point cloud is registered in the
workspace, the M2T2 module plans candidate grasp poses based on the
full geometry, and the one with the highest confidence is selected as the
grasping pose to be executed.

Simultaneously, the VLM detector locates the target specified in the
command and records its pose in the robot’s base frame for use by
the action script. The VLM action planner then generates a sequence
of fundamental robotic actions such as connect/disconnect, open/close
gripper, move, approach, etc., in text form. These actions feed into our
Robotic Action Library to assemble a fully executable script, into which
the grasp pose and target pose are also injected. The assembled script
drives the robot to complete the requested task. Although the action
planner could in principle generate low-level scripts directly, doing so
reliably would require extensive VLM pre-training and still introduces
syntactic uncertainties; we therefore defer low-level script generation
to future work.
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Table 2

Success rate for repetitive experiments with VL-GRiP3.
Commands Tacl Tac2 Tac3
Move < tac > to green circle 10/10 9/10 9/10
Place < tac > in red square 10/10 9/10 8/10
Locate < fac > on blue square 10/10 10/10 9/10
Shift < rac > in positive x by 0.08 10/10 10/10 9/10
Shift < rac > in negative y by 0.05 10/10 10/10 9/10

Although the evaluation tasks are formulated as grasp-and-place
operations, they are far from trivial. Each trial involves objects with
complex and asymmetric geometries, placed in random initial poses,
which require accurate 6D grasp pose prediction to ensure success.
Moreover, the system must jointly perform semantic understanding of
the natural language prompt, precise localization of both the object and
the target, and robust integration of perception and action generation.
We selected this setup because it directly demonstrates the strengths of
VL-GRiP3 in handling the full pipeline; from language comprehension
to reliable execution, under realistic manufacturing conditions where
object shapes and placements vary.

To evaluate the performance of VL-GRiP3 more rigorously, we
conducted repetitive experiments on all three objects with different
user commands via real grasping trials, and the success rates are
summarized in Table 2. For each command, we conducted 10 grasping
trials, placing the object in a random pose and varying the target
location across trials to test whether VL-GRiP3 could segment the
object, generate the grasping pose, and find the target correctly. From
the results, we found that all 50 grasping trials for tacl were successful,
particularly due to its simple shape, which allows the full point cloud to
be easily aligned with the partial point cloud captured by the camera.
However, for grasping trials with tac2 and tac3, we did experience
some failures during grasping. The reason is that the generated grasping
pose was not good enough to ensure a firm grip, and the objects fell
from the gripper. The key to a better grasping pose is a more accurate
object point cloud. Since we only took one image of the workspace
from a fixed perspective, and the camera was also affected by lighting
conditions, it became more difficult to obtain high-quality point clouds
for more complex objects. Even so, we found only 2 and 6 failures for
tac2 and tac3 over 50 grasping trials, respectively. The success rates
were 96% and 88%, respectively, and the overall success rate for all
150 grasping trials was 94.67%, which demonstrates the reliability and
robustness of VL-GRiP3.

5.5. Comparative evaluation with Pi0 and Pi05

To address the need for stronger baselines, we conducted additional
experiments comparing our VL-GRiP3 modular pipeline with two state
of the art vision-language-action (VLA) foundation models from the
Pi family: Pi0 and Pi05. Both models are open-source, pretrained on
large-scale multi-robot demonstration datasets and designed to be fine-
tuned on new robots and tasks using paired demonstrations [57].
Pi0 represents the lightweight baseline of the Pi family, while Pi05
is a larger variant with extended multimodal training for improved
generalization. Architecturally, both operate in an end-to-end manner:
given an RGB input and a natural language prompt, they jointly encode
vision and language into a shared latent space and autoregressively
decode low-level robot actions in the form of joint velocities and
gripper commands. At each timestep, the predicted action is executed,
the new state is observed, and the loop continues until task completion.
This design allows them to generalize across robots and tasks but
provides no modular separation between perception, grasp detection,
and action generation. In practice, the internal decision-making process
is not observable or adjustable, which makes adaptation and debugging
challenging.
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Table 3
Comparison of grasping and placing performance across orientations. Values
are reported as failure-success (F-S) counts over 5 trials.

Orientation Pi0 Pi05 VL-GRiP3

Grasp Place Grasp Place Grasp Place
0° 1-4 4-0 0-5 0-5 0-5 0-5
45 ° 1-4 2-2 1-4 0-4 0-5 0-5
90 ° 1-4 1-3 3-2 0-2 1-4 0-4

By contrast, VL-GRiP3 follows a modular architecture. Visual per-
ception is handled by a vision-language transformer and grasping is
explicitly solved by the M2T2 grasp prediction module. This separation
of concerns makes the system more interpretable, as each stage can
be individually monitored and fine-tuned. We designed a controlled
evaluation to compare our VL-GRiP3 modular pipeline with the Pi
architecture (Pi0 and Pi05 variants) on the same manipulation task.
The prompt was “place tac2 in the red square”, where tac2 is an in-
dustrial component with asymmetrical geometry. To test robustness to
object pose, tac2 was presented in three orientations: 0°, 45°, and 90°,
while the target square was randomly positioned within the workspace.
For each orientation, we conducted five randomized trials per model,
yielding a total of 45 test episodes across Pi0, Pi05 and VL-GRiP3. For
Pi0 and Pi05, we fine-tuned the models on 110 real demonstrations
collected in our environment. Each demonstration consisted of paired
RGB observations from both the external and wrist cameras, the corre-
sponding natural language instruction, and synchronized robot control
signals (joint velocities and gripper state). This format follows the
requirements of the Pi architecture, which learns end-to-end mappings
from multimodal inputs to low-level robot actions.

Table 3 summarizes the comparative evaluation of Pi0, Pi05, and
our VL-GRiP3 system on the industrial pick-and-place task. As ex-
pected, PiO5 consistently outperformed PiO, confirming the improved
robustness of the x5 variant, which benefits from pretraining on the
DROID dataset [58] and employs knowledge insulation for stronger
language grounding. Nevertheless, both Pi0 and Pi05 showed notable
limitations in grasping performance when the orientation of the tac2
object was varied. In particular, their action policies often mispredicted
grasp points at 45° and 90°, leading to failed executions despite correct
placement of targets. VL-GRiP3 achieved almost flawless grasping and
placing across all orientations. This improvement is largely due to the
use of the M2T2 grasp prediction module, which provided accurate
grasp points without requiring additional fine-tuning. The discrepancy
highlights a key architectural difference: while Pi0 and PiO5 are end-
to-end black-box models, mapping directly from multimodal input to
actions, VL-GRiP3 is modular, separating perception, grasp detection,
and action execution. This separation allows individual modules to be
fine-tuned and debugged in isolation, making the system more transpar-
ent and adaptable. Another critical factor is data efficiency. Although
we fine-tuned Pi0 and PiO5 on 110 demonstrations collected in our
environment, this amount of data proved insufficient to achieve reliable
generalization across object orientations. Collecting such demonstra-
tions is also costly and time consuming, which limits the practical
usability of end-to-end approaches in SMEs where production tasks
change frequently. In comparison, VL-GRiP3 achieved superior perfor-
mance with a much smaller dataset, as only the perception module
required adaptation. This modularity is therefore not only advanta-
geous for interpretability but also for reducing the data and time burden
associated with training, making it more suitable for deployment in
dynamic industrial settings.

6. Discussion and conclusion

In this paper, we presented VL-GRiP3, a hierarchical VLM-enabled
pipeline that closes the loop between language understanding, extended
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perception, and action planning, tightly linking natural language intent
to feasible, geometry-aware 3D grasping in semi-structured environ-
ments. A single VLM backbone performs three roles: target detec-
tor, object segmentor, and robotic action planner, while segmented
partial point clouds are aligned with CAD models via 3D registra-
tion and passed to an M2T2-based 3D grasp pose planner. This CAD-
augmented representation recovers missing object geometry from a sin-
gle RGB-D view, enabling accurate 3D grasping without multi-camera
or multi-view setups.

Module-level experiments support these design choices. After fine-
tuning on the image dataset, the perception VLM attains 88.9% mean
IoU, surpassing a comparably trained YOLOvV8 by 4.1%. The Predator-
based registration module restores hidden geometry with 0.72 over-
lap recall on unseen objects, enabling precise 6-DoF pose recovery.
On the command dataset, the upgraded PaliGemma2 reaches 86.13%
exact-match accuracy, demonstrating robust performance in convert-
ing natural-language prompts into executable skill sequences, even
for unseen instructions. Although unseen parts may require limited
retraining of a specific module, only the affected component is updated,
avoiding full-pipeline retraining and preserving flexibility in high-mix
manufacturing settings.

When deployed on a UR3e robotic cell with a single RGB-D cam-
era and heterogeneous industrial components, VL-GRiP3 achieves a
94.67% grasp-and-place success rate over 150 trials, without task-
specific coding or manual motion tuning. The pipeline transforms
natural-language instructions into deployable robot programs, com-
pletes partially occluded views through CAD-guided registration, and
confines any adaptation to the modules affected by a new part or
task. In comparative evaluations against state-of-the-art end-to-end VLA
approaches, which pursue broad generalization but require large-scale
datasets, substantial computational resources, and often exhibit higher
variability in action generation, VL-GRiP3’s modular framework with
3D grasp prediction delivers more reliable and deterministic behavior,
and is easier to inspect and debug, making it better aligned with SME
requirements for repeatability, traceability, and transparency.

Future work will build on VL-GRiP3’s current ability to grasp and
manipulate arbitrary components. The next step is to move beyond
generic grasping and toward object-specific manipulation, where grasp
poses and strategies are selected based on the geometry and functional
role of the object. This direction would enable more semantically in-
formed and task-aware manipulation, bridging the gap between percep-
tion, reasoning, and purposeful interaction in manufacturing settings.
In parallel, we envision leveraging VL-GRiP3’s modular pipeline to
automatically curate paired datasets of visual observations and cor-
responding robot programs. These image-script pairs could support
training a vision language action model for direct robot program gen-
eration, offering a scalable path toward more general and autonomous
robotic skill acquisition.
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