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Figure 1. Overview of the RealVLG-R1 deployment for real-world Visual-Language Grasping tasks. RealVLG-R1 produces multi-
granularity visual–language outputs, which can be leveraged in two complementary grasping strategies: (a) coarse-grained, object-centric
grasping, where segmentation masks or bounding boxes are projected into 3D point clouds to generate 6-DoF grasp poses via a 3D grasping
module; (b) fine-grained, part-level grasping, where 2D grasp predictions are directly transformed into executable 6-DoF poses using depth
and camera parameters, enabling semantically precise manipulation. This design supports hierarchical control from global geometry to
detailed semantic structures.

1. Real-world Visual-Language Grasping

As illustrated in Fig. 1, this section describes how the multi-
granularity visual–language understanding capabilities of
RealVLG-R1 are deployed in real-world Visual-Language
Grasping tasks. To address different robotic application re-
quirements, we design two complementary grasping strate-
gies: a coarse-grained, object-centric approach and a fine-
grained, part-level approach, enabling hierarchical control
from global geometry to detailed semantic structures.

Coarse-Grained Grasping (Object-Level). In the
coarse-grained strategy, RealVLG-R1 outputs object
bounding boxes (Bbox) or segmentation masks (Seg.),
which are used to generate a binary mask M. The cor-
responding depth region is first extracted from the sensor
depth D:

Dobj = D⊗M, (1)

and then projected into 3D space using the camera intrinsic
and extrinsic parameters :

P̂obj = π−1(Dobj,K, T ), (2)

where π−1(·) denotes the standard depth-to-point-cloud
back-projection operation. The resulting object point cloud
P̂obj is subsequently input to a 3D grasping model such as
GraspNet [2] to generate multiple candidate 6-DoF grasp
poses. A grasp planner then selects the optimal pose, which
is executed by the robotic manipulator. This pipeline estab-
lishes a staged process of “2D visual–language localization
→ point cloud reconstruction → 6-DoF grasp generation,”
demonstrating stability in conventional object grasping sce-
narios. However, grasp quality is constrained by depth noise
and occlusions, and the generated grasp poses typically lack
fine-grained control over specific semantic parts.

Fine-Grained Grasping (Part-Level). In the fine-
grained strategy, RealVLG-R1 directly predicts 2D grasp
priors on the image plane, including rectangular grasp poses
or grasp contact points. To convert these 2D predictions into
executable 6-DoF poses, each pixel (u, v) is first projected
into the camera coordinate system using the corresponding
sensor depth value d and camera intrinsics K:

pc = d ·K−1
[
u v 1

]⊤
(3)



For a predicted grasp rectangle B = {(ui, vi)}4i=1, the four
corner points are projected to obtain {p(i)

c }4i=1, from which
the grasp direction and normal vector are computed to de-
fine a local grasp coordinate frame Rc and center position
tc. Finally, the local grasp pose is transformed into the
robot coordinate system using the camera-to-robot extrin-
sics [Rrob

cam|trobcam]:

trob = Rrob
camtc + trobcam, Rrob = Rrob

camRc. (4)

This procedure establishes a direct mapping from 2D model
predictions to executable 6-DoF grasp poses, enabling se-
mantically precise part-level grasping, such as “grasping
the handle of a cup”, while maintaining both grasping ef-
ficiency and semantic consistency.

Overall, the two strategies offer complementary advan-
tages: coarse-grained grasping provides a stable and gen-
eralizable approach with clear staged execution but limited
semantic specificity, whereas fine-grained grasping enables
semantically aligned, part-level manipulation but imposes
higher requirements on geometric accuracy and depth esti-
mation. In future work, we aim to extend RealVLG-R1 to
full 3D Visual-Language Grounding and Grasping, allow-
ing the system to generate geometrically accurate and se-
mantically consistent executable grasp poses directly in 3D
space, thereby enabling more robust and precise language-
driven robotic manipulation.

2. Details of RealVLG

2.1. Details of RealVLG-11B Dataset

In Fig. 2 of the main text, the Object Meta Description
and Localization Description of each object are defined by
Prompt 2.1 and Prompt 2.2, respectively, and are fed into
GPT-4o [4] to generate diverse yet semantically consistent
linguistic descriptions. The Detection Prompt (Prompt 2.3)
is subsequently input to Qwen-VL-Max [1] to predict the
bounding boxes of the target objects, thereby achieving
structured alignment between linguistic and visual modal-
ities. Furthermore, as illustrated in Fig. 2, the human verifi-
cation phase involves annotators reviewing and refining the
automatically generated results via the Human-Verification
System, ensuring both accuracy and consistency of the an-
notations. The entire annotation process was collabora-
tively conducted by three annotators over a period of ap-
proximately five months, ultimately yielding a high-quality,
multi-granularity vision-language annotation dataset.

Prompt 2.1: Object Metadata Description Prompt
Look at the provided images of the object
"obj name" and write a concise English de-
scription, including its color, shape, and category.
Begin the sentence with "A" or "An", avoid using
any verbs (e.g., do not use “is”, “has”, etc.), and keep
the description no longer than 10 words.

Prompt 2.2: Location Description Prompt
Analyze the following image and provide a concise de-
scription for each object listed in the object annota-
tions. Object Annotations (use as reference only, focus
on visible objects): {obj ann str}.
Guidelines:
1. Treat the object annotations only as reference. If the
object is not clearly visible in the image, write "Not
visible".
2. Focus on the object’s color, shape, size, and spatial
relationships with other visible objects.
3. Do not invent or describe objects that are not present
in the image.
4. Return your output strictly as a JSON array. Each
element must follow this format: {"ObjectID":
"<id>", "Description": "<short
description>"}

Prompt 2.3: Detection Prompt
You are given an image and a list of object descriptions.
For each object, locate it in the image and return the
result as a JSON array with the following structure:

[
{
"object_id":

"<original_object_id>",
"bbox_2d":

[x_min, y_min, x_max, y_max],
"label":

"<2-5 words>"
},
...

]



Figure 2. Human-Verification System. This application provides an interactive interface for human-in-the-loop verification, allowing
users to review, correct, and confirm automatically generated visual-language annotations. It serves as a crucial component for ensuring
the quality and reliability of RealVLG-11B dataset annotations.

Prompt 2.4: Bbox/Seg Task Prompt
Predict the bounding box of the referred object in
the image based on the instruction: "{{ content
| trim }}". First, output the thinking process in
<think> </think> tags, then output the final an-
swer in <answer> </answer> tags. Follow the
format:

<think> thinking process
</think>
<answer>(x min,y min),
(x max,y max)</answer>

Prompt 2.5: Grasp Task Prompt
Predict a stable 2D rectangular grasp pose for the tar-
get object based on the instruction: "{{ content
| trim }}". First, output your reasoning process
in <think> </think> tags, then output the final
grasp pose in <answer> </answer> tags. Follow
the format:

<think> thinking process
</think>
<answer>(x, y, theta,
width)</answer>



Prompt 2.6: Contact Task Prompt
Predict one stable two-finger grasp contact pair (two
2D coordinates) for the target object described in the in-
struction: "{{ content | trim }}". First, out-
put the thinking process in <think> </think>
tags, then output the final answer in <answer>
</answer> tags. Follow the format:

<think> thinking process
</think>
<answer>(x1,y1),(x2,y2)</answer>

2.2. Details of RealVLG-R1
Task Prompt. In Fig. 3 of the main text , the prompts for
the Bbox and Segmentation tasks are defined in Prompt 2.4 ,
while the Grasp task and Contact task are defined in Prompt
2.5 and Prompt 2.6, respectively.

Verifiable Rewards. Each reward consists of two com-
ponents: a format reward RFormat and a task reward RTask.
The format reward is obtained through regular expression
matching, assigning RFormat = 1 if the model output strictly
follows the predefined format and RFormat = 0 otherwise.
The task reward is computed based on task-specific evalu-
ation metrics and normalized to the range [0, 1]. The final
composite reward is computed as a weighted sum:

R(q, o) = αRFormat + βRTask, (5)

where α = 0.1 and β = 0.9 balance structural validity and
task-level accuracy.

3. Further Experiments
3.1. Qualitative Comparison of Data Quality
As illustrated in Fig. 3, we compare RealVLG-11B with
the Grasp-Anything family of datasets in terms of im-
age fidelity, linguistic specificity, and the reliability of
grasp annotations. The language instructions in Grasp-
Anything [7] primarily describe object categories, while
Grasp-Anything++ [6] introduces limited part-level cues
but remains restricted to highly templated and semantically
simplistic expressions. Moreover, both datasets rely on
diffusion-generated images with relatively low resolution
(416×416), which exhibit noticeable artifacts and distor-
tions, particularly in complex geometric structures and fine-
grained textures. Their textual descriptions also show weak
alignment with visual content, failing to consistently corre-
spond to specific object instances in the scene.

In terms of grasp supervision, the Grasp-Anything
datasets depend on RAGT-3/3 to synthesize grasp poses,
which results in high-noise, low-precision annotations that
lack semantic coherence with the associated language in-
structions. Such limitations make it challenging to support
fine-grained visual–language–action learning.

In contrast, RealVLG-11B is constructed entirely from
high-resolution real-world images (1280×720), preserv-
ing authentic geometric details, texture richness, and envi-
ronmental variability, thereby enhancing both data realism
and downstream generalization. Its linguistic annotations
are produced by large vision–language models and sub-
sequently validated by human experts, enabling instance-
level grounding of objects and object parts and ensuring
high-quality image–language alignment. Meanwhile, the
grasp pose annotations in RealVLG-11B undergo standard-
ized processing, yielding higher physical executability and
stronger annotation accuracy. Overall, RealVLG-11B sub-
stantially surpasses the Grasp-Anything datasets in visual
quality, semantic granularity, and grasp annotation reliabil-
ity, providing a more robust foundation for training multi-
modal robotic agents capable of grounded perception and
stable manipulation in real-world environments.

3.2. Details of Baselines
For Gemini2.5-Flash, since the model can directly output
segmentation masks, the evaluation for detection and seg-
mentation tasks follows the prompt specified in its official
documentation1 (see Prompt 3.1).

Prompt 3.1: Gemini2.5-Flash Evaluation Prompt
Give the segmentation masks for the object: "{{
description }}" ”. Output a JSON list of seg-
mentation masks where each entry contains the 2D
bounding box in the key “box 2d”, the segmentation
mask in key “mask”, and the text label in the key “la-
bel”. Use descriptive labels.

For other tasks, all baseline models use the same task
prompt as RealVLG-R1.

3.3. Comparison of Optimization Strategies
Fig. 4 presents a comparative analysis of the training perfor-
mance of GRPO, GSPO, and SFT on the grasp contact point
prediction task, evaluated across 3B and 7B model scales.
Overall, both GRPO and GSPO substantially outperform
the SFT baseline by leveraging the Reward-Driven Learn-
ing with Verifiable Rewards (RLVR) paradigm, demonstrat-
ing its effectiveness in achieving precise visual ground-
ing and grasping. Both reinforcement learning methods
employ a group-wise advantage estimation strategy, which
contributes to their early performance gains.

When considering model scale and optimization strate-
gies, notable differences emerge. For the 3B models,
GRPO exhibits a slight advantage due to its token-level
importance weights, which provide finer-grained gradient

1https://ai.google.dev/gemini-api/docs/image-
understanding#python_5

https://ai.google.dev/gemini-api/docs/image-understanding#python_5
https://ai.google.dev/gemini-api/docs/image-understanding#python_5


Grasp-Anything

spoon remote kiwi pencil mug pepper toothbrush marker
Grasp-Anything++

Take hold of mug on its rim. Hold sunglasses at its eyewear. Lift knife by its blade. Lift mug by its rim. Lift scissors by its pivot. Take hold of mug on its rim. Fetch eggplant by its seeds. Fetch hairbrush by its grip.
RealVLG-11B (Ours)

A glossy green pear placed near an orange and black power drill. A white plastic bottle with a blue cap, positioned near the banana.. Gray and yellow scissors positioned near the red marker. A glossy yellow banana, positioned near the white bottle.

Figure 3. Qualitative Comparison of Data Quality. Unlike the diffusion-generated, low-resolution images and weakly aligned textual
and grasp annotations in Grasp-Anything datasets, RealVLG-11B provides high-resolution real-world imagery, instance-level language
grounding, and standardized, physically executable grasp labels, enabling more accurate and robust visual–language grasping.
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Figure 4. Training reward/accuracy curves for GRPO, GSPO,
and SFT on Contact tasks. Overall, GRPO and GSPO sig-
nificantly improve SFT through RLVR. GRPO achieves slightly
higher accuracy on 3B, while GSPO performs better on 7B and
exhibits more stable outputs across training steps.

updates. This granularity facilitates more focused opti-
mization in parameter-limited small models, resulting in
marginally higher peak accuracy. In contrast, for the 7B
models, GSPO outperforms GRPO by utilizing sequence-
level importance weights with length normalization. This
approach mitigates gradient variance over long sequences,
enabling smoother optimization and allowing larger models
to fully exploit their expressive capacity.

In terms of training stability, GSPO demonstrates

more consistent and stable convergence, whereas GRPO’s
token-level weighting can induce higher variance in long-
sequence tasks, leading to more oscillatory training behav-
ior. These findings confirm the efficacy of RLVR in en-
hancing grasp contact point prediction and highlight a sub-
tle trade-off between optimization granularity and model
scale: fine-grained token-level optimization is more suit-
able for small models aiming for peak performance, while
sequence-level optimization ensures robustness and conver-
gence quality for large models.

4. Evaluation on Real Robot
4.1. Implementation Details
To assess the open-world generalization capability of our
model in real-world environments, we conducted a series
of robotic manipulation experiments. As illustrated in Fig.
5, the evaluation was performed using a 7-DoF Franka Re-
search 3 manipulator equipped with an eye-in-hand Intel
RealSense D435i RGB-D camera. We designed a suite of
ten grasping tasks involving diverse household objects, in-
cluding Cup, Orange, Apple, Pear, Stapler, Blue bottle, Ba-
nana, Marker, Screwdriver, and Razor. Each task was exe-
cuted 10 times, and the average success rate was reported.

4.2. Experimental Settings
To comprehensively evaluate the generalization capability
of our proposed RealVLG-R1 model in real-world envi-
ronments, we designed experiments across two comple-



Method Cup Orange Pear Apple Banana Stapler BlueBottle Marker Screwdriver Razor Average
GraspNet [2] 10% 60% 70% 60% 30% 50% 40% 20% 30% 10% 38%
RealVLG-R1 (Ours) 90% 100% 100% 100% 100% 80% 70% 80% 100% 90% 81%

Table 1. Quantitative real-world grasping results in the Single setting. RealVLG-R1 performs language-conditioned grasping, whereas
GraspNet serves as a vision-only baseline. Each task is executed 10 times.

(a) (b)

RealSense D435i

Figure 5. Real-world experimental setup. (a) The 7-DoF Franka
Research 3 robot equipped with an eye-in-hand Intel RealSense
D435i camera, used for real-world evaluation of RealVLG-R1. (b)
The set of 10 test objects used to assess the model’s generalization
and manipulation performance.

mentary settings and selected two representative baselines
for comparison. In the Single setting, only the target
object is placed to ensure stable operation of the classi-
cal geometric grasping baseline GraspNet [2], which lacks
language-conditioned capabilities. This setting aims to as-
sess RealVLG-R1’s performance in basic geometric grasp-
ing accuracy. In the more challenging Clutter setting, all 10
objects are placed simultaneously, and the robot is required
to sequentially grasp the specified targets according to lan-
guage instructions. In this scenario, RealVLG-R1 is com-
pared only with LGD [6], a baseline that supports language-
conditioned grasping. The comparison is conducted using
the RealVLG-R1 3B model trained with GRPO, which
predicts grasp contact points. This hierarchical evaluation
strategy allows us to clearly demonstrate RealVLG-R1’s se-
mantic reasoning advantages over purely geometric base-
lines, while highlighting its zero-shot deployment perfor-
mance and cross-modal generalization capability in highly
complex cluttered scenes.

4.3. Experimental Results

Grasping Results in the Single Setting. As shown in Ta-
ble 1 and Fig. 6, RealVLG-R1 exhibits a substantial per-
formance advantage over GraspNet in the Single setting.
Although GraspNet is capable of predicting 6-DoF grasp

poses, its effectiveness in real-world scenarios is heavily
constrained by the quality of the reconstructed point cloud.
When objects contain reflective surfaces, sparse textures, or
complex geometries, the depth measurements often become
incomplete or noisy. For instance, for objects such as the
Cup, the material and surface properties frequently lead to
partial or degraded point cloud reconstructions, preventing
GraspNet from producing any feasible grasp pose. Further-
more, for small and slender objects (such as the Marker,
Screwdriver, and Razor), their point clouds tend to merge
with the tabletop during reconstruction, making them nearly
indistinguishable in the depth domain. As a result, Grasp-
Net commonly predicts grasp poses that fall outside the true
object region, ultimately causing grasp failures.

In contrast, RealVLG-R1 relies solely on RGB visual
information and leverages language-conditioned grounding
to accurately localize the target object. The model pre-
dicts grasp contact points directly in the image domain, and
as long as the depth along the line connecting these con-
tact points is valid, a physically executable grasp can be
produced. This design effectively circumvents the depth
degradation issues that commonly arise in real-world sens-
ing (such as missing geometry, noise, or surface ambigui-
ties), allowing RealVLG-R1 to maintain robust grasp per-
formance across diverse visual conditions.

Overall, RealVLG-R1 achieves a significantly higher
mean success rate than GraspNet in real-world single-object
grasping, yielding a 43% improvement, which underscores
the robustness and practical effectiveness of a vision-based,
language-driven grasping framework in real-world environ-
ments.

Grasping Results in the Clutter Setting. As shown
in Table 2, in the highly challenging Clutter Setting, our
proposed RealVLG-R1 demonstrates overwhelming perfor-
mance advantages. The model achieves a grasp success rate
of 70% or higher across all 10 target objects, with an av-
erage success rate of 79%. These results strongly indicate
that RealVLG-R1 is capable of accurately identifying, lo-
calizing, and executing grasping tasks according to natural
language instructions, even in environments characterized
by high object density and cluttered interference. Although
certain grasp contact points may occasionally exhibit in-
stability, suggesting that further enhancement is needed
for real-world deployment, the overall performance clearly
demonstrates the model’s strong zero-shot generalization
capability.



GraspNet

RealVLG-R1 (Contact, 3B)

Figure 6. Qualitative real-world grasping results in the Single setting. GraspNet often fails or predicts misaligned grasp poses due to
noisy or incomplete point cloud data (e.g., Cup), reflective surfaces, and small or thin objects, such as Marker, Screwdriver, and Razor.
In contrast, RealVLG-R1 leverages RGB vision and language instructions to accurately localize the target and generate executable grasp
contact points, demonstrating robust and reliable grasping behavior across diverse objects.

Method Cup Orange Pear Apple Banana Stapler BlueBottle Marker Screwdriver Razor Average
LGD [6] 0% 0% 0% 0% 0% 20% 0% 0% 0% 0% 2%
RealVLG-R1 (Ours) 70% 90% 80% 90% 70% 90% 70% 80% 70% 80% 79%

Table 2. Quantitative real-world grasping results in the Clutter setting. The table reports the grasp success rates of RealVLG-R1
and the baseline LGD across 10 target objects. Results highlight RealVLG-R1’s superior zero-shot performance in cluttered multi-object
environments, whereas LGD fails to reliably perform language-conditioned grasping.

In contrast, the baseline LGD achieves an average suc-
cess rate of only 2% in real-world cluttered scenes, high-
lighting its failure in language-conditioned grasping tasks.
This significant gap arises from inherent design limita-
tions and training data constraints: the network, based on
the GGCNN [3] architecture, processes images of only
224 × 224 pixels, resulting in a severely restricted percep-
tual field that hampers accurate recognition of object con-
text and complete spatial information in densely cluttered
environments. Although LGD attempts to incorporate lan-
guage instructions through CLIP [5] embeddings, experi-
mental results indicate that such integration is suboptimal.
As illustrated in Fig. 7, LGD rarely predicts grasp poses
corresponding to specific objects based on language instruc-
tions, with its output grasp poses largely independent of the
provided commands. Furthermore, the “accuracy” reported
for LGD on Grasp-Anything++ dataset predominantly re-
flects the unconditional grasp pose prediction capabilities
inherited from GGCNN, rather than poses specified by lan-
guage instructions. In the absence of high-quality language-
to-pose aligned training data, LGD’s language-driven object

grasping success in real-world scenes is effectively negligi-
ble, with the few successful cases (e.g., a 20% success rate
for the Stapler) attributable to geometric cues alone.

In sharp contrast to LGD’s limitations, RealVLG-R1 ex-
hibits precise and reliable language-conditioned grasping
capability, enabling the model to accurately localize tar-
get objects in wide-field, multi-object scenarios. More-
over, as shown in Fig. 8, RealVLG-R1 provides strong
reasoning capabilities, offering compelling interpretability
for predicted grasp poses. This reasoning mechanism not
only enhances model transparency and reliability but also
provides an additional internal validation of grasp pose ac-
curacy. By combining precise perception, accurate lan-
guage alignment, and interpretable reasoning, RealVLG-R1
achieves high grasping success rates in cluttered environ-
ments, fully demonstrating its zero-shot deployment perfor-
mance and cross-modal generalization capabilities in com-
plex real-world scenarios.



<think> The grey razor is located in the cup, which is placed on the table. To 
pick it up, I need to identify the two-finger grasp contact pairs on the razor. 
The razor is cylindrical and can be grasped at its handle. The handle is the 
stable part that can be held with two fingers. The coordinates for the two-
finger grasp contact pairs on the razor handle would be the top and bottom 
points of the handle.</think>
<answer>(625,210),(700,250)</answer>

<think> The screwdriver is in the white cup, and I need to identify a stable 
two-finger grasp contact pair on the screwdriver. The screwdriver has a handle 
and a shaft, and the handle is the most suitable part for a two-finger grasp. The 
handle is located near the top of the screwdriver, and it appears to be the most 
stable part to grip. The coordinates for the two-finger grasp contact pair would 
be on the handle of the screwdriver.</think>
<answer>(725,260),(790,310)</answer>

<think> The blue and white marker is located on the table, and it appears to be 
a cylindrical shape. A stable two-finger grasp would involve placing one 
finger on the top and one finger on the bottom of the marker. The coordinates 
for the top and bottom of the marker can be identified visually. </think>

<answer>(638,300),(700,360)</answer>

<think> The blue bottle is located on the right side of the image, near the edge 
of the table. To pick it up with a stable two-finger grasp, I need to identify a 
suitable contact pair on the bottle. The bottle appears to be cylindrical, so a 
stable grasp would be on its sides. The contact points should be on the upper 
and lower parts of the bottle to maintain stability. </think>
<answer>(830,240),(910,300)</answer>

<think> The red apple is the one located near the center of the image, slightly 
to the left. To pick it up with a stable two-finger grasp, I need to identify two 
points on the apple that are close to each other and suitable for a grasp. The 
points should be on the same side of the apple, one near the top and one near 
the bottom. </think>
<answer>(555,210),(665,268)</answer>

<think> The green pear is located on the right side of the image. To pick it up 
with a stable two-finger grasp, I need to identify two points on the pear that 
are close to each other and suitable for a two-fingered grip. The top and 
bottom of the pear are the most suitable points.
 </think>
<answer>(800,388),(880,445)</answer>

<think> The orange is located on the right side of the image, near the center. 
To pick it up with a stable two-finger grasp, I need to identify a suitable 
contact pair on the orange. The best contact points would be the top and 
bottom of the orange, as these are the most stable and provide the best 
leverage. </think>
<answer>(710,379),(790,432)</answer>

<think> 
The white cup is the object in focus, and the handle is the part that would be 
grasped. The handle is located on the right side of the cup. A stable two-finger 
grasp would be on the upper and lower parts of the handle.
 </think>
<answer>(666,296),(730,340)</answer>

<think> The blue stapler is located on the table, and I need to identify a stable 
two-finger grasp contact pair. A stable two-finger grasp typically means 
selecting points on the object that are close to each other and on the same side 
of the object. For the stapler, the two-finger grasp could be on the blue handle 
and the metal part of the stapler. </think>

<answer>(570,340),(650,390)</answer>

<think> The yellow banana is located on the left side of the image. To pick it 
up with a stable two-finger grasp, I need to identify a suitable contact pair on 
the banana. The banana is smooth and cylindrical, so a stable grasp can be 
achieved by placing one finger on the top and one finger on the bottom. The 
coordinates for the top finger could be near the top of the banana, and the 
bottom finger could be near the bottom of the banana.</think> 
<answer>(435,466),(510,520)</answer>

Figure 7. Qualitative real-world grasping results of LGD [6] in the Clutter setting. LGD struggles to perform language-conditioned
grasps in cluttered environments due to limited perceptual resolution, suboptimal language integration, and reliance on unconditional grasp
pose predictions.
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<think> The grey razor is located in the cup, which is placed on the table. To 
pick it up, I need to identify the two-finger grasp contact pairs on the razor. 
The razor is cylindrical and can be grasped at its handle. The handle is the 
stable part that can be held with two fingers. The coordinates for the two-
finger grasp contact pairs on the razor handle would be the top and bottom 
points of the handle.</think>
<answer>(625,210),(700,250)</answer>

<think> The screwdriver is in the white cup, and I need to identify a stable 
two-finger grasp contact pair on the screwdriver. The screwdriver has a handle 
and a shaft, and the handle is the most suitable part for a two-finger grasp. The 
handle is located near the top of the screwdriver, and it appears to be the most 
stable part to grip. The coordinates for the two-finger grasp contact pair would 
be on the handle of the screwdriver.</think>
<answer>(725,260),(790,310)</answer>

<think> The blue and white marker is located on the table, and it appears to be 
a cylindrical shape. A stable two-finger grasp would involve placing one 
finger on the top and one finger on the bottom of the marker. The coordinates 
for the top and bottom of the marker can be identified visually. </think>

<answer>(638,300),(700,360)</answer>

<think> The blue bottle is located on the right side of the image, near the edge 
of the table. To pick it up with a stable two-finger grasp, I need to identify a 
suitable contact pair on the bottle. The bottle appears to be cylindrical, so a 
stable grasp would be on its sides. The contact points should be on the upper 
and lower parts of the bottle to maintain stability. </think>
<answer>(830,240),(910,300)</answer>

<think> The red apple is the one located near the center of the image, slightly 
to the left. To pick it up with a stable two-finger grasp, I need to identify two 
points on the apple that are close to each other and suitable for a grasp. The 
points should be on the same side of the apple, one near the top and one near 
the bottom. </think>
<answer>(555,210),(665,268)</answer>

<think> The green pear is located on the right side of the image. To pick it up 
with a stable two-finger grasp, I need to identify two points on the pear that 
are close to each other and suitable for a two-fingered grip. The top and 
bottom of the pear are the most suitable points.
 </think>
<answer>(800,388),(880,445)</answer>

<think> The orange is located on the right side of the image, near the center. 
To pick it up with a stable two-finger grasp, I need to identify a suitable 
contact pair on the orange. The best contact points would be the top and 
bottom of the orange, as these are the most stable and provide the best 
leverage. </think>
<answer>(710,379),(790,432)</answer>

<think> 
The white cup is the object in focus, and the handle is the part that would be 
grasped. The handle is located on the right side of the cup. A stable two-finger 
grasp would be on the upper and lower parts of the handle.
 </think>
<answer>(666,296),(730,340)</answer>

<think> The blue stapler is located on the table, and I need to identify a stable 
two-finger grasp contact pair. A stable two-finger grasp typically means 
selecting points on the object that are close to each other and on the same side 
of the object. For the stapler, the two-finger grasp could be on the blue handle 
and the metal part of the stapler. </think>

<answer>(570,340),(650,390)</answer>

<think> The yellow banana is located on the left side of the image. To pick it 
up with a stable two-finger grasp, I need to identify a suitable contact pair on 
the banana. The banana is smooth and cylindrical, so a stable grasp can be 
achieved by placing one finger on the top and one finger on the bottom. The 
coordinates for the top finger could be near the top of the banana, and the 
bottom finger could be near the bottom of the banana.</think> 
<answer>(435,466),(510,520)</answer>

Figure 8. Qualitative real-world grasping results of RealVLG-R1 in the Clutter setting. RealVLG-R1 demonstrates accurate language-
conditioned grasping, robust zero-shot performance in cluttered environments, and interpretable predictions of grasp poses.
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