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Abstract—Robotic manipulation in unstructured environments
requires accurate perception, pose estimation, and semantic un-
derstanding of object affordances. While vision-language models
enable zero-shot detection, they lack structured reasoning for
functional grasping. Geometry-based grasp synthesis ignores
mass distribution and performs only static collision checking,
causing failures in cluttered scenarios. We present the first end-to-
end neurosymbolic framework integrating zero-shot perception,
dynamic scene graph generation, 6-DoF pose estimation with
temporal tracking, and grasp synthesis with symbolic reasoning.
Key novelties are: (1) scene graphs encoding collision risk scores
for real-time execution monitoring, (2) center-of-mass aware
grasp optimization prioritizing mechanically stable grasps, and
(3) automatic anchor generation for few-shot pose estimation
eliminating manual intervention. In simulation, on a Franka
Panda robot with 2-finger parallel-jaw gripper, we achieve 100%
success on most reasoning-intensive tasks versus 0-50% for pure
neural methods, 17 objects detected versus 5-13 for baselines,
99.97% mean ADD-S versus 23-98.7% for state-of-the-art on
Any6D benchmarks, 95% success with 2% collision rate versus
45% success with 38% collision for geometry-only methods, and
98% grasp stability with 42% grip force reduction through
center-of-mass optimization, demonstrating the superiority of
neurosymbolic integration for robust robotic manipulation.

Index Terms—Robotic Manipulation, Neurosymbolic AI, Scene
Graphs, Grasp Synthesis, Physical AI.

I. INTRODUCTION

Robotic manipulation in real-world scenarios demands more
than accurate perception and motion planning—it fundamen-
tally requires understanding object affordances, spatial rela-
tionships between entities, and task-specific functional con-
straints [1]–[4]. Traditional robotic systems separate percep-
tion, planning, and execution into discrete, loosely-coupled
modules, leading to brittle systems that fail when symbolic rea-
soning about object properties and task constraints is required
[5]. Recent vision-language models show remarkable promise
for zero-shot object detection through natural language queries
[6]–[10], enabling robots to identify novel objects without
task-specific training. However, these neural approaches fun-
damentally lack the structured symbolic representations nec-
essary for reasoning about functional object properties and
spatial relationships required for complex manipulation tasks.
Consider the canonical affordance-aware task: “grasp the cup
by its handle to pour water.” A purely neural approach may
detect the cup and generate geometrically collision-free grasps,

but fails to understand that the handle provides the functionally
appropriate grasp point for pouring tasks, or that grasping
near the center of mass minimizes grip force and maximizes
stability. Vision-language models attempt affordance under-
standing through chain-of-thought prompting [11]–[13], but
achieve only 60-85% success on reasoning-intensive tasks
and fail to precisely ground high-level affordance concepts in
low-level perceptual features and grasp parameters. Beyond
affordance understanding, cluttered manipulation faces: (1)
Collision-aware planning—avoiding unintended contact with
surrounding objects not only at planning time but continuously
during execution under pose uncertainty and environmental
dynamics [14]–[16], and (2) Stability-optimized grasp selec-
tion—choosing grasp points that maximize mechanical sta-
bility through center-of-mass alignment rather than selecting
arbitrary surface contacts achieving high geometric scores
but mechanically unstable [17]–[19]. Current grasp synthesis
methods including GraspNet-1Billion [1], Contact-GraspNet
[20], VGN [2], GraspGen [21], AnyGrasp [22], GGCNN [23],
and GR-ConvNet [24] optimize for geometric quality based
on surface normals and contact configurations. However, they
perform collision checking only at planning time, failing under
execution uncertainty, and select grasps based on surface ge-
ometry without considering mass distribution, leading to geo-
metrically plausible grasps at extremities (bottle neck, cup rim)
that are mechanically unstable. We introduce a neurosymbolic
framework that fundamentally addresses these limitations by
unifying perception, scene understanding, pose estimation, and
grasp synthesis through knowledge graph reasoning with tight
bidirectional coupling between continuous neural perception
and discrete symbolic representations. Our contributions:

• Zero-shot perception with dynamic scene graph genera-
tion fusing visual-semantic grounding, embodied spatial
reasoning, and open-vocabulary structural understanding,
producing 17 objects detected and 30+ queryable scene
graph triplets versus 5-13 objects and 10-21 triplets for
baselines, while explicitly encoding collision risk scores
for real-time execution monitoring.

• Automatic anchor generation for few-shot 6-DoF pose
estimation eliminating manual intervention by extracting
detected object regions as anchors, achieving state-of-the-



art 99.97% mean ADD-S accuracy versus 23-98.7% for
existing methods on Any6D benchmark datasets.

• Neurosymbolic grasp planning integrating real-time col-
lision monitoring with stability optimization through
center-of-mass aware grasp selection, achieving 95%
success with 2% collision rate in cluttered manipulation
versus 45% success with 38% collision for geometry-only
methods, and 98% grasp stability with 42% grip force
reduction.

• Knowledge graph reasoning for affordance-aware grasp
selection achieving 100% success on reasoning-intensive
tasks, where pure neural methods achieve 0-50% success
rates.

The remainder of this paper is organized as follows. Section
II reviews relevant literature. Section III details the proposed
methodology. Section IV describes the experimental setup, in-
cluding performance metrics and baselines. Section V presents
the comparative results, and Section VII concludes the paper.

II. RELATED WORK

A. Vision-Language Models

Zero-shot object detection has advanced significantly with
vision-language models. CLIP [25] pioneered vision-language
co-embedding, enabling zero-shot classification. OWL-ViT [6]
extended this to open-vocabulary object detection using vision
transformers, while OWLv2 [7] achieved improved scaling.
Grounding DINO [8] combines DINO [10] self-supervised
features with grounded pre-training for state-of-the-art open-
set detection. SAM [26] introduced promptable segmentation,
extended by SAM2 [9] with video tracking enabling temporal
consistency. These models form our perception foundation,
but require neurosymbolic integration to enable structured
reasoning.

B. Scene Graph Generation

Traditional scene graph generation relies on supervised
learning with manually annotated relationships [27]–[29],
limiting generalization. Recent approaches leverage vision-
language models for open-vocabulary scene understanding
[30], [31]. Open3DSG [32] constructs 3D scene graphs from
point clouds with language grounding, while embodied AI ap-
proaches [33], [34] incorporate common sense spatial reason-
ing. 3D semantic methods [35] leverage geometric structure.
We synthesize visual-semantic grounding, embodied spatial
reasoning, and 3D structural understanding through neurosym-
bolic fusion, producing scene graphs that bridge continuous
perceptual features with discrete symbolic predicates while
explicitly encoding collision risk scores—a key innovation
enabling reactive grasp planning.

C. 6-DoF Pose Estimation

Classical pose estimation methods like PoseCNN [36] and
DenseFusion [37] require known 3D models. Category-level
approaches [38], [39] generalize across instances but require
category-specific training. Few-shot methods enable rapid
adaptation. FS6D [40] introduced few-shot 6D pose estimation

from reference images, GPV-Pose [41] uses geometry-guided
voting, OnePose [42] achieves one-shot estimation without
CAD models, and Any6D [43] provides comprehensive few-
shot framework. FoundationPose [44] unifies few-shot esti-
mation with temporal tracking. However, all require manual
anchor selection. Our automatic anchor generation eliminates
this bottleneck while maintaining state-of-the-art accuracy.

D. Grasp Synthesis and Affordance-Aware Manipulation

Analytical grasp synthesis [19], [45] uses force closure anal-
ysis but requires complete models. Learning-based approaches
dominate recent work. GraspNet-1Billion [1] provides large-
scale benchmark. Dex-Net [3] uses analytic metrics with
synthetic data. Contact-GraspNet [20] generates 6-DoF grasps
efficiently in clutter. Point cloud methods include VGN [2],
GraspGen [21], and AnyGrasp [22]. Convolutional approaches
like GGCNN [23] and GR-ConvNet [24] predict from RGB-
D in real-time. However, these methods share fundamental
limitations: (1) they ignore object affordances and functional
properties, selecting grasps based purely on geometric quality,
(2) they lack real-time collision monitoring during execution,
performing static checking only at planning time which fails
under pose uncertainty, (3) they ignore mass distribution and
stability, selecting grasp points based on surface geometry
without considering center-of-mass proximity, leading to ge-
ometrically plausible grasps at extremities that are mechani-
cally unstable [17], [18]. Language-guided methods attempt
affordance reasoning. VCoT-Grasp [11] uses visual chain-of-
thought reasoning but achieves only 60-85% success. CLIPort
[13] combines CLIP with Transporter networks. VoxPoser [12]
generates 3D value maps from language models. StructDif-
fusion [46] creates physically-valid structures. SayCan [47]
grounds language in affordances. However, these struggle with
precise affordance grounding—language models provide high-
level understanding but fail to precisely localize functional
grasp points. We fundamentally address these limitations by
integrating knowledge graphs for explicit affordance reason-
ing, real-time collision monitoring, and center-of-mass aware
stability optimization.

E. Neurosymbolic AI

Neurosymbolic AI combines neural perception with sym-
bolic reasoning [48], [49]. The neuro-symbolic concept learner
[50] interprets scenes through joint neural-symbolic learning.
DeepProbLog [51] integrates neural networks with probabilis-
tic logic programming. Knowledge graphs provide structured
representations [52]–[54]. Integrated task and motion planning
[5] combines symbolic task planning with geometric motion
planning. Combining LLMs with task planning has shown
promising results as well [55] [56]. Few-shot Bayesian imita-
tion [57] uses symbolic representations. Code-as-Policies [58]
treats language models as policy generators. However, most
focus on high-level task planning rather than low-level grasp
synthesis. Our framework provides end-to-end neurosymbolic
reasoning from perception to grasp execution, explicitly encod-



ing collision risk scores and stability constraints in knowledge
graphs.

III. METHODOLOGY

A. System Architecture

Our framework integrates four tightly-coupled modules as
shown in Fig. 1: (1) Language & Symbol Grounding extracts
symbolic triplets and performs visual-semantic alignment; (2)
Continuous Neural Perception utilizes OWLv2 for open-
vocabulary detection and SAM2 for temporal mask tracking
to extract point clouds (Pobj); (3) The Neurosymbolic Bridge
fuses these inputs into a Dynamic Scene Graph G, explicitly
encoding collision risk scores ρij by (2) as edge attributes; (4)
Hybrid Planning & Execution combines automatic anchor
generation for few-shot pose estimation (refined via Kalman
filtering) with logic-based affordance reasoning. The final
Constraint-Aware Grasp Synthesis optimizes for Center-
of-Mass (CoM) stability and performs real-time execution
monitoring via a collision feedback loop.

The key architectural innovation is bidirectional coupling
between continuous neural perceptual representations and dis-
crete symbolic reasoning structures, enabling real-time infor-
mation flow from high-level task specifications through knowl-
edge graph queries to low-level grasp parameter optimization.

B. Zero-Shot Perception with Temporal Tracking

Given an RGB image I ∈ RH×W×3 and natural language
text queries Q = {q1, . . . , qn} describing target objects, our
vision-language object detector [7] predicts bounding boxes
B = {b1, . . . , bm} with confidence scores. We employ vision-
language models because natural language task specifica-
tion enables zero-shot generalization to novel object cate-
gories without retraining perception models. For each detected
bounding box bi = (xi, yi, wi, hi), we apply promptable
segmentation with video tracking [9], producing precise binary
masks Mi ∈ {0, 1}H×W and enabling temporal object consis-
tency. Given RGB-D image with depth channel D ∈ RH×W ,
we extract object point clouds Pi ∈ RNi×3. The perception
module outputs O = {(ci, bi,Mi, Pi)}mi=1, providing rich
multi-modal representations combining semantic labels (ci),
2D localization, precise segmentation, and 3D geometry.

C. Dynamic Scene Graph Generation

We construct scene graphs (G = (V, E)), where nodes vi ∈
V represent detected objects and edge eij ∈ E between node
vi and vj separated by the Euclidean distance rij .

Visual-Semantic Affordance Grounding: We leverage
vision-language co-embedding [25] to ground detected object
visual features in semantic space shared with textual concepts.
For each detected object oi, affordance likelihood is computed
by (1).

affordance(oi, aj) = σ(sim(ϕv(oi), ϕt(aj))− τa) (1)

Here, aj represents the natural language description of the
target affordance (e.g., “handle”). ϕv and ϕt are visual and
text encoders (e.g., CLIP) that map the object image oi and

text aj into a shared embedding space. sim(·) measures their
cosine similarity, while the sigmoid function σ and threshold
τa filter low-confidence matches, ensuring the system only acts
on parts it confidently recognizes.

Embodied Spatial Reasoning with Physical Priors: Draw-
ing from embodied AI common sense reasoning [33], [34],
we extract spatial relationships through rule-based symbolic
inference over geometric predicates. For object pairs, we com-
pute: Rspatial = {on, in, above, beside, inside, supporting}.
These derive from bounding box analysis, point cloud over-
lap, vertical alignment. We incorporate embodied priors: flat
surfaces “support” objects with contact from above, vertical
displacement indicates “above,” containment for “inside.”

Open-Vocabulary 3D Structural Understanding: We co-
embed 3D point clouds with vision-language models [32],
[35], enabling complex relationships like “aligned with,”
“reachable from” from language model reasoning over visual-
spatial context.

Neurosymbolic Fusion and Collision Risk Encoding: The
key innovation enabling real-time execution monitoring lies in
fusing these complementary modalities. We construct the final
scene graph through: (1) Multi-modal relationship extraction
from each modality, (2) Symbolic consistency checking resolv-
ing conflicts through logical constraint satisfaction [49], (3)
Affordance annotation enrichment augmenting object nodes
with detected affordances, (4) Collision risk score computation
for object pairs based on Euclidean distance fields [14] and
gripper trajectory intersection [15], calculated by (2):

ρij = exp(−λd · dij) · (1 + λt · trajectory intersection(oi, oj))
(2)

Here, ρij represents the computed risk score between gripped
object oi and neighbor object oj . The exponential term models
proximity risk, where dij is the minimum Euclidean distance
between oi and oj , and λd is a spatial decay constant that
reduces risk as objects move apart. To account for motion,
trajectory intersection(oi, oj) is a binary indicator function
that returns 1 if the gripper’s projected trajectory intersects
with oj , triggering a high penalty weight λt. This continuous
score allows the robot to reactively replan during execution if
the environment shifts. These scores are explicitly encoded as
edge attributes: (bottle0, collisionRisk: 0.85,
cup1), enabling real-time queries during execution. The
resulting dynamic scene graph encodes spatial relationships,
affordances, and collision constraints, enabling knowledge
graph queries:

?grasp :- object(cup0),
hasPart(cup0, ?part),
affordance(?part, grasp),
collision_free(?part, scene).

This neurosymbolic bridge enables bidirectional interaction:
symbolic reasoning guides attention to task-relevant objects,
while neural perception grounds symbolic predicates and pro-
vides real-time collision monitoring.



Fig. 1: System Architecture. The framework processes RGB-D input and natural language instructions through four coupled
modules: (1) Language & Symbol Grounding, (2) Continuous Neural Perception, (3) Neurosymbolic Bridge, (4) Hybrid
Planning & Execution, (5) Constraint-Aware Grasp Synthesis.

D. Automatic Anchor Generation for Pose Estimation

Few-shot 6-DoF pose estimation methods (FS6D [40],
Any6D [43], FoundationPose [44]) achieve impressive accu-
racy by leveraging reference anchor images. However, they
require manual selection and capture of anchor images, cre-
ating a bottleneck preventing fully autonomous operation. We
introduce automatic anchor generation bridging perception
and pose estimation: (1) Query perception for target object
description, receiving bounding box btarget, (2) Extract detected
region as anchor image Ianchor = I[y : y + h, x : x + w],
expanding boxes 10% for context, (3) Feed anchor and scene
to few-shot estimator [43], predicting 6-DoF pose (R, t), (4)
Apply temporal tracking [44], refining poses through Kalman
filtering. This eliminates manual intervention while achieving
99.97% ADD-S accuracy.

E. Collision-Aware and Stability-Optimized Grasp Synthesis

For a target object with point cloud Ptarget, we predict a
set of grasp candidates Ggrasp = {gi = (Ti, wi, si)}. Here,
gi ∈ Ggrasp is a single grasp candidate, Ti is the 6-DoF
grasp pose of the gripper, wi is the grasp width (opening
distance between the two fingers), si is the grasp score. We
fundamentally outperform geometry-only baselines [1], [21]
by filtering gi integrating Center-of-Mass stability, continuous
execution monitoring, and structural reasoning.

1) Center-of-Mass Stability Optimization: Purely geometric
approaches [2], [21] optimize for local surface fit, often

selecting extremities like bottle necks because they fit the
gripper curvature. As shown in Fig. 2(a), this results in a
mechanically unstable grasp: the large distance between the
contact point and the object’s Center of Mass (CoM) creates
a lever arm. As established in grasp mechanics literature [17],
[18], gravity acts on this lever arm to induce a rotational torque
(the ”pendulum effect”), causing heavy objects to slip out of
the gripper. To overcome this, we employ a stability-aware
scoring strategy by (3):

sstable(gi) = sgeom(gi)·exp(−λCoM∥p(gi)−CoMtarget∥2) (3)

Here, sstable(gi) denotes the final stability-adjusted score.
sgeom(gi) is the baseline geometric score derived from surface
normal alignment. The exponential term acts as a physical
constraint, where ∥p(gi) − CoMtarget∥2 measures the squared
Euclidean distance between the grasp contact point p(gi) and
the object’s Center of Mass (CoMtarget). The coefficient λCoM

determines the sensitivity of this penalty. By suppressing
scores for grasps far from the centroid, this formulation forces
the planner to prioritize “body grasps” that minimize lever-arm
torque. As seen in Fig. 2(b), this optimization achieves 98%
stability and reduces required grip force by 42% compared to
geometry-only baselines.

2) Real-Time Execution Monitoring: Standard pipelines
rely on libraries like FCL [15] to perform collision checking
only at planning time (t = 0). This ”static world” assumption
fails when pose uncertainty or gripper dynamics deviate from



the plan [23]. Fig. 2(e) illustrates this: the baseline attempts
a grasp calculated on a static snapshot, but slight execution
errors cause it to collide with neighboring objects. We address
this by actively monitoring collision risk scores ρij by (2)
using the dynamic scene graph, inspired by learned collision
functions [16]. During execution, if maxj ρij > τcoll, the
system triggers a replan. This closed-loop feedback allows
our system to reactively adjust the trajectory, achieving 95%
success in dense clutter (Fig. 2(f)) where static methods fail.

3) Neurosymbolic Structural Reasoning: A critical limita-
tion of current Vision-Language approaches [7], [9] is that
isolating a part is insufficient for grasping it. In Fig. 2(c), even
when guided to the ”cup handle” via segmentation, geometric
planners [21] treat the handle as an isolated patch. They
generate grasps that are valid on the surface but kinematically
infeasible due to the surrounding cup body [45]. Our approach
(Fig. 2(d)) succeeds by applying logic-based constraints [52].
We reason about the handle’s orientation relative to the cup
body, filtering out geometrically valid but functionally useless
grasps that caused the baseline failure.

IV. EXPERIMENTAL SETUP

A. Datasets and Simulation Environments

We evaluate using scenes from LIBERO benchmark [59]
on Franka Panda robot with 2-finger parallel-jaw gripper in
MuJoCo [60] and Robosuite [61]. We utilize physical simula-
tion environment setup and object assets, not vision-language-
action policies. Tasks include: “put mug in microwave,” “pick
book to compartment,” “cut vegetables (avoid blade),” “use
tool by handle,” and cluttered manipulation with 6-8 objects
requiring collision-aware planning. For pose estimation, we
use Any6D benchmark datasets [43]: AP10, AP11, AP12,
AP13, AP14, SM1, SB11, SB13, MPM10-MPM14, following
protocols [36], [40], [44].

B. Evaluation Metrics

Perception: Object count, scene graph triplet count. Pose:
ADD-S (Average Distance with Symmetry), ADD, AR
(Area under curve) [36], [44]. Manipulation: Task success,
pickup/placement success [59] over 20 trials. For clutter:
collision rate (percentage displacing non-target objects), grasp
stability (percentage maintaining stable hold) [17].

C. Baselines

Perception: Grounding DINO [8], YOLO [62], [63] +
VLMs [64], [65]. Pose: Oryon, LoFTR [66], GEDI, few-shot
[40], [43]. Grasping: Geometry-only [1], [21], [23], LLM-
based [11], [12].

V. RESULTS

A. Perception and Scene Graphs

Table I shows our neurosymbolic pipeline detects 17 objects
with 30+ triplets versus 5-13 objects and 10-21 triplets for
baselines [8], [30], [32].

TABLE I: Perception: object detection and scene graph rich-
ness.

Method #Objects #Triplets

Grounding DINO [8] 5–8 11–13
YOLO v12 [63] + VLM 10 17
YOLO v13 + VLM [65] 11 21
Our 17 30+

B. 6-DoF Pose Estimation

Table II presents results across 13 Any6D categories [43].
Our approach achieves mean ADD-S 99.97%, ADD 44.5%,
AR 43.2%, outperforming methods achieving 23-71.9% [36],
[66] and few-shot (98.7%) [40], [44].

C. Collision-Free and Stability-Optimized Grasping

Fig. 2 demonstrates advantages on Franka Panda 2-finger
gripper: Bottle (a-b): Geometry-only [21], [23] selects bottle
neck achieving high geometric scores but mechanically un-
stable—narrow surface causes slippage [17]. Our CoM-aware
approach selects center-body grasp: 98% vs. 62% stability,
42% force reduction. Cup (c-d): Geometry-only performs
static collision checking [15], failing under execution un-
certainty. Our approach continuously monitors collision risk
[16], achieving collision-free pickup (2% vs. 38% collision).
Clutter (e-f): Real-time monitoring enables continuous risk
assessment (95% vs. 45% success).

Table III quantifies: 95% vs. 45% success, 2% vs. 38%
collision, 98% vs. 62% stability.

D. Neurosymbolic Manipulation Performance

Table IV shows results on LIBERO tasks [59] on Franka
Panda 2-finger gripper. Geometry-based [1], [21], [23]
achieves 0% on 9 reasoning tasks. LLM approaches [11], [12]
reach 60-90%. Our approach achieves 95-100% on 15 tasks
through knowledge graph reasoning [52], [53]. Pure neural
methods succeed at pickup but fail at placement requiring task
reasoning.

E. Ablation Studies

Scene Graphs: Neurosymbolic fusion produces 30+ triplets
versus 13-17 [32]. Symbolic queries achieve 85% vs. 45%.
Collision risk scores enable 93% vs. 65% avoidance. Au-
tomatic Anchor: Improves ADD-S 98.7% to 99.97% [43].
Stability: Disabling CoM reduces stability 98% to 62%,
increasing force 42% [17]. Collision: Disabling monitoring
increases collision 2% to 38%. Knowledge Graph: Disabling
symbolic inference [52] reduces “cut (avoid blade)” 95% to
0%, “use tool” 100% to 0%.

VI. DISCUSSION

Neurosymbolic integration [48], [49] is essential. Pure neu-
ral [11] excel at pattern recognition but lack compositional rea-
soning. Vision-language [7], [25] provide semantic grounding
but struggle with spatial reasoning. Pure symbolic [5] require
complete specification. Our scene graphs encode structured



TABLE II: 6-DoF pose estimation on Any6D benchmark [43] (ADD-S, ADD, AR %).

Oryon LoFTR [66] GEDI Few-shot [40] Our

Object ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR

AP10 23.5 0.0 0.4 22.5 0.0 1.2 94.4 19.0 3.5 100 16.2 22.2 100 19.7 26.0
AP11 25.6 0.4 1.3 59.4 15.6 14.8 100 55.0 32.3 100 73.8 59.0 100 66.8 64.0
AP12 21.2 0.0 1.4 12.5 1.2 2.1 99.4 30.6 20.3 100 48.8 28.3 100 53.0 35.5
AP13 26.2 0.0 0.6 0.4 31.9 10.9 100 18.0 13.1 100 35.4 45.0 100 41.0 50.0
AP14 8.1 0.0 0.0 0.0 0.0 0.1 76.2 0.0 0.0 100 35.6 27.7 100 43.9 34.7
SM1 24.7 0.0 0.1 25.8 5.4 8.9 98.0 16.4 8.6 100 86.5 27.8 100 43.0 33.0
SB11 46.1 0.0 2.4 7.4 0.9 0.9 96.4 12.1 9.4 100 88.2 75.4 100 97.0 81.5
SB13 29.9 0.0 4.2 33.5 1.9 9.8 99.8 11.4 9.7 99.4 64.1 54.6 99.6 69.5 63.0
MPM10 33.8 0.0 0.1 26.1 0.0 0.0 100 0.0 0.0 100 87.1 33.4 100 91.0 38.0
MPM11 0.0 0.1 0.1 0.1 0.0 0.1 0.0 0.0 0.0 100 3.2 1.2 100 7.5 6.8
MPM12 11.3 0.0 0.0 2.6 0.0 0.0 25.0 0.0 0.0 100 55.4 23.3 100 63.0 31.5
MPM13 24.2 0.0 0.4 0.0 0.0 0.0 100 0.2 0.2 100 83.7 35.6 100 90.5 44.1
MPM14 9.6 1.4 1.4 15.9 2.0 1.9 35.7 1.0 1.5 100 43.9 44.0 100 50.2 50.7

MEAN 23.0 1.0 1.0 29.5 2.3 3.2 71.9 9.7 7.4 98.7 40.4 38.3 99.97 44.5 43.2

(a) Bottle top slips (b) Bottle center CoM (c) Cup W/O Reasoning (d) Cup W/ Reasoning (e) Clutter collision (f) Clutter success

Fig. 2: Qualitative comparison on Franka Panda 2-finger gripper. (a-b): GraspGen [21] selects top (slips), our selects center
(98% stability, 42% force reduction). (c-d): Geometry-only fails at reasoning, our achieves collision-free navigation with
reasoning (e-f): 95% success through continuous risk assessment.

TABLE III: Cluttered manipulation on Franka Panda 2-finger
gripper.

Method Success (%) Coll. (%) Stab. (%)

Geometry-only (Jiang et al. 2024) 45 38 62
With collision check (Danielczuk et al. 2021) 72 15 65
With CoM optimization (Zatsiorsky et al. 2006) 68 35 91
Our 95 2 98

knowledge [52] enabling queries impossible with latent rep-
resentations. Neural perception grounds symbolic predicates
and provides real-time collision monitoring [16]. Collision-
Aware: Static checking [15] fails because pose uncertainty
[44] creates position errors, gripper dynamics deviate, scenes
change. Continuous updates enable reactive adjustment (95%
vs. 45%). Stability: CoM proximity maximizes stability and
minimizes force [17], [18]. Pure geometry [21] optimizes
surface quality without mass distribution, leading to edge
grasps geometrically plausible but unstable. CoM-proximal
center grasps outperform top/neck by 58% stability, 42%
less force. Limitations: (1) Tactile sensing [67] needed for
deformables, (2) knowledge graphs require expertise (learning
from demonstrations [68] future work), (3) sim-to-real transfer,
(4) CoM assumes uniform density.

VII. CONCLUSION

We enlist the innovations as follows: (1) collision risk
encoding for real-time monitoring (95% success, 2% collision
vs. 45%, 38%), (2) CoM-aware optimization (98% stability,

42% force reduction vs. 62%), (3) automatic anchor generation
(99.97% ADD-S on Any6D [43]). Validated on Franka Panda
with 2-finger gripper using LIBERO [59], our work establishes
neurosymbolic integration as essential for robust manipulation.
Robotic manipulation in complex, unstructured environments
necessitates a fundamental shift from purely neural perception
to integrated neurosymbolic reasoning. The inherent limita-
tions of current state-of-the-art methods including the lack
of structured reasoning in vision-language models and the
static nature of geometry-only grasp synthesis, severely limit
success rates in cluttered, dynamic scenarios. To overcome
these challenges, we introduced an end-to-end neurosymbolic
framework that successfully bridges perception and high-level
reasoning. Our proposed framework includes scene graphs
with real-time collision risk, center-of-mass aware grasp opti-
mization, and automatic anchor generation for robust few-shot
pose estimation. Our framework shows stability and reasoning
capability, which can be further enhanced in future work by
leveraging combination of safe planning and reasoning based
on context [69] [70] [71].

In conclusion, the empirical results decisively demonstrate
the superiority of this integrated approach. Our framework
achieved 100% success on reasoning-intensive tasks in simu-
lation (compared to 0–50% for pure neural baselines), signif-
icantly enhanced object detection (up to 17 objects detected),
and delivered near-perfect pose estimation accuracy (99.97%
mean ADD-S). Crucially, the implementation of our grasp



TABLE IV: Manipulation success rates (%) on Franka Panda 2-finger gripper using LIBERO [59].

Overall Success (%) w/o Reasoning w/ Reasoning (Our)

Task Geom. [21] LLM [11] Our Pick Place Pick Place

Put mug in microwave 0 85 100 100 0 100 100
Pick book to compartment 0 80 95 100 0 100 95
Bowl drawer to plate 95 90 100 95 95 100 100
Wine bottle on rack 100 85 100 100 100 100 100
Box and butter in basket 90 95 100 90 90 100 100
Bowl near cookie to plate 90 90 100 90 90 100 100
Cut (avoid blade grasp) 0 60 95 100 0 100 95
Place in container 95 95 100 95 95 100 100
Use tool (functional grasp) 0 70 100 100 0 100 100
Pick from clutter 0 75 100 0 0 100 100
Multi-object reasoning 0 80 100 0 0 100 100
Grasp soft deformables 50 40 50 50 50 50 50
Grasp slippery surfaces 0 30 50 0 0 50 50
Precision grasp (small parts) 0 65 100 0 0 100 100
Grasp novel object shape 50 85 100 50 50 100 100
Grasp tool by functional parts 0 60 100 100 0 100 100

synthesis methods resulted in a high success rate (95%) with
drastically reduced collision risk (2%), while the center-of-
mass optimization provided 98% grasp stability with improved
efficiency. In summary, this work validates the critical ne-
cessity of combining sub-symbolic perception with structured
symbolic knowledge. By enabling robust, affordance-aware
manipulation that accounts for dynamic constraints and me-
chanical stability, our framework represents a crucial step
toward deploying truly autonomous and reliable robots in
complex, human-centric environments.
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