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Abstract

Task-Oriented Grasping (TOG) requires a robot to select
grasps that are not only stable but also functionally appro-
priate for a given task. This presents a significant challenge,
demanding a nuanced understanding of task semantics, object
affordances, and functional constraints. Existing learning-
based approaches often struggle with generalization due to
the scarcity of large-scale, task-annotated grasp datasets.
To overcome these limitations, we introduce GRIM (Grasp
Re-alignment via Iterative Matching), a novel, training-free
framework for TOG. GRIM operates on a retrieve, align, and
transfer paradigm. It first queries a memory of object-task ex-
amples, built from diverse sources including generative AI,
web images, and human demonstrations. Given a new scene
object, GRIM retrieves a semantically similar example and
aligns its 3D geometry to the scene object using a robust
coarse-to-fine strategy. This alignment is guided by a com-
bination of geometric cues and a semantic similarity score
over dense DINO features. Finally, the task-oriented grasp
from the memory instance is transferred to the scene object
and refined against a set of geometrically stable grasps to en-
sure task compatibility and physical feasibility. By eschewing
task-specific training, GRIM demonstrates strong generaliza-
tion, achieving state-of-the-art performance on benchmark
datasets with only a small number of conditioning examples.

Code, Dataset & Appendix — https://grim-tog.github.io/

Introduction
The ability for robots to physically interact with the world is
fundamental to their utility. While grasp synthesis has made
significant strides in achieving geometric stability, true ma-
nipulation intelligence lies in selecting grasps that are func-
tionally suitable for a specific goal. This problem, known as
Task-Oriented Grasping (TOG), moves beyond the question
of “Can I pick this up?” to “How should I pick this up to
complete task X?”. For example, a hammer must be grasped
by its handle to be used for hammering, not by its head.
This requires a deep understanding of object affordances,
task semantics, and the functional constraints they impose
(2020). A primary bottleneck for progress in TOG is the
data-scarcity problem. Supervised learning methods (Murali
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et al. 2020; Tang et al. 2023a) are powerful but depend on
large, manually annotated datasets that specify which grasps
are suitable for which tasks. Creating such datasets is labor-
intensive and scales poorly, limiting the ability of these mod-
els to generalize to novel objects and tasks not seen during
training.
To address these challenges, we propose GRIM (Grasp Re-
alignment via Iterative Matching), a novel training-free
framework that leverages the power of pre-trained founda-
tion models in a retrieve-align-transfer pipeline (Kuang et al.
2024; Di Palo and Johns 2024). Our approach follows the
pipeline shown in Figure 1. Since GRIM learns grasping
from generated video and and the underlying video genera-
tion models are too computationally heavy for real-time ex-
ecution, we create and successfully leverage memory option
for grasp retrieval. Instead of training a model on a fixed
dataset, GRIM builds a dynamic, evergreen memory (Fig-
ure 2) of object-task interactions from diverse and easily
accessible sources: synthetic data from generative models,
in-the-wild images from the web, and on-demand human
demonstrations. This diverse memory provides a rich source
of functional priors, inspired by the cognitive concept of the
world as an external memory (Melnik et al. 2018).

When faced with a new object and task, GRIM’s work-
flow is as follows (Figure 3):

1. Retrieve: It queries its memory to find the most relevant
prior experience, using a joint similarity metric that con-
siders both the visual appearance of the object (via DINO
embeddings (Oquab et al. 2024)) and the semantics of the
task description (via CLIP embeddings (Radford et al.
2021)).

2. Align: It robustly aligns the 3D point cloud of the re-
trieved memory object with the scene object. This is
a key contribution, employing a coarse-to-fine strat-
egy that first uses PCA-reduced DINO features for a
semantically-aware coarse alignment, followed by a pre-
cise ICP (Besl and McKay 1992) refinement.

3. Transfer & Refine: The task-specific grasp pose from
the memory instance is transferred to the aligned scene
object. This transferred pose then serves as a powerful
prior to select and refine the best grasp from a set of pre-
computed, geometrically stable candidates for the scene
object.
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Figure 1: The GRIM framework for task-oriented grasp synthesis. From a single scene image, the Video-Gen model generates
task-specific video examples, such as hammering (Task A) and handover (Task B). Grasps are extracted from these generated
videos and then transferred to a robotic arm to execute the specified task in the real world as shown for hammering (Task A).

Our main contributions are:

• A flexible and scalable memory construction pipeline
that integrates object-task experiences from diverse
sources, including a novel application of generative AI,
circumventing the need for manually annotated datasets.

• A novel 3D alignment strategy that prioritizes seman-
tic correspondence over geometric shape. By match-
ing dense DINO features, our method works effectively
even with sparse, partial point clouds where traditional
geometry-based alignment techniques often fail.

• A complete training-free framework that shows gener-
alization to both novel objects and novel tasks, val-
idated through extensive experiments and real-world
robot demonstrations.

Related Work
Task-Oriented Grasping (TOG) research has evolved from
analytical methods to data-driven techniques, with a recent
shift towards leveraging large-scale pre-trained models.

Data-Driven Approaches
Early data-driven methods learned direct mappings from ob-
ject classes and tasks to grasps (Dang and Allen 2012; Liu,
Daruna, and Chernova 2019). However, these approaches
often lacked semantic understanding and struggled to gen-
eralize (Tang et al. 2023a). To inject semantic knowledge,
subsequent works utilized knowledge bases (KBs) and prob-
abilistic logic (Song et al. 2010; Huang et al. 2022; Liu et al.
2023; Ardón et al. 2019; Zese et al. 2014), but these systems
often require significant engineering to construct and scale
the KBs.

The release of the TaskGrasp dataset by Murali et al.
(2020) was a significant step, enabling methods like GCN-
Grasp which uses a Graph Convolutional Network. How-

ever, such methods are inherently limited by the contents of
their training data and knowledge graph, struggling to gener-
alize to concepts unseen during training. More recent works
like GraspGPT (Tang et al. 2023a) and GraspMolmo (Desh-
pande et al. 2025) leverage Large Language Models (LLMs)
and Vision-Language Models (VLMs) to incorporate open-
world knowledge, improving generalization (Mikami et al.
2024). Nevertheless, these models still rely on a founda-
tional training phase on task-specific datasets (Tang et al.
2023b; Jin et al. 2024; Nguyen et al. 2023), inheriting the
associated data acquisition bottleneck.

GRIM diverges fundamentally from these paradigms. It
is entirely training-free, obviating the need for task-specific
grasp annotations. By dynamically building a memory from
heterogeneous data, it directly tackles the data scarcity and
annotation challenges that constrain prior methods.

Training-Free and Retrieval-Based Approaches
The advent of powerful foundation models has spurred
the development of training-free TOG methods. Many ap-
proaches use LLMs or VLMs to provide semantic guid-
ance, mapping a language command to a region on an ob-
ject where a grasp should be executed (Rashid et al. 2023;
Mirjalili et al. 2024; Li et al. 2024). While these methods
avoid training, they typically only provide coarse spatial pri-
ors (e.g., “grasp the handle”), not directly executable 6D
grasp poses.

Closer to our work are retrieval-based methods. RTA-
Grasp (Dong et al. 2024) also proposes a training-free ap-
proach using a memory of human demonstrations. It re-
trieves a relevant video and uses 2D feature matching to
transfer a grasp point. While effective, its reliance on 2D
matching can be ambiguous and less robust to viewpoint
changes. RoboABC (Ju et al. 2024) uses CLIP to retrieve
contact points but struggles to determine the full 6D grasp
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Figure 2: Our memory creation pipeline. A diverse set of inputs (AI-generated video frames, web images, human demonstra-
tions) are processed by a hand-object reconstruction module (Wu et al. 2024). This yields an object mesh and a corresponding
task-oriented grasp pose. We enrich the object mesh with dense DINO features to create a feature mesh, which is stored in
memory alongside the task label and grasp pose.

pose, particularly the crucial grasp orientation.
GRIM builds upon the strengths of retrieval but makes

several key improvements. Our retrieval is guided by a joint
3D visual (DINO (Oquab et al. 2024)) and task-semantic
(CLIP (Radford et al. 2021)) similarity. Crucially, we in-
troduce a robust, semantically-aware 3D alignment strategy
that aligns entire object point clouds, not just 2D features
(Di Palo and Johns 2024). This allows for a more precise
transfer of the full 6D grasp pose, which is then further
refined against the scene object’s specific geometry. This
holistic process addresses both ”where” and ”how” to grasp
with high precision and adaptability, without the limitations
of pre-defined datasets or explicit training.

Methodology
We introduce GRIM (Grasp Re-alignment via Iterative
Matching), a training-free framework for TOG. Our ap-
proach follows a retrieve-align-transfer pipeline, detailed be-
low.

Memory Creation
To generalize to novel scenes, we construct a memory M
of object-task experiences from diverse data sources. Each
instance in M is a tuple (FM , Gt, T,O), containing the ob-
ject’s feature mesh FM , a 6D task-oriented grasp pose Gt,
the corresponding task description T , and the object name
O.

The pipeline to create a single memory instance (Figure
2) begins with an image or video frame IHO depicting a
functional grasp. We use a hand-object reconstruction model
(Wu et al. 2024) to extract the object mesh and hand mesh.

We then derive a 6D parallel-jaw gripper pose Gt from the
hand mesh. This conversion is done by first identifying the
centroids of hand segments: the thumb, the combined in-
dex and middle fingers, and the palm. The gripper’s center
(translation) is defined as the midpoint between the centroid
of the thumb and the combined centroid of the opposing fin-
gers. The vector connecting these centroids establishes the
closing direction, and the palm’s centroid provides a refer-
ence point to determine the approach vector.

To create the feature mesh FM , we sample points from the
object mesh and compute a dense DINOv2 feature vector for
each point, effectively creating a semantic descriptor field
on the object’s surface, similar to Wang et al. (2023) and PS
et al. (2024).

While GRIM primarily learns from AI-generated videos,
our pipeline is flexible and can incorporate additional data
sources as well:

AI-Generated Videos: To create a scalable and diverse
data source, we leverage generative AI (Melnik et al. 2024).
For an object and task from a source like TaskGrasp (Mu-
rali et al. 2020), we prompt a VLM (Gemini Pro) to gen-
erate a detailed textual description of a video showing the
correct grasp. This description, along with a starting image
frame, is then used as a prompt for a video generation model
such as VEO2 (Google 2025) to generate a short video. We
sample a frame from this video to serve as IHO. This pro-
cess allows for cheap, large-scale creation of functionally-
grounded grasp data.

In-the-Wild Web Images: We use images scraped from
the web that show human grasping actions. For each image,
we use a VLM to generate a plausible task description T .
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Figure 3: The GRIM pipeline for a given scene object and task. (1) Retrieval: The system queries its memory using joint visual
and task similarity to find the best matching prior experience (a cup for the task ‘drink‘). (2) Alignment: The retrieved memory
object (red point cloud) is aligned with the scene object (grey point cloud) using our feature-guided iterative alignment. The
colors on the objects represent PCA-reduced DINO features, showing semantic correspondence. (3) Transfer & Refine: The
grasp from the memory object is transferred to the scene object and used to select the best among a set of task-agnostic, stable
grasp candidates (cluster of purple grasps), resulting in the final task-oriented grasp (single purple grasp).

Test-Time Expert Demonstrations: Our framework sup-
ports lifelong learning. If the robot fails on a task, a human
can provide a single-image demonstration, which is seam-
lessly processed and added to the memory M, improving
future performance on similar tasks (Malato et al. 2024).

Memory Retrieval
Given a novel scene containing a target object (represented
by its point cloud PSO with per-point DINO features FD

SO)
and a task command TS , we retrieve the most relevant mem-
ory instance.

First, we compute a global visual descriptor F̄D
SO for the

scene object by averaging its per-point DINO features. We
encode the task command TS into a text embedding ETS

using CLIP’s text encoder.
For each memory instance i ∈ M with its global object

descriptor F̄D
MO,i and task embedding ETM,i

, we compute a
joint similarity score:

Sjoint(i) = α · simcos
(
F̄D
SO, F̄

D
MO,i

)
+ (1− α) · simcos

(
ETS

, ETM,i

) (1)

where simcos(·, ·) is the cosine similarity and α is a hy-
perparameter balancing visual and task similarity (we use
α = 0.5). The memory instance (F ∗

M , G∗
t , T

∗, O∗) with the
highest Sjoint is selected for the next stage.

Semantic 3D Alignment
After retrieving a memory object (source point cloud PMO,
DINO features FD

MO), we must align it to the scene object

(target point cloud PSO, features FD
SO). A purely geometric

alignment like standard ICP would fail if the objects have
different shapes (e.g., aligning a metal spatula to a plastic
one). We therefore propose a coarse-to-fine alignment strat-
egy guided by semantic features.

Coarse Alignment: To reduce the dimensionality and
noise of the DINO features, we apply PCA, projecting both
FD
MO and FD

SO into a lower 4-dimensional space (DPCA =
4). We then perform a grid search over a discretized set of
initial rotations to find a promising coarse alignment. Specif-
ically, we sample 8 steps for each of the three Euler angles
(roll, pitch, yaw), resulting in 83 = 512 candidate rota-
tions {Ri}. For each candidate, we compute a transforma-
tion Tinit,i that aligns the point cloud centroids and applies
the rotation. The quality of this initial transformation is eval-
uated using a joint feature-geometric score. For each point
in the transformed source cloud, we find its K = 3 nearest
neighbors in the target cloud and compute a cost based on a
weighted sum of the squared Euclidean distance (wg = 10)
and the feature dissimilarity (wf = 100). By heavily weight-
ing the feature component, we prioritize finding a seman-
tically meaningful alignment over a purely geometric one.
The top 10 transformations with the lowest cost are selected
as candidates for the fine refinement stage.

Fine Refinement: The best coarse alignment is then used
to initialize the Iterative Closest Point (ICP) algorithm. This
standard ICP step refines the alignment to be geometrically
precise. This two-step process, where semantics guide the
initial guess and geometry refines it, allows for robust align-
ment even between objects that are semantically similar but
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geometrically distinct. The final output is a transformation
Tfinal that maps points from the memory object’s coordinate
frame to the scene object’s frame.

Grasp Transfer and Refinement
With the alignment Tfinal, we transfer the task-oriented grasp
GM from memory to the scene object: GS = Tfinal · GM .
However, due to small alignment errors or geometric differ-
ences, GS may not be perfectly stable or executable.

To find an optimal, executable pose, we follow a sample-
and-refine strategy inspired by Dong et al. (2024). First, we
use a task-agnostic grasp sampler, AnyGrasp (Fang et al.
2023), to generate a set of N geometrically stable grasp can-
didates {GA,i}Ni=1 on the scene object, each with a geomet-
ric quality score Sgeo,i.

We then re-rank these candidates based on their com-
patibility with our transferred task-oriented grasp GS =
(RS , tS). We define a task-compatibility score Stask,i for
each candidate grasp GA,i = (RA,i, tA,i):

Stask,i = (vtarget · vA,i)︸ ︷︷ ︸
Orientation Sim.

+exp

(
−∥tA,i − tS∥2

2σ2

)
︸ ︷︷ ︸

Position Sim.

(2)

where vtarget and vA,i are the approach vectors of the grasps
(e.g., the z-axis of the gripper frame), and σ is a bandwidth
parameter (set to 0.02m). This score rewards candidates that
are close in both position and orientation to the transferred
task-centric pose.

The final score for each candidate is a weighted sum of its
task compatibility and geometric quality:

Si = wtaskStask,i + wgeoSgeo,i (3)

We heavily prioritize task-compatibility by setting wtask =
0.95 and wgeo = 0.05, as AnyGrasp already ensures candi-
dates have high geometric quality. The grasp candidate G∗

A
with the highest final score Si is selected for execution.

Experiments and Results
We conduct extensive experiments to evaluate GRIM’s per-
formance, focusing on its ability to generalize to novel ob-
jects and tasks.

Experimental Setup
Baselines: We compare GRIM against three representative
baselines:

• Random: A task-agnostic baseline that randomly selects
a geometrically stable grasp from the candidates pro-
vided by AnyGrasp.

• RTAGrasp (Dong et al. 2024): A state-of-the-art
training-free method that uses 2D feature matching to
transfer grasps from a video memory.

• GraspMolmo (Deshpande et al. 2025): A state-of-the-
art learning-based VLM, which was fine-tuned on a mix-
ture of its primary synthetic dataset (PRISM, 379k exam-
ples) and a portion of the TaskGrasp.

Dataset: We evaluate all methods on the TaskGrasp
dataset (Murali et al. 2020), which provides object point
clouds and annotated task-oriented grasps. To rigorously test
generalization, we use two challenging splits:

• Held-out Objects: The memory contains no objects of
the same category as the test object.

• Held-out Tasks: The memory contains no examples of
the task being performed, even if it has seen the object
category before.

Memory: Our memory for GRIM and RTAGrasp is con-
structed from a combination of 180 AI-generated video
frames, 15 web images, and 15 human demonstrations, to-
taling 210 instances. This small size highlights the data ef-
ficiency of our approach. To ensure a fair comparison with
RTAGrasp, we build its memory from the same source im-
ages and derive its required 2D grasp points from our 6D
poses.

Evaluation Metric: Following standard practice, we
evaluate the methods on their ability to identify the correct
task-oriented grasps from a set of proposals. We use the 25
annotated grasps for each object instance in TaskGrasp as
candidates. A predicted grasp is considered correct if it is
one of the positive examples for the given task. We report the
Mean Average Precision (mAP) over all object-task pairs.
Since, these 25 grasp poses doesn’t have any geometric qual-
ity score, we set wgeo = 0.0 for final score calculation.

Quantitative Results
GRIM’s effectiveness and data efficiency are demonstrated
in our quantitative evaluations (Table 2). On the full
TaskGrasp dataset, GRIM achieves a Mean Average Preci-
sion (mAP) of 0.67. This result not only surpasses the state-
of-the-art training-free method, RTAGrasp (0.58), but also,
remarkably, outperforms GraspMolmo (0.62). This compar-
ison is particularly significant: GraspMolmo is a powerful
VLM trained on a massive dataset of 379,000 synthetic task-
oriented grasp examples, whereas GRIM’s memory contains
only 210 instances from heterogeneous, un-curated sources.
This result strongly validates our central thesis: by effec-
tively retrieving and re-aligning functional priors from a
small but diverse memory, it is possible to achieve superior
generalization without relying on vast, expensive, and poten-
tially biased training datasets. Additionally, Table 1 shows a
more granular insight for a few object categories from the
dataset.

Furthermore, GRIM’s performance advantage is most
pronounced in the challenging generalization splits. On
held-out objects and tasks, GRIM’s mAP degrades by
only 3%, whereas RTAGrasp’s performance drops by over
10%. This underscores the robustness of our 3D semantic
alignment strategy, which successfully transfers functional
knowledge even without direct categorical or task prece-
dents—a scenario where 2D feature matching proves less
effective.

To understand why our method works well, we tested it
without its key parts in an ablation study (Table 3). The
results clearly show that semantic alignment is the most
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Method Novel Instances

Paint roller Brush Tongs Strainer Frying Pan Fork Mortar Ice Scrapper Pizza Cutter

Random 0.30 0.66 0.23 0.24 0.32 0.26 0.31 0.60 0.50
RTAGrasp 0.39 0.93 0.28 0.55 0.42 0.35 0.37 0.91 0.57
GraspMolmo 0.56 0.73 0.55 0.44 0.46 0.53 0.66 0.65 0.58

GRIM(Ours) 0.89 0.90 0.58 0.58 0.60 0.76 0.72 0.71 0.92

Table 1: Per-category Average Precision on novel object instances from the TaskGrasp dataset.

critical component. Without it (GRIM w/o Semantic Align-
ment), performance drops to 0.50 mAP, which is nearly as
poor as the random baseline. This confirms that using fea-
tures is crucial for aligning objects for a task, especially
when their shapes differ. The grasp refinement step is also
important. Without it (GRIM w/o Grasp Refinement), per-
formance falls to 0.59 mAP. This means the transferred
grasp is a good starting point for the task, but it must be
fine-tuned to the scene object’s geometry to be successful.
In summary, both components are vital: semantic alignment
provides the correct functional idea, and refinement makes
that idea physically work.

A qualitative analysis further illuminates the behavior
of the semantic alignment module, particularly its failure
modes. Its performance is intrinsically linked to the fidelity
of the input point cloud. In scenarios with severe sensor
noise or extreme sparsity, the process of establishing dense
feature correspondences can break down. This corrupts ge-
ometric priors like the centroid and leads to a flawed coarse
alignment from which the local ICP refinement cannot re-
cover. The final transferred grasp is consequently misplaced
and functionally irrelevant. This underscores a key depen-
dency: while GRIM is robust to partial views, its ability to
reason functionally is contingent on receiving a partial point
cloud of sufficient quality to support the crucial semantic
alignment stage.

Method All Data Held-out
Obj.

Held-out
Tasks

Random 0.49 0.41 0.43
RTAGrasp 0.58 0.52 0.51
GraspMolmo 0.62 0.57 0.55

GRIM (Ours) 0.67 0.65 0.64

Table 2: Mean Average Precision (mAP) on the TaskGrasp
dataset. GRIM consistently outperforms all baselines, with
particularly strong performance on the held-out splits,
demonstrating superior generalization.

Real-World Robot Validation
To demonstrate the practical applicability of GRIM, we de-
ployed it on a Kinova Gen3 Lite manipulator. The scene
is captured by two RGB-D cameras. We used the same
210-instance memory from our simulation experiments,
containing no instances of the test objects. We evaluated

Configuration mAP (All Data)
Ablations:
GRIM w/o Semantic Alignment 0.50
GRIM w/o Grasp Refinement 0.59

GRIM (Full Model) 0.67

Table 3: Ablation study of GRIM’s key components. Results
are reported as Mean Average Precision (mAP) on the full
TaskGrasp dataset, demonstrating the critical role of both
semantic alignment and grasp refinement.

GRIM on 5 novel objects with associated tasks: a mallet
(task:‘hammering’), a kettle (task: ‘pour’), a spray bottle
(task: ‘spray’), an aerosol-can (task: ‘spray’), and a spoon
(task: ‘scoop’). For each object-task pair, we performed 10
trials. GRIM achieved a high success rate, successfully ex-
ecuting the task-oriented grasp in 39 out of 50 trials. Fail-
ures were not due to flawed grasp selection but were instead
traced to perception errors; specifically, noise in point cloud
reconstruction and calibration inaccuracies were able to dis-
rupt the subsequent 3D alignment stage. Figure 4 shows
qualitative examples of successful executions.

(a) (b)

(c) (d)

Figure 4: Real-world deployment of GRIM with novel ob-
jects. The system correctly plans and executes task-oriented
grasps. The Kinova Gen3 Lite robot successfully executing
the planned grasp.
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Limitations
As a training-free framework reliant on upstream pre-trained
models such as Gemini-Pro, Veo 2, Genie, SAM, and hand-
object reconstruction models, it is susceptible to halluci-
nations, low-quality outputs, or biases inherited from these
models, potentially affecting grasp accuracy in edge cases.
Additionally, while online inference is efficient at 10 sec-
onds, the offline memory creation incurs a one-time cost
of 7 minutes per item, which may limit scalability for very
large memories. Future work could address these by incor-
porating robustness checks and expanding real-world bench-
marks.

Conclusion
We have presented GRIM, a training-free framework for
task-oriented grasping that demonstrates remarkable gen-
eralization capabilities by retrieving and re-aligning func-
tional priors from a diverse memory. Our key innovation is
a robust 3D alignment process guided by semantic features,
which allows for effective knowledge transfer between ob-
jects that are functionally similar but geometrically different.
By leveraging generative models and other readily available
data sources, GRIM circumvents the data bottleneck that
plagues traditional supervised methods. Our extensive ex-
periments show that GRIM significantly outperforms exist-
ing training-free and learning-based approaches, particularly
in its ability to handle novel objects and tasks.

Future work could explore incorporating explicit geomet-
ric reasoning, perhaps through the generation of digital twins
(Melnik et al. 2025), to further refine the alignment and
grasp transfer process. Nevertheless, GRIM represents a sig-
nificant step towards building more general, adaptable, and
data-efficient robotic manipulation systems.
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