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Abstract—Task-Oriented Grasping (TOG) presents a
significant challenge, requiring a nuanced understanding
of task semantics, object affordances, and the functional
constraints dictating how an object should be grasped for
a specific task. To address these challenges, we introduce
GRIM (Grasp Re-alignment via Iterative Matching), a
novel training-free framework for task-oriented grasping.
Initially, a coarse alignment strategy is developed using a
combination of geometric cues and principal component
analysis (PCA)-reduced DINO features for similarity scor-
ing. Subsequently, the full grasp pose associated with the
retrieved memory instance is transferred to the aligned
scene object and further refined against a set of task-
agnostic, geometrically stable grasps generated for the
scene object, prioritizing task compatibility. In contrast
to existing learning-based methods, GRIM demonstrates
strong generalization capabilities, achieving robust perfor-
mance with only a small number of conditioning examples.
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I. INTRODUCTION

Robotic manipulation remains a fundamentally chal-
lenging problem, particularly when it involves grasping
objects in a manner that is appropriate for a specific
task. The ability to reliably grasp a wide variety of
objects is essential—not merely for achieving geometric
stability, but for enabling purposeful interaction. Task-
Oriented Grasping (TOG) goes beyond conventional
grasping strategies by requiring a deeper understanding
of object affordances, task semantics, and the functional
requirements that dictate how an object should be held
to effectively accomplish a given task. Despite growing
interest in Task-Oriented Grasping (TOG), the scarcity of
task-annotated grasping datasets (e.g., Murali et al. [20])
limits the scalability of training-based methods. These
approaches also struggle to generalize to novel object
instances and categories, posing a major challenge for
real-world deployment. To overcome these limitations,
we present GRIM (Grasp Re-alignment via Iterative
Matching), a novel training-free framework that adopts
a retrieve-align-transfer (RAT) strategy. GRIM builds
a dynamic memory of object-task interactions using
purely synthetic data, in-the-wild images, and human
demonstrations, enabling scalable and data-efficient task-

oriented grasping. Given a novel scene object and a tar-
get task, GRIM first retrieves a semantically and visually
similar object-task example from its memory. This re-
trieval is driven by a joint similarity metric that integrates
learned visual representations from DINO embeddings
[22] and semantic embeddings of task descriptions from
CLIP [25]. Once a relevant memory instance is retrieved,
its object point cloud is aligned to the scene object using
a hybrid alignment strategy. This process begins with
a coarse alignment based on geometric cues and PCA-
reduced DINO feature scoring, followed by fine-grained
refinement using the classical Iterative Closest Point
(ICP) algorithm [2]]. Finally, the grasp pose associated
with the retrieved memory instance is transferred to the
aligned scene object and further refined by evaluating
it against a set of task-agnostic, geometrically stable
grasps generated for the scene object, prioritizing task
compatibility.
The main contributions of this research are:

1) A flexible memory construction pipeline that in-
tegrates object-task experiences from diverse data
sources, including Al-generated videos, web im-
ages, and human demonstrations.

2) A robust and training-free alignment strategy that
leverages learned dense features for semantically-
aware coarse alignment, followed by precise ICP
refinement, suitable for aligning novel objects
where only partial or noisy observations may be
available.

II. RELATED WORKS

As robots are increasingly expected to interact mean-
ingfully with their environments, Task-Oriented Grasp-
ing (TOG) has emerged as a vital research direc-
tion—focusing not just on grasp stability, but on enabling
task-relevant manipulation. Research in this area has
largely followed two paths: analytical methods and in-
creasingly dominant data-driven techniques. Murali et al.
[20]
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Fig. 1: The gure shows our memory creation pipeline. The Hand-Object Reconstruction block is built on Wu et al.
[32]

A. Data-Driven Approaches paradigms. While we acknowledge the importance of se-
mantic understanding, we eschew the need for extensive

. . e-training on task-speci ¢ grasp annotations or reliance
and Allen [3] and Liu et al.[[12], focused on learnin ¢ P grasp

. . . n structured KBs. Instead, GRIM champions a training-
class-task-grasp relationships _dlrectly from data. HOVYr'ee approach by dynamically constructing a memory
EVer, as noteq by Tang et al. 28], these methods oftgy ., heterogeneous data sources, including synthetic
yielded unsatisfying performance due to the absence&) ta, in-the-wild images, and human demonstrations,

external knowledge. Rgcognizihg this, a signi cant bOd¥hereby directly addressing the data scarcity and anno-
of work has explored integrating semantic knowledg tion burden that encumbers many prior systems.
For instance, Song et all_[27] and Huang et al. [6

employed Bayesian Networks over constructed semantic __ . .
KBs, while Ardon et al. [1], Zese et al! [33] and Liu B. Training-Free Approaches
et al. [13] utilized probabilistic logic for reasoning over The emergence of powerful foundation models has
semantic attributes. These approaches often necessitaifilyzed training-free TOG methodologies. Approaches
grounding geometric information to pre-de ned semantigike Li et al. [10], Rashid et al[]26], and Miralili et al.
representations and grapple with the scalability of thef8] utilize LLMs or VLMs to map semantic knowledge
knowledge bases. to target objects for grasp region selection. As Dong et al.
A pivotal challenge, as highlighted by multiple sourcef] highlights, while these methods eliminate the need
Tang et al. [[2B], Murali et al.[[20], is the scarcity offor model training and manual annotation, they typically
large-scale, diverse TOG datasets. Murali et all [19foduce only coarse spatial priors for grasping, lacking
addressed this by contributing the TaskGrasp datasle¢ precision required for generating directly executable
and the GCNGrasp algorithm. GCNGrasp leverages theasp poses.
Knowledge Graph built from this dataset but struggles RTAGrasp also explores the training-free approach by
with generalizing to concepts outside this graph. Morearning TOG constraints from human demonstration
recently, Tang et al! [28] proposed leveraging LLMs tgideos. Like us, it avoids training and uses demon-
inject open-ended semantic knowledge, aiming to intrations, but GRIM stands out with a more diverse
prove generalization to novel concepts, though it remainsemory construction pipeline—drawing not only from
a training-based method. Other training-dependent workaman videos, but also from Al-generated content and
like Tang et al. [[29] and those by Jin et all [7] andveb images. GRIM also introduces a unique retrieval-
Nguyen et al. [[21] also rely on manually annotatedlignment-transfer process. The work most similar to
datasets, underscoring the persistent data acquisiti@RIM in terms of retrieval is Ju et al_|[8], which uses
bottleneck. CLIP to retrieve contact points. However, as RTAGrasp
Our work, GRIM, diverges from these training-centrigoints out, RoboABC struggles with selecting grasps that

Early data-driven TOG efforts, such as those by Da
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