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Abstract— We combine in-context learning with equivariant
grasp synthesis to enable zero-shot, geometrically aware adap-
tation from a few grasp examples. Using an existing equivariant
gripper-scene encoder, both current scenes and context scenes
are encoded. A context encoder then modulates the features of
the current scene, steering predictions toward grasp modalities
implied by the context. We show that this in-context feature
modulation can guide grasps toward desired regions on the
target object, supporting learning from prior rollouts and
affordance-based grasping, without requiring retraining of the
policy.

I. INTRODUCTION

The distribution of feasible grasps is inherently multi-
modal, as multiple distinct grasp configurations may exist
for a single object [18], [3]. Modeling this distribution
enables the generation of diverse and robust grasp candidates.
Generative approaches, such as diffusion models and, more
recently, flow matching, have demonstrated strong perfor-
mance in learning such complex distributions, including
for SE(3) grasp synthesis [21], [1], [20], [13], [23], [24].
However, most methods employ point cloud encoders, such
as PointNet++ [1], [3], [24], Occupancy Networks [20], [19],
or others [21], [13], [23]. While these capture geometric
structure, they do not enforce consistency under object or
scene rotations, which can only be learned implicitly from
data, and data augmentation [15]. In contrast, equivariant
neural networks enforce rotational and translational consis-
tency by design, thus improving generalization and grasp
precision [15], [9], [12], [8], [7], [24], [25]. However, in open
environments, encountering objects or scenarios where even
these methods fail is inevitable. For example, in a circular
factory [14], where, in contrast to linear production, used and
potentially deformed objects return to be remanufactured,
resulting in a high variety of unfamiliar objects requiring
manipulation. Retraining the policy on an updated dataset
would be of limited value for objects that may only have
been seen once; moreover, equivariant networks are typi-
cally memory-intensive and therefore expensive to train. To
enable zero-shot adaptation abilities, in-context learning [16]
has been recently adapted for robotics manipulation. In in-
context learning, the prediction is steered by supplying the
policy with a few examples. While some robotics methods
[26], [5], [4] directly use the in-context learning abilities
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Fig. 1.  Context grasps are provided to steer the policies predictions
towards a specific grasp modality. Without context the policiy predicts
grasps covering the complete object. With a context the policy predicts
grasps in the region indicated by the context. This behaviour can be used
to increase the success rate when grasping an object.

of LLMs, for higher-level task planning, some [10], [11],
[22] adapt the idea to the domain of trajectory-planning, by
providing demonstration trajectories, to infer the task from,
or to enable adaptation to OOD scenarios. In grasp-synthesis
[10] and [11] use a context-aware feature modulation to
capture relative relationships of cluttered objects in the same
scene for collision-aware target-oriented grasp generation.

We develop an equivariant context-encoder that is inte-
grated into an existing equivariant flow-based grasp-synthesis
pipeline [8]. Context and current scene are encoded with the
same SE(3)-equivariant backbone [8], and a context-attention
module modulates current grasp-scene features at every flow
step. Because conditioning is performed on relative grasp-
scene geometry rather than absolute poses, the method can
transfer contextual grasp preferences across different scenes
and objects. This allows both demonstration-driven affor-
dance steering and self-improvement from prior successful
grasps without retraining.

II. PROBLEM FORMULATION

We consider the task of conditional grasp synthesis. Given
a scene point cloud s € RV*3 and the gripper at pose T =
(R,p) € SE(3), a learned encoding ¢, relates the scene to
the gripper at its current pose. Specifically, given a learned
equivariant encoding of the scene and of the gripper, ¢
outputs a set of equivariant features, per joint query {g; f>:g1+
associated with the gripper with D, degrees of freedom. To
ensure a consistent reference frame for predicting rotational
and translational velocities under arbitrary gripper kinemat-
ics, two additional query points are anchored at the origin
of the gripper frame. Each query point g; = (p(q;), #(q;)) is
represented by its positon p(g;) and feature vector ¢(q;) =
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We add a context encoder to the equivariant flow matching for grasp synthesis described in [8], to enable in-context learning. (a) Scenes from

the context are encoded using the same equivariant gripper-scene encoder also used for encoding the current scene. The predicted current scene-related
joint queries are modulated using the scene-related joint queries from all context scenes. The modulated features are given to a flow head for denoising
the grasp pose. (b) The context encoder uses a graph-based attention mechanism with scalar features.

GB[‘"*‘" 0%(g;), which is a direct sum of irreducible represen-
tations (irreps) in SO(3) up to /yax. Given the learned scene-
related joint queries, flow matching is applied to predict
velocities for iteratively moving an initial randomly sampled
pose Tp to the target pose Ti. [8]

To enable zero-shot adaptation, in-context learning is
applied to modulate features based on experiences stored
in the context, thus steering the flow towards the grasp
modalities implied by the context. For this a context Z°°" =
{(s%°m 7% — (RO peoms) [ Conb}Dg+2) g:l’ containing
scene point clouds s°°", grasp poses 7", and scene-related
joint queries ¢;°", for B context scenes is provided. By
encoding the context scene-gripper relation with the same
encoder ¢ as the current scene, modulation of scene-related
joint queries can be executed entirely in the equivariant
feature space. In the next section, the in-context feature
modulation will be described. An overview of the system
is given in Fig. 2. As gripper-scene encoder ¢ we use the
equivariant encoder from [8].

III. METHOD
A. Feature modulation via context

Encoding the current scene and context scenes, results
in current scene-related joint queries {q,»}Dggz, and scene
related joint queries for the context {{qjon”} $tB
current joint queries are modulated using a graph- based
attention mechanism over the context joint queries, which we
call the context encoder. Afterwards, the modulated features
are then given to the flow head for denoising.

In the context encoder, all context features are compared
to current features. To this end, a complete bipartite graph
is constructed, connecting all current query points with all
context query points. To capture feature similarity, channel-
wise scalar edge features are computed:

Umax ¢

Zwé Z ¢cm ql ¢Lm(Aconb) ’

m=—/{

(D

Vib,j =

c=1

where W are learned weights and ¢ € {1,...,C} are the
channels. To ensure consistency across gripper frames, we
move to a common local gripper frame for information
exchange. As later velocities are predicted on the current
gripper frame, context features are first mapped to that frame
using Wigner D-matrices:
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The positions of context query points are also mapped to
the current gripper frame. Based on these aligned positions,
additional scalar features are computed to capture relative
distances and directions between query points. These features
encode local correspondences; when modulating the features,
it should be taken into account that query points in same
positions and arrangement should have more similar features
than those farther apart. Specifically we define distance d; ;
and directional features s; ;:
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where Y¢ are the real spherical harmonics, M are learned
weights, and enc is a sinusoidal position embedding. We
provide a time encoding as an additional feature, as a
lower feature similarity during earlier stages of the denoising
process is to be expected.

The scalar edge features are passed to a gating mechanism,
which identifies the most relevant context query points for
each current query point g;, both in terms of feature similarity
and spatial alignment. Additionally, the scalar features are
processed by a message-passing MLP to enrich the feature
representation. The enriched features are then aggregated to
each current query point g;, using the attention weights com-
puted by the gating mechanism. After an additional multi-
head attention refinement, the scene-related joint queries



Context Size

Dataset 0 2 4 10 20 40
D 066 083 084 086 088 0.90
040) (031) (029) (0.27) (0.25) (0.22)
00D 063 090 089 090 090 0.90
(0.40) (0.24) (0.24) (0.22) (0.22) (0.22)
069 075 076 - - ;
Real World [17] 535) 034y 033 © © O
TABLE 1

MEAN PERCENTAGE (STANDARD DEVIATION) OF GRASP PREDICTIONS
THAT FALL WITHIN OBJECT TARGET REGIONS ACROSS CONTEXT SIZES.

are modulated with the resulting attention-weights w;, by
modulating each irreducible representation ¢ uniformly over
its 2¢ 41 components:

g = @ (Wf ®12€+1) ‘P(f,-- ©)
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B. Training data generation

Similar to the concept followed by [22], training data is
generated to enable the policy to learn using arbitrary context
without the intention of capturing real-world plausibility. For
this we randomly sample a target and a non-target region on
the object point cloud and allocate pre-generated grasps to
both regions. From the target region, we sample one target
grasp and a random number of other grasps for the context,
for training. The context encoder is trained end-to-end with
the complete network, using the flow-matching loss.

IV. EXPERIMENTS

We evaluate the policy’s ability to use the provided context
by measuring the percentage of predicted grasps that fall
within a specified target region, given a context with grasps
from that region. We show that:

A) Using the context grasps from the target region, grasp

predictions are steered towards that region,

B) Using the context encoder does not impact the overall

grasp success rate.

A. Target Region Hit-Rate

a) Evaluation setup with Simulation Data: We generate
395 scenes using 78 objects from the YCB [2] and Google
Scanned Objects [6] datasets. Each scene contains an object
with a pose and target region not seen during training. Of
these objects, 70 were used during training, and 8 are novel
objects. Target regions are sampled randomly (see sec. III-B).
The context is sampled from the same object, with identical
target and non-target regions, but under a different object
pose, to demonstrate robustness towards object rotation and
translation.

b) Evaluation setup with Real-world Data: Addition-
ally, we evaluate the policy, trained entirely on simulated
data, on the TaskGrasp [17] dataset. The dataset contains
grasps defined on real-world recorded multi-view point
clouds of household objects. The grasps are assigned affor-
dance labels for a total of 56 tasks. We identify affordance-
based target regions by collecting the object points in the

proximity of the contact points of grasps suitable for a
given task. After filtering and discarding target regions that
span over 90% of the object point cloud and object-task
combinations that yield fewer than four suitable grasps,
we evaluate the policy on 151 objects and 756 object-task
combinations from the TaskGrasp [17] dataset. Due to the
limited number of grasps in the dataset, we only evaluate up
to a context size of four.

c) Results: Table I shows that already with a small
context size, the target region hit rate is improved, compared
to the baseline, where the policy is not provided with a
context. Larger context sizes further increase the hit rate, as
they are more likely to cover the full target region compared
to small context sizes, where many grasps may lie at the
border from target and non-target region.

B. Overall Grasp Success Rate

Datasets wo 0 2 4 10 20 40
id 098 097 096 096 096 096 0.96
ood 093 097 085 08 085 0.85 0.85

TABLE 11
MEAN SUCCESS RATES OF ALL GRASP PREDICTIONS, FROM OUR POLICY
USING CONTEXT SIZES O TO 40, WITH THE BASELINE (WO) [8], WHICH
DOES NOT CONTAIN A CONTEXT ENCODER.

Grasp success rate is evaluated by simulating all predicted
grasps in a MuJoCo environment. A grasp is considered
successful if the object can be lifted to a predefined height
without failure. As shown in Table II, the policy incorporat-
ing a context encoder achieves a success rate comparable to
the baseline [8], which does not contain a context encoder.
Slightly lower success rates for some context sizes could
stem from the random sampling of target regions, which does
not take into account that grasps on some parts of an object
might be more prone to failure.

V. OUTLOOK: IMPROVEMENT OF GRASP SUCCESS RATE

Steering grasps towards a specific modality, implied by
the context, has the potential to improve grasp success
rates. As visualized in fig 1, successful grasps from the
policy execution can be fed back as context to steer grasp
prediction towards stable grasp regions. A current limitation
is posed by grasp modalities equally containing successful
and unsuccessful grasps, requiring a more informed selection
of the context.

VI. CONCLUSIONS

We introduce in-context equivariant grasp learning to
steer policy predictions at each step of the flow-matching
forward process toward grasp regions implied by the context.
This attention-based modulation operates solely on relative
grasp—scene structure, without access to absolute grasp poses
in the context, which enables generalization across scenes
captured in different configurations. We showed that the
context can be used to guide the policy towards specific grasp
modalities. In subsequent studies, we will further investigate
the potential of this method for grasp refinement.
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