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Abstract— Controlling robots through natural language is
pivotal for enhancing human-robot collaboration and synthesiz-
ing complex robot behaviors. Recent works that are trained on
large robot datasets show impressive generalization abilities.
However, such pretrained methods are (1) often fragile to
unseen scenarios, and (2) expensive to adapt to new tasks. This
paper introduces Grounded Equivariant Manipulation (GEM),
a robust yet efficient approach that leverages pre-trained
vision-language models with equivariant language mapping
for language-conditioned manipulation tasks. Our experiments
demonstrate GEM’s high sample efficiency and generalization
ability across diverse tasks in both simulation and the real
world. GEM achieves similar or higher performance with
orders of magnitude fewer robot data compared with major
data-efficient baselines such as CLIPort and VIMA. Finally, our
approach demonstrates greater robustness compared to large
VLA model, e.g, OpenVLA, at correctly interpreting natural
language commands on unseen objects and poses. Code, data,
and training details are available https://mingxi-jia.
github.io/gem_page/

[. INTRODUCTION

Commanding a robotic manipulator with natural language
is important for enabling human-robot collaboration, while
adding language specifications increases the complexity of
the policy learning problem because the model needs to
deal with a higher dimensional state space, especially in
the multi-task setting. Data-driven approaches open new
possibilities for learning fine-grained language-conditioned
policies by learning from human demonstrations. Yet, these
methods require extensive data collection [1, 2, 3] or expen-
sive finetuning [4, 5]. For example, CLIPort [1] needs 50-
100 demonstrations per task to ensure robust performance.
RT-2 [5] finetunes a 55B LLM model with 130k robot
trajectories and 10 billion images-text pairs.

Another strand of prior works [6, 7, 8, 9] loosens the
need for large robotic datasets by directly utilizing existing
Vision Language Models (VLM) to generate robot com-
mands. However, since the VLMs lack an understanding
of the geometries of the physical world, these approaches
are still fragile to unseen object poses and cannot perform
accurate, fine-grained manipulation on novel shapes.

Therefore, two key weaknesses of prior work are (1)
data-driven methods require extensive data collection and
expensive fine-tuning if a new task is to be learned due to
the complex state space of potential objects and poses as
well as the large action space of possible robot movements,
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Fig. 1: Overview. By leveraging textual-visual relevancy maps with
equivariant language mapping, it allows the robot to learn robust
manipulation policies from a few demonstrations with high data
efficiency. Our method achieves, in average, 10x data efficiency
against CLIPort [1] and 53% more robustness than OpenVLA [4].
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and (2) the zero-shot approches are fragile to unseen object
poses and distractor objects. We address these challenges by
introducing a new imitation learning algorithm that leverages
textual-visual relevancies from pretrained VLMs and equiv-
ariant language mapping that enables our method to learn
efficient yet robust language-conditioned policies.

Our approach, Grounded Equivariant Manipulation
(GEM) exploits domain symmetries that exist in the
language-conditioned manipulation problem, specifically,
equivariance in SE(2). For example, consider “grasp the
coffee mug by its handle.” If there is a rotation or translation
of the mug, the desired pick action should also transform
accordingly, i.e., equivariantly. Our learned policy incorpo-
rates such language-conditioned symmetries and generalizes
to unseen scenarios related by symmetric transformations,
thus making the model generalize to unseen object poses
in a few-shot manner. To enable novel object generalization
across objects, colors, and shapes, we propose textual-visual
relevancy maps to distill information from large vision and
language models. We extract textual relevancy for open-
vocabulary recognition and construct visual relevancy via
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data retrieval to improve robustness. We leverage spatial
action map [10], i.e., representing actions as pixel locations,
with open-loop action primitives that allow us to flexibly
leverage equivariance and semantic relevancies. The resulting
method is robust to unseen object poses and achieves better
novel object generalization ability, as shown in Figure 1.
We make the following specific contributions. (1) We
propose a novel method to construct patch-level textual and
visual relevancy maps for robust open-vocabulary gener-
alization. (2) We analyze the symmetries underlying the
language-conditioned manipulation problem and design a
novel neural network called language steerable kernels for
building language-conditioned equivariant networks. (3) We
demonstrate the state-of-the-art generalization robustness and
sample efficiency in both simulation and the real world on
a series of challenging language-conditioned manipulation
tasks, using only 10%-20% training data compared with CLI-
Port [1] and 0.1% training data compared with VIMA [2].

II. RELATED WORK

Language-conditioned Policy Learning: Using language
as task specifications is a common way for multi-task policy
learning. Prior works [11, 12, 13, 2, 14] use feature con-
catenation, FILM [15], or the self/cross-attention mechanism
to fuse image and language features. For example, Shridhar
et al. [1] utilizes CLIP visual and text encoders and fuses
language and image features with a two-stream architecture.
Goyal et al. [14] processes the language token and visual
token jointly with a transformer. These models treat language
as static features, meaning that the language features remain
the same no matter how visual features change in a specific
task. These designs require lots of data to cover all possible
variances of visual features to guarantee performance. For
instance, VIMA [2] requires 60k robot demos to learn its
visual pick & place tasks. In contrast, our method maps lan-
guage instructions into equivariant features that dynamically
apply over the entire image space to generate robot actions,
allowing our method to achieve similar or higher success
rates with only 10-20 demonstrations.

Data-efficient Few-shot Learning requires the robot
to learn a robust policy to manipulate in-distribution ob-
jects given only a few demonstrations. Prior works using
geometric-constrained models [10, 16, 17, 18, 19, 20, 21,
22, 23, 24] leverage symmetries in robotic tasks and have
demonstrated their superior effectiveness for unseen pose
generalization that allows few-shot learning. However, these
methods often learn a single-task policy and only take visual
inputs. It is challenging to incorporate language into equivari-
ant models because, unlike images, language does not have
explicit spatial properties like rotation or translation. In this
paper, we propose a novel architecture that treats language
as a dynamic feature and enables object-level equivariance
using equivariant language mapping via Language Steerable
Kernels. Our approach can learn a multi-task policy yet
maintain high sample efficiency and spatial robustness.

Zero-shot Manipulation requires the robot to generalize
to out-of-distribution objects with novel shapes, colors, or

textures. Learning-from-scratch methods [10, 25, 26] per-
form well on seen objects but cannot generalize well on
unseen ones. Prior work [27, 28, 29] uses LLM/VLMs
as a zero-shot object detector or a text-level task planner,
assuming access to skills like a grasping model and pose
estimators. However, the lack of learning ability limits these
methods from adapting to complex task-oriented behaviors,
e.g., “insert the letter E block into the letter E hole” since
there is no general actor available for such placing skills.
F3RM [30] learns few-shot pick-and-place with distilled
fields, but it is slow because it requires extensive camera
views and test-time optimization for every action step. RT-
2 [5] and OpenVLA [4] learn generalist vision-language-
action models by training on large robotic datasets, which
give a certain degree of emerging behaviors on unseen
objects with novel instructions. Still, it is expensive to collect
new datasets and finetune these large parameterized models
to adapt to new tasks. In this paper, we propose a novel
approach that is capable of learning policies in a predefined
space of skills with a small number of demonstrations
while leveraging the zero-shot generalization ability from
pre-trained VLM models via patch-level textual and visual
relevancy maps.

III. METHOD

Problem Statement and Assumptions: We consider
the problem of learning from demonstrations for language-
conditioned manipulation tasks in SE(2) space. We frame
it as a two-step pick-and-place learning problem, although
our approach can support a larger space of skills, including
pushing, pulling, etc. Given a set of demonstrations that
contains observation-language-action tuples (O, {4, a;), the
objective is to learn a policy p(a¢|ot, ¢;) where the action
a; = (a¥*, aP"™°) has pick and place components. Please
note the policy can be formulated to generate the multi-step
pick-place actions, and we discard time step subscripts ¢ for
simplicity in the following sections. The visual observation
O is a set of RGBD images at several camera views.
The two-step actions, aPi°® and aP'2ee are parameterized in
terms of SE(2) coordinates (u,v,60pick) and (u, v, Opiace),
respectively, where u, v denotes the pixel coordinates of the
gripper position, i is the pick orientation defined with
respect to the world frame, and Opjace is the delta angle
between the pick and place. The language instruction ¢;
specifies the current-step instruction, e.g., “open the drawer”
or “grasp scissors by its handle and place into box.” We
assume /; for each step can be parsed into the pick instruction
and the place instruction, £ = (¢Pick, gplace)

Method Overview: There are three main modules. (1)
The relevancy extraction module takes multi-view images O
and the language instruction £. It outputs a dense relevancy
map that summarizes the visual and language input. (2) The
language-conditioned pick module takes as input the top-
down orthographic RGB-D projection o of the scene with the
language instruction ¢ and outputs an action map over pick
actions. (3) Similarly, the language-conditioned place module
produces an action map over place actions. The difference is
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Fig. 2: Relevancy Map Extraction. After (a) patchifying images into patches, we compute two types of relevancy maps. (b) Textual
Relevancy Maps allow open-vocabulary recognition, which is a topdown projection from the relevancy point cloud constructed with
multi-view relevancy maps. We reconstruct the point cloud by reprojecting RGBD with camera intrinsics and merging different views
with extrinsics. (c) Visual Relevancy Maps enhance the recognition robustness by querying from the existing database.

that the place module does convolution with an image-crop-
conditioned kernel instead of a language-conditioned kernel.

A. Zero-shot Recognition via Textual & Visual Relevancies

The relevancy extraction module uses a pre-trained CLIP
model to identify parts of the visual observation most rel-
evant to the current task. Specifically, it takes the language
goals (Pik and ¢P'ace and the current N-view observations
O = {o',0%,...,0™} as input and produces relevancy maps
RPIk and RPlace that highlight the language goals in the
pixel space. Note that while these relevancy maps do not
tell the system exactly where to pick, they provide a strong
visual-language prior. The pipeline is illustrated in Figure 2.

Textual Relevancy Maps for Zero-shot Recognition: We
use CLIP [31], which was trained by minimizing the cosine
similarity between the image feature and its text label with
internet data, to generate a pixel-wise relevancy score for
each of the N views in O. We split each image along a
grid into image patches with patch size p and stride s. Each
RGB image patch is then scored with its cosine similarity
to the language instructions with pre-trained CLIP features.
The textual relevancy function R;.,; can be described by

Rtext(P(On)a é) = Pil(gpatch : 5£T)a e

where P denotes the image patchification function and P!
denotes an inverse process that transforms all similarity
scores back to the original image dimension. Epuien €
R(mxn)xd. s the embedding outputs from the CLIP image
encoder, where (m X n) and d,, denote the number of
image patches and the output embedding dimension of CLIP
respectively. & € R'*%» is the embedding output for
language instruction ¢ from the CLIP text encoder. After
getting pixel-wise relevancies for each of the N views, we
integrate this information into a single point cloud and label
each point with the corresponding relevancy maps from all
views so that we get a final top-down textual relevancy map
Riest via projection, as shown in panel (b) of Figure 2.
Visual Relevancy Map for Semantic Correction: Al-
though the textual relevancy map highlights image regions
related to language instructions, we found it insufficient
because the high-value region does not necessarily highlight
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Fig. 3: Qualitative Results of Relevancy Maps. Our recognition
accuracy with visual relevancy focuses more on the task-specific
part (first-row), is less distracted by color (second-row), and rec-
ognizes uncommon instructions (third-row) than the baseline [32].
The text-visual ratio is set to 0.8 for visualization.

the correct object if certain text is underrepresented during

CLIP training. This misalignment creates noisy training
samples as shown in Figure 3 where Grounding DINO only
highlights a rough area and Ours w/o Visual Relevancy is
biased by colors. To solve it, we further introduce the visual
relevancy map, which is illustrated in Figure 2(c). Starting
with the demonstrations, we identify the image crops in the
demonstration data corresponding to pick and place events.
For all pick/place events identified, we store into a database a
pair comprised of the image patch at the pick/place location
and the language query that describes the pick/place object
(left side of Figure 2(c)). Then, at inference time, we index
into the dataset using the language query text and recall the
corresponding image crop, e.g., recall the image crop from
the dataset corresponding to “banana root”. The crop query
process can be expressed by

QueriedCrop(D, ¥) = arg max(&; -
cropeD

crop) (2)

RNxdm

where Kipop € denotes all language embeddings
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Fig. 4: Object-level SE(2)-equivariant Picking Model. Our
picking model fP'k consists of two branches. The top branch is our
vision-language encoder ¢(O, £), which includes a learnable action
model A and the textual-visual relevancy extractor R. The bottom
branch is the Equivariant Language Mapping x, which generates the
language steerable kernel by rotating the dynamic kernel ¢ (¢). The
fire and the snowflake symbol denote frozen and trainable models.
We discretize the SO(2) rotation space into 72 bins.

that correspond with N image patches for all N pick
and place objects in dataset D. & € R!*% denotes the
embedding of the language query. Then, we generate visual
relevancy maps by evaluating the cosine similarity between
the CLIP embeddings of the recalled image crop and the
patch embeddings from the top-down image o;. The visual
relevancy generation function Risua1 can be described by

Rvisual(P(O)a E; D) = P_l(gpatch : 5g;op)7 (3)

where Erop € R'*4~ denotes the embedding output for the
image crop from the CLIP image encoder. If the pick/place
target cannot be located in the dataset, i.e., max(& - KZ,,)
is below a threshold, then the visual relevancy map function
returns None. See Figure 3 for visualization examples.

To fuse textual and visual relevancy maps, we do a pixel-
wise weighted averaging if a Best Crop exists in the dataset.

Otherwise, only the textual map will be used.

B. Language Equivariance for Few-shot Learning:

While the relevancy maps provide semantic guidance
for recognizing objects, the robot has no knowledge of
where to manipulate the object shapes. Here, we use Learn
from Demonstrations (LfD) to encode human knowledge
into a learning-based model. A desired property we want
a language-conditioned policy model to have is object-
level equivariance, meaning that the output action should
transform accordingly as the object specified by the language
instruction transforms in the workspace. In the following,
we propose a novel neural network architecture that enables
equivariant language Mapping with its mathematical proofs.

Equivariant Language Mapping: We propose Equivari-
ant Language Mapping via language steerable kernels that
leverage object-level SE(2) equivariance, which allows our

model to learn a new task in a few-shot learning manner.
Previous work [10, 1] infers the pick location by taking the
argmax on the output attention map from UNet, which has no
guarantee that the model will generalize if any object moves
in SE(2). Instead, we leverage the object-level symmetry by
first mapping text embeddings by a UNet tPick(¢pick) into
a kernel with a spatial dimension of (C, H, W) and then
converting it into steerable kernels by rotating the output
with a group of n rotations {220 < i < n}. This results
in a stack of n rotated feature maps, ¥(-) = {go - ¥(:), g2 -
U(-), +  gn-1-¥(-)}, where g; = 2Z*. We define the entire
process as a language steerable kernel generator Pick(¢pick),
The language kernel ® maps language embeddings to convo-
Iutional kernels that satisfy the steerability constraints [33].
It allows picking action inference to be SO(2) equivariant
with respect to the object poses.

Symmetry of Language-Conditioned Pick: The picking
model fPik calculates a probability distribution over gripper
pose that corresponds to the probability of a successful grasp
on the desired object part. This distribution p(aP*|o, £Pick)
is estimated by fPik(o, fPick AfPick) The pick command
executed by the robot is selected by afj;, = argmax a'e.
The desired pick action is equivariant with respect to the
pose of the object to be picked, i.e., g-p(aPick|ppick gpick) —
p(aPick|g . ppick gpick) “where bPik denotes the object to be
picked and g- denotes the action of a transformation g. Note
that this equivariance is local to the object, in contrast to
standard models that are equivariant w.r.t. the scene.

Specifically, assume the observation o; contains a set of
m objects {b;}1™; on the workspace and denote the object
bPick a5 the goal object instructed by the language instruction
¢Pick If there is a transformation g € SE(2) on the target
object bPick regardless of transformations on other objects,
we denote it as g- 0" . The symmetry underlying f can be
stated as

arg max fpick (g . Ob"““’ gpick)
= g - arg max fpiCk(o, EPiCk)

Equation 4 claims that if there is transformation g €
SE(2) on the object b’, the best action af;, to grasp the
instructed object should be transformed to g - ag; . If the
symmetry is encoded in our pick model, it can generalize the
knowledge learned from the demonstration to many unseen
configurations. We use this symmetry to improve sample
efficiency and the generalization of our pick model.

Pick Model Architecture: There are two main parts of
the pick model. The first (shown in the top part of Figure 4)
calculates a language-conditioned pick map as follows. We
feed the raw RGB-D observation into a UNet, denoted as
APk and encode ¢2** with the CLIP. The encoded language
vector is concatenated onto the descriptor of every pixel
in the bottleneck layer of APk, The output of APk is
denoted as API(o, PiK) or APIk for simplicity. It is then
integrated with the pick relevancy map RP'* with element-
wise multiplication, shown as ® in Figure 4.

Symmetry of Language-Conditioned Place: Place ac-
tion that transforms pick target to the placement are bi-

4)



equivariant [34, 35], i.e., independent transformations of the
placement with g; and the pick target with g» result in a
change (ajj,ce = 91aplaceds ') to complete the rearrange-
ment at the new configuration. Leveraging the bi-equivariant
symmetries can generalize the place knowledge to different
configurations and thus improve the sample efficiency. The

coupled symmetries exist in the language-conditioned place:

place pick .
arg max fplace(gl X Ob +go- Ob ’gplace) —

919(951> - arg max fplace (0’ gplace)

&)

where g1 - o + go - o denotes g € SE(2) and

g2 € SE(2) acting on the instructed placement b”'2°° and the
picked object bPi°K, respecitively. (g, ') denote the angle of
the place action is rotated by —go. Specifically, the RHS of
Equation 5 indicates that the best place location is rotated by
g1, and the place orientation is rotated by 6(g1)6(g; *). Our
place model is designed to satisfy the language-conditioned
equivariance of Equation 5.

C. Eguivariance Proof for Language Steerable Kernel

Here, we prove the object-level SE(2) equivariance via
language steerable kernels as stated in Equation 4.

Steeribility background: The G-steerable kernels are
convolution kernels K : R™ — R« X« satisfying the steer-
ability constraint, where n is the dimensionality of the space,
dout and dy, are the output and input field type

K(g : 1’) = Pout (Q)K(Cv)Pm(g)_l (6)

Proposition 1: If k(¢) is a steerable kernel, it approxi-
mately satisfies the symmetry stated in Equation 4.

Translational Equivariance. Since FCNs are translation-
ally equivariant by their nature, if a target object o is
translated to a new location, the cross-correlation between
k(€)% fPik (o, £) will capture this translation, and there is no
change in the change space.

Rotation Equivariance. Assuming ¢ satisfies the equiv-
ariant property that ¢(T}o,£) = TS ¢(0,£) and the rotation
of o® is represented by Tg o, we start the proof with lemma 1
and lemma 2.

Lemma 1: if k(x) is a steerable kernel that takes trivial-
type input signal, it satisfies T} K (z) = pout (9~ ") K ().

Lemma 2: Cross-correlation satisfies that

(T (K % f)) (@) = (T3 K) * (T £))(7) M

Given Lemma 1 and lemma 2, we can prove that

K(0) * ¢(T§0, 0) =k(L) * T;zj)(o, )
=i(0) * T20(0, 1)
_ 070 0
=T, Ty k(L) * Ty (o, ()
_ 070
=T, [T, x(€) x ¢(0,¢)] lemma 2
:Tg[pout(g)’i(e) * ¢(07 E)] lemma 1

It states that if there is a rotation on o, the grasp position is
changed by T, and the rotation is changed by pout(g). Since
the cross-correlation is calculated for each pixel without

stride, the rotated b* is captured by p(g). In our implementa-
tion, we generate the language-conditioned steerable kernel

. ey
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Fig. 5: Performance Comparisons on VIMABench [2]. X-axis
and y-axis represent the number of demonstrations for training and
task success rate during evaluation in the visual_manipulation task.

k(¢) but remove the constraint of the equivariant property
of ¢. The U-Net encoder maintains soft global equivariance
with the long skip connections and data augmentation.

IV. EXPERIMENTS

We design the following experiments to answer four
questions:

o How is our data efficiency and performance on seen
and unseen scenarios compared with few-shot learning
methods [1, 10], large transformer-based models [2],
and zero-shot methods [6]? — Section IV-A

« How is the real-world performance of our method on
different physical robot platforms? — Section IV-B

« How is our robustness against unseen poses and lan-
guage & objects versus large VLA models [4] with few-
shot fine-tuning? — Section IV-C

« How does each component in our method contribute to
the final performance? — Section IV-D

A. Simulation Experiments

Tasks & Baselines For simulation tasks, we use 18 tasks
provided by CLIPort Benchmark [1], including multi-step
tasks  (block-in-bowl,  packing-box/google-pairs/objects),
long-horizon (stack-block-pyramid-seq, towers-of-hanoi),
deformable object (align-rope, separating-piles), novel
color/object tasks (unseen tasks). The metric is in the range
of 0 (failure) to 100 (success). Partial rewards are calculated
in multi-step tasks. For instance, in pushing-colored-piles,
pushing 10 piles out of 50 into the correct zone will be
credited é—g x 100% rewards. For baselines, we compare
our method with four strong baselines: Transporter [10],
CLIPort [1], VIMA [2], MOKA [6].

Comparing with Data-efficient CNN-based Methods:
Transporter [10] and CLIPort [1] are data-efficient methods
based on convolutional neural networks for pick-and-place
tasks. Transporter-Lan is a modified Transporter [10] to take
language instructions, where we concat the text embedding
onto the bottleneck of UNet. In Table I, we report the perfor-
mance on CLIPort Benchmark [1]. The best performance is
highlighted in bold in each column. Several conclusions can
be drawn from Table 1. (1) GEM outperforms the baselines in
all the tasks by a significantly large margin. For example, in
task separating-piles-unseen-colors, our method gets 97.6%
success rate with 20 demos while the best baseline only
achieves 66.0%. (2) GEM is more sample efficient compared
with the baseline. Trained with 10 demos, it can outperform



packing-box-pairs
seen-colors

packing-box-pairs
unseen-colors

packing-seen-google
objects-seq

packing-unseen-google

objects-seq

packing-seen-google
objects-group

packing-unseen-google
objects-group

Model 10 20 100 10 20 100 10 20 100 10 20 100 10 20 100 10 20 100
Transporter-Lan [10] 504 724 868 412 404 607 363 570 832 31.7 468 549 496 570 812 56.6 594 774
CLIPort [1] 632 783 882 288 642 714 379 526 80.1 459 417 496 620 621 771 495 503 60.0
CLIPort-multi [1] 603 829 814 424 537 543 766 843 770 504 587 476 790 8.0 886 799 8.6 738
MOKA [6] 16.3 20.6 32.7 41.2 36.1 40.7

GEM (ours) 796 867 918 673 714 782 762 858 897 692 798 860 866 8.1 942 781 719 823
GEM-multi (ours) 906 907 938 738 782 782 937 910 903 863 797 757 945 931 942 89.7 909 885

stack-block-pyramid
seq-seen-colors

stack-block-pyramid
seq-unseen-colors

separating-piles
seen-colors

separating-piles
unseen-colors

towers-of-hanoi
seq-seen-colors

towers-of-hanoi
seq-unseen-colors

Model 10 20 100 10 20 100 10 20 100 10 20 100 10 20 100 10 20 100
Transporter-Lan [10] 52.0 727 943 180 260 17.0 400 600 920 560 738 523 8l.1 88.6 957 434 483 60.0
CLIPort [1] 228 395 505 218 192 277 531 560 748 564 660 725 751 750 91.1 57.6 473 994
CLIPort-multi [1] 747 817 933 457 283 330 597 722 750 678 652 588 783 954 974 603 694 69.7
MOKA [6] 0. 0. 11.4 14.8 0. 0.
GEM (ours) 707 8.7 963 593 737 843 823 754 788 60.0 918 966 883 934 100 831 877 98.0
GEM-multi (ours) 943 953 950 760 893 787 942 962 920 890 976 966 963 994 989 934 98.0 97.1

. . assembling-kits-seq assembling-kits-seq put-blocks-in-bowls  put-blocks-in-bowls

align-rope packing-unseen-shapes
seen-colors unseen-colors seen-colors unseen-colors

Model 10 20 100 10 20 100 10 20 100 10 20 100 10 20 100 10 20 100
Transporter-Lan [10] 11.5 33.7 724 240 260 300 264 392 584 200 248 236 427 687 863 120 17.0 36.0
CLIPort [1] 300 169 515 290 240 340 178 248 394 166 206 366 372 556 927 50.8 417 518
CLIPort-multi [1] 39.7 424 408 520 460 520 288 428 320 284 272 188 840 960 98.0 387 480 440
MOKA [6] 2.4 4.0. 0 0 22. 17.5
GEM (ours) 31,6 386 69.0 540 440 520 428 472 624 344 400 628 940 983 100 877 920 943
GEM-multi (ours) 62.6 596 586 600 500 520 556 620 568 532 58.0 464 100 100 100 953 97.0 97.0

TABLE I: Performance Comparisons on CLIPort Benchmark Tasks (%) on 50 testing episodes. {10, 20, 100} denotes the number
of demonstrations used in training. “-multi” denotes multi-task models where they are trained on all tasks and evaluated separately.

the baselines with 20 and 100 demos on 10 out of 18 tasks.
In stack-block-pyramid-seq-seen-colors, our method trained
with 10 demos gets 70.7% while CLIPort only gets 50.5%
trained with 100 demos. (3) GEM demonstrates strong zero-
shot learning ability. The performance gap between GEM
and the baselines becomes larger with unseen objects. In
put-blocks-in-bowls with 100 demos, the difference between
GEM and CLIPort increases from A7.3% to A42.5% on
unseen colors. (4) GEM is capable of learning a multi-task
policy from diverse datasets. As shown in multi-task results,
GEM-multi performs best on 41 out of 54 evaluation cases.

Comparing with Zero-shot VLM Methods: In Table I,
we also compare with MOKA [6], a state-of-the-art zero-
shot method that is based on GPT4 [36] and SAM [37]
without training on any robot data. Table I shows that our
method trained with 10 demonstrations achieves, on average,
43.67 % better than the baseline across all tasks. The large
performance gap indicates that (1) there is a large gap
between LLM/VLM data and task-specific robot data, and
(2) it is vital to do few-shot learning to align pre-trained
relevancies and post-trained robotic features.

Comparing with  Transformer-based = Methods:
VIMA [2] is a learning-based approach that is based
on pretrained transformer architecture [38]. In Figure 5,
we compare GEM with VIMA [2] on VIMABench [2],
where ours achieves the same performance with 6 demos
comparing VIMA with 6k demos.

B. Real-world Experiments

For real-world experiments, we evaluate the few-shot
and zero-shot learning ability of our model on a series of

(b) Franka (c) Spot
Fig. 6: Real-world Tabletop and Mobile Manipulation Setup.
Cameras are highlighted in red, and workspaces are labeled in blue.

(a) URS

challenging open-vocabulary manipulation tasks.

Tabletop Tasks: As shown in Figure 7, we design four
distinguishable tasks to demonstrate the effectiveness of our
method on different levels. Pick-object-pat-in-box demon-
strates a key necessity of the few-shot learning ability of our
method that we can learn to take fine-grained task-specific
instructions like “pick red mug by its handle”. Stack-block-
pyramid shows the method’s capability of doing long-horizon
sequential tasks with an SE(2) model in 3D space with z-axis
heuristics. Pill-storaging shows our method can do multi-
task behaviors within one model beyond pick-and-place with
simple primitive actions. Common-knowledge demonstrates
zero-shot recognition ability on common knowledge objects.

Tabletop Results: We evaluate our method in four tasks
as shown in Figure 7 and report the results in Table II. Object
sets can be found in Figure 7. Our single-task method outper-
forms the baseline on all tasks up to a margin of 75.0%. On
pick-object-part-in-box, our method reaches 76.7% success
rate on seen objects while the baseline can only obtain 26.7%
success rate. Besides, it shows strong generalization ability
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Fig. 7: Real-world Tabletop Tasks. The transparent and solid
arms show the intermediate actions. On each task’s right side, it
shows the seen/unseen objects on the upper/bottom sides.

on unseen colors and shapes, whereas the baseline fails to
generalize well. The real-world experiments further prove the
few-shot and zero-shot learning ability of GEM.

pick-object- stack- pill- common-
part-in-box(5)  block-pyramid(5) storaging(5) knowledge(2)
CLIPort (seen) 8/30 46/60 8/48 5/16
GEM (seen) 23/30 56/60 35/48 16/16
CLIPort (unseen) 2/30 6/60 8/48 4/16
GEM (unseen) 16/30 38/60 27/48 16/16

TABLE II: Real-world Tabletop Performance. The numbers next
to task names indicate the n demonstrations we collect per training
object per task. “(seen)” denotes that all objects are in-distribution,
but their poses are randomly initialized during testing. “(unseen)”
means all testing objects are novel. Denominators are the number
of evaluation steps. Evaluation length differs due to different task
lengths and numbers of objects.

Mobile Manipulation Results: To demonstrate the ef-
fectiveness of our method in an open-world setting with a
large workspace, we evaluate GEM with Spot on a language-
conditioned pick-place task. Pixel-based action space allows
us to collect all the demos on one table, and the policy
can generalize to a multi-table environment by using an
action parameterization trick, where we concat observations
in spatial dimension and unionize the output action map
during inference time. Our model reaches 80% success rate
for seen objects and 50% for unseen objects.

C. Generalization Robustness Analysis:

We evaluate the generalization robustness in terms of
three aspects: unseen translations, unseen rotations, and
novel objects with unseen language instructions. We compare
with OpenVLA [4], which is a large vision-language-action
model pretrained on large-scale robotic datasets. We fine-
tune OpenVLA on a few demonstrations and apply the same
SE(2) data augmentation to guarantee fair comparison.

Spatial Generalization Robustness: We design a spatial
generalization testbed to evaluate the translational and ro-
tational generalization robustness. The task is to “pick the
red mug by handle and place into brown box”, where the
robot needs to perform precise picking on the mug handle
and put it into a box. We evenly collect demonstrations of 12
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Fig. 8: Robustness Analysis on Positional and Object Generaliza-
tion. We highlight our robustness gain over the baseline in orange.

translations and rotations across the workspace separately. To
test the robustness of translation generalization, we gradually
decreased the amount of training data so that the number
of unseen poses increases during evaluation. As shown in
Figure 8, our method preserves robust performance when
testing on more unseen poses. Meanwhile, the baseline
suffers a severe performance drop when the data is limited.

Novel Object Generalization Robustness: We construct
an object set that consists of 12 objects. The task is to
“pick {OBJECT} and place into brown box”. To test the
robustness of novel objects and language instruction, we
gradually decrease the number of training objects 74,4, and
test the models on the rest of the objects. During evaluation,
the object orders are randomly shuffled so that all scenarios
are unseen, even if they contain seen objects. OpenVLA [4]
suffers more performance loss compared with our method
when testing on more novel objects.

pyramid-seen-100  pyramid-unseen-100

Ours 94.0 84.3

w.o Relevancy Map 91.7 (J 2.3) 21.0 ({ 63.3)
w.0 Multi-view Relevancy 63.0 (4 31.0) 34.3 (J 50.0)
w.o Visual Relevancy Map 91.3 (4 2.7) 82.7 ( 1.6)

w.0 Steerable Kernel 7.7 (] 84.0) 1.7 ( 82.6)

w.o Lan-cond Kernel 90.7 (4 2.7) 61.3 ({ 23.0)

CLIP — Ground DINO 83.7 ({ 10.3) 21.7 ( 41.6)

TABLE III: Ablation Study in Simulation. Arrows indicate
performance differences between ours and each variation.

arrange-letter-to-word-seen arrange-letter-to-word-unseen

Ours 72.2 75.0
w.o Visual Relevancy Map 42.2 ( 30) 68.8 (J 6.2)

TABLE IV: Ablation on Visual Relevancy Map in Real-world
Tasks. 5 demos are used for training.

D. Ablation Study:

To investigate each component, we present a detailed
ablation as shown in Table III and Table IV. The main
findings are: (1) Relevancy maps are crucial for novel object
generalization, where the performance for pyramid-unseen
drops by 63.3 without it. (2) Language steerable kernels are
important for few-shot learning from limited demonstrations.
(3) Visual relevancy maps are necessary for real-world tasks
where the performance drops 6.2%-30% without it. Since
real-world observations are often noisier, visual relevancy
maps help suppress the noise. (4) Interestingly, multi-view
observations can significantly affect performance. We hy-
pothesize that side-view observations are closer to natural
image views on which CLIP is trained. (5) The performance
drops if we replace CLIP with an open-vocabulary object
detector Grounding DINO [32]. It shows that relevancy maps



are more scalable without the “objectness” inductive bias that
object detectors often rely on.

block-in-bowl-seen  block-in-bowl-unseen

Number of Cameras 1 2 3 1 2 3
Ours 98.0 100.0 100.0 79.0 883 96.0
CLIPort 98.0 927 953 360 453 387

TABLE V: Ablation on Number of Camera Views. 100 demos
are used for training. Evaluated at 20,000 Steps.

The performance of our model gets affected, but still
remains good performance given fewer camera views. As
shown in Table V, reducing camera views from three to
one, the performance drops by 2.0 and 17.0 in put-block-
in-bowl-seen and put-block-in-bowl-unseen, respectively. Our
hypothesis is that: (1) increased occlusion issues arise from
fewer viewpoints, and (2) noisier saliency maps result from
the absence of smoothing effects by multiple views. In
contrast, CLIPort maintains stable performance given any
number of cameras. However, our model still outperforms
the baseline in all testing cases. In addition, the choice of
viewpoint in the single-view setting is important. We find
that the front-view camera that looks at the workspace from
the opposite side of the robot works better than other views.

V. CONCLUSION

In this work, we propose Grounded Equivariant
Manipulation (GEM) that leverages pretrained textual-
visual relevancy and the inherent symmetry in language-
conditioned manipulation. Our method learns robust
language-conditioned manipulation policies in a few-shot
manner and shows a certain degree of novel object general-
ization ability. We validate the proposed method on simulated
and real-world tasks against different baselines. One limita-
tion is that our model needs predefined action primitives with
heuristics like “pick”, “place”, “open”, etc, limiting its ability
to perform more complex tasks. Fortunately, LLMs [36]
and LLM-based methods [39] provide convenient tools to
parse and translate natural languages into high-level robot
primitives. In the future, we will extend our method to (1)
SE(3) action space without predefined primitives, and (2)
improve local understanding [40, 41]. Worth mentioning, the
language-conditioned symmetries we studied in Section III
are applicable for SE(3) space, which provides a solid foun-
dation for extension using 3D convolution methods [42, 34].
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