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Abstract

3D vision-language understanding is central to multimedia research.
Representative tasks such as visual grounding and text-to-shape
retrieval require aligning 3D geometry with natural language that
often depends on fine-grained geometric cues. Most existing 3D-
language models build on generic backbones with limited geomet-
ric inductive bias, leaving them brittle to spatial transformations.
Conversely, strictly invariant encoders risk collapsing the very spa-
tial distinctions that geometry-sensitive queries depend on. We
introduce Equivariant Covering Networks on E(3) (E3CoverNet),
a 3D backbone designed to close this gap. Rather than directly
modeling the full E(3) transformation space, E3CoverNet progres-
sively builds equivariant representations along the subgroup chain
E(1) c E(2) c E(3). At each stage, a learned covering set dis-
cretizes the corresponding symmetry group, and a geometry-aware
attention layer synchronously updates invariant point features
and equivariant coordinates through a dual-path design. We plug
E3CoverNet into standard 3D-language pipelines and evaluate on
text-to-shape retrieval and 3D visual grounding benchmarks, where
it outperforms competitive baselines across both tasks. A geometry-
sensitive diagnostic further shows that E3CoverNet substantially
improves robustness to spatial perturbations without sacrificing
the semantic discrimination required for complex spatial queries.
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1 Introduction

3D vision-language understanding has become a central problem in
multimedia research, with applications in language-guided scene
understanding, embodied interaction, robotic manipulation, and
spatial reasoning. Representative tasks such as 3D visual ground-
ing [1, 4] and text-to-shape retrieval [6, 28] require models to
align raw unstructured 3D geometry with natural-language queries
that often depend on fine-grained spatial cues. Compared with
appearance-centric descriptions, many 3D-language expressions
are inherently geometry-sensitive, involving relative position, ori-
entation, shape configuration, and object-to-object relations [33],
such as “the chair facing the window,” “the lamp to the left of the
sofa,” or “an upside-down mug.” For such cases, successful cross-
modal alignment depends not only on semantic representation
capacity, but also on whether the underlying 3D encoder provides
a stable and informative geometric representation.

Although multimodal 3D understanding has advanced rapidly,
driven in part by large-scale 3D-language pretraining [21, 26, 40],
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3D large language models [7, 15, 39], and unified vision-language
frameworks [17], 3D-language alignment remains fragile under geo-
metric perturbations and coordinate variations. Many existing meth-
ods, including both task-specific pipelines and recent foundation-
model-based approaches, still rely on generic 3D backbones whose
geometric inductive biases are limited. As a result, learned represen-
tations may shift with viewpoint changes, object reorientation, or
coordinate-frame transformations, weakening multimodal match-
ing and grounding. Historically, equivariant architectures have
shown that embedding transformation structure into 3D encoders
can improve robustness and sample efficiency, particularly through
groups such as SE(3) [8, 12, 29, 32], with continued advances in
equivariant point-cloud modeling [11, 20]. Yet existing equivariant
designs remain poorly matched to the needs of geometry-sensitive
vision-language understanding: they are typically built for geomet-
ric perception tasks rather than cross-modal alignment, and directly
modeling high-dimensional transformation spaces can introduce
practical optimization and efficiency difficulties [12]. More funda-
mentally, a purely invariant encoder discards the spatial distinc-
tions(left versus right, facing toward versus away)that geometry-
sensitive language queries depend on, creating a tension between
geometric robustness and semantic expressiveness that existing
designs have not explicitly addressed in the multimodal setting.

These observations raise two questions. Can a more structured
geometric prior improve multimodal alignment in 3D-language
tasks, especially on queries that depend strongly on spatial struc-
ture? And can such a prior be introduced progressively, rather than
through monolithic modeling of the full 3D transformation space?
In this work, we address both questions by studying geometry-
aware representation learning through the Euclidean group E(3),
which includes translations, rotations, and reflections. We do not
assume that all language semantics are invariant to every transfor-
mation in E(3); instead, we use E(3)-aware modeling as a structured
inductive bias for learning geometry-sensitive 3D features and em-
pirically examine its value for multimodal spatial understanding.

To this end, we propose Equivariant Covering Networks on E(3)
(E3CoverNet), a geometry-sensitive 3D backbone for multimodal
understanding. Rather than parameterizing the full E(3) transfor-
mation space in a single step, E3CoverNet adopts a progressive
construction guided by the subgroup chain

E(1) € E(2) C E(3),

so that geometric structure is introduced from low-dimensional
to high-dimensional transformation spaces. Building on Lie group
cover learning [18], our design incrementally expands the repre-
sentation and injects transformation-aware geometric priors into
the 3D encoder. This progressive construction offers a practical
structured route to capturing increasingly rich geometric relation-
ships while avoiding a monolithic treatment of E(3). It also allows
geometric priors to be incorporated without assuming all language
semantics are invariant to every spatial transformation.

The resulting E3CoverNet backbone improves the overall stabil-
ity and quality of 3D representations under geometric perturbations
while preserving sensitivity to spatial structure, rather than collaps-
ing geometric variation into indiscriminate invariance. In summary,
our main contributions are as follows:
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e We propose E3CoverNet, a geometry-sensitive 3D backbone
that injects structured E(3)-aware geometric priors, bridging
unstructured point clouds and spatially complex language
queries for multimodal alignment.

e We develop a progressive construction E(1) c E(2) c E(3)
via Lie group covering, enabling computationally tractable
modeling from low-dimensional to full 3D transformations.

e We identify a key distinction between geometric robust-
ness and absolute spatial invariance in 3D-language align-
ment. Controlled perturbation tests and query-type analysis
show that E3CoverNet improves stability under spatial trans-
formations while preserving the semantic sensitivity that
geometry-sensitive expressions require.

2 Related Work

To contextualize our proposed approach, this section reviews rele-
vant literature across three highly intertwined domains: the evolu-
tion of 3D vision-language alignment methodologies (Section 2.1
and 2.2), and the development of geometry-aware 3D backbones
(Section 2.3) which inspire our equivariant encoder design.

2.1 Visual Grounding and Vision-Language
Alignment in 3D

3D visual grounding aims to localize the object referred to by a
natural-language expression in a 3D scene, and has become a rep-
resentative task for multimodal spatial understanding. Benchmarks
such as ReferIt3D [1], including SR3D and NR3D, and ScanRefer [4],
all built upon the ScanNet dataset [10], have enabled systematic
study of grounding under complex scene geometry and free-form
language descriptions. Recent surveys show that this area has
rapidly evolved from early object-centric matching pipelines to
more sophisticated frameworks that incorporate view reasoning, re-
lation modeling, and stronger cross-modal alignment mechanisms.

Recent methods improve grounding through transformer-based
relation modeling [16, 42], multi-view reasoning [14], geometric-
semantic interaction [3, 34], and context-aware fusion [13]. In
parallel, large-scale pretraining [17, 21, 40] and unified 3D vision-
language frameworks [38, 44] have substantially raised the perfor-
mance ceiling. Yet their underlying 3D encoders typically remain
generic architectures without explicit geometric inductive bias.
More recently, 3D large language models [7, 15, 39] have further
raised performance ceilings by using LLM-based reasoning, but
their 3D encoders are likewise inherited from standard point-cloud
backbones without geometry-aware design.

Our work is complementary: instead of designing new cross-
modal fusion strategies, scaling pretraining, or augmenting lan-
guage reasoning capacity, we study how explicitly structured geo-
metric modeling in the underlying 3D encoder can improve align-
ment quality, especially for geometry-sensitive queries.

2.2 Text-to-Shape Retrieval and Point-Language
Representation Learning

Text-to-shape retrieval studies cross-modal matching between lan-

guage and 3D shapes. Recent methods adopt contrastive learning

and multimodal pretraining to improve alignment at scale [19, 21,
26-28, 40], improving retrieval quality. However, the underlying
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3D representations still rely on generic encoders, leaving the role
of structured geometric priors underexplored.

Rather than focusing on contrastive objectives or trimodal su-
pervision, we investigate how a geometry-sensitive backbone can
strengthen retrieval from the encoder side.

2.3 Geometry-aware 3D Backbones and
Equivariant Representation Learning

Geometric deep learning [2] has shown that equivariance provides
an effective inductive bias for structured representation learning
[2, 8]. In 3D vision, prior work has explored geometry-aware archi-
tectures through point-based local aggregation [23, 24], local refer-
ence frames [25], spherical or tensor field constructions [9, 32], equi-
variant graph neural networks [12, 29], and point-cloud-specific
equivariant operators [11]. In particular, SE(3)-equivariant and
rotation-aware architectures, including EPN [5], E2PN [43], tensor
field networks [32], and related equivariant graph models [12, 29],
demonstrate that embedding transformation structure into 3D en-
coders can improve robustness and generalization. Recent work
continues to advance equivariant point-cloud modeling: Vector
Neurons [11] extend SO(3)-equivariance to standard point-cloud
architectures through a lightweight neuron-level design, Point-
NeXt [25] revisits classical point-based methods with modern train-
ing strategies to establish strong non-equivariant baselines, and
EquiformerV2 [20] pushes equivariant transformer architectures to
new performance levels on molecular and 3D benchmarks.

However, these methods target geometric perception tasks rather
than multimodal 3D-language understanding, and directly mod-
eling rich transformation spaces in a single step poses practical
optimization challenges. Our work differs by studying geometry-
aware modeling specifically for vision-language alignment through
a progressive subgroup chain E(1) ¢ E(2) c E(3).

3 Method

In this section, we introduce the architecture and computational
mechanism of E3CoverNet. Following a brief overview (Section 3.1),
we detail how the aforementioned subgroup chain is operational-
ized to ensure computationally tractable transformation modeling
(Section 3.2). We then formulate the stage-wise attention layer
that powers this progressive expansion by synchronously updating
invariant features and equivariant coordinates (Section 3.3), cul-
minating in the multimodal adaptation modules for text-to-shape
retrieval and visual grounding (Section 3.4).

3.1 Overview

Given a point cloud P = {p;}¥

.=, and a language query L, our goal is
to learn a 3D representation that supports geometry-sensitive cross-
modal alignment. As illustrated in Figure 1, E3CoverNet follows a
progressive design guided by the subgroup chain E(1) c E(2) c
E(3) (where E(n) = R" < O(n)), gradually expanding from lower-
dimensional geometric structure toward full E(3)-aware modeling.
At each stage, a geometry-aware attention layer jointly updates
point features and coordinates with explicit awareness of spatial
transformations. The method consists of three components: a pro-
gressive backbone construction (§3.2), a geometry-aware attention
layer (§3.3), and a task-agnostic multimodal adaptation (§3.4).
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3.2 Progressive E(3)-aware Backbone

Directly modeling a rich transformation space such as E(3) can be
particularly difficult in practice due to both optimization complex-
ity and the large number of coupled geometric degrees of freedom
involved. To address this, E3CoverNet adopts a progressive con-
struction that expands geometric support stage by stage.

LetC, = {gi(") }fi"l C E(n) denote a learned covering set at stage
n, where K, is the number of covering elements. Rather than di-
rectly parameterizing the continuous transformation space of E(n),
we use these Kj, elements as a finite set of learnable geometric
anchors that discretize the local support of the stage-specific trans-
formation space. Each stage thus captures representative geometric
variation through a tractable covering of E(n) while retaining the
transformation-aware structure needed for downstream alignment.
To connect adjacent stages, we use the natural embedding

In—n+1 * E(n) - E(n + 1)5 (1)

which lifts the learned geometric support from a lower-dimensional
group into the next stage of the hierarchy.

Given an intermediate representation f,(x) at stage n, the repre-
sentation at stage n + 1 is constructed as

Sar1(%) = thsnr1 (fa () + S (%), 2

where 8,11 (x) captures the additional geometric variation intro-
duced at the higher-dimensional stage. Stage identity is thus re-
flected not only in feature depth but also in the dimensional expan-
sion of the geometric support: lower-dimensional priors are pre-
served through 1,41, while new transformation-aware variation
is incrementally introduced through &, (x). By carrying forward
lower-dimensional geometric priors at each transition, E3CoverNet
progressively expands toward full 3D Euclidean modeling without
discarding previously learned structure.

In practice, the backbone contains three stages corresponding
to E(1), E(2), and E(3), with covering-set sizes K;=3, K,=8, and
K;3=10 respectively. The first stage captures simple low-dimensional
geometric variation, the second stage enriches planar structural
modeling, and the final stage produces full 3D geometry-aware
features. This staged design provides a structured alternative to
monolithic transformation modeling and makes it easier to inject
geometric bias into the encoder progressively.

3.3 Geometry-aware Attention Layer

Each stage of E3CoverNet is implemented with a geometry-aware
attention layer that jointly updates invariant feature channels and
point coordinates. Let the input feature matrix be H € RN*% and
the point coordinates be Z = {z;}Y, with z; € R®.

For points (i, j), we compute the relative displacement

Tij =2j = Z, ®3)
and the Euclidean distance
dij = |Irijllz. (4)

The scalar distance is encoded by a radial basis function ¢(d;;) [30],
which provides geometry-aware but transformation-stable inputs
to the invariant feature stream described below.
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Figure 1: E3CoverNet progressively builds geometry-sensitive 3D representations via an E(n) subgroup hierarchy for vision-
language tasks. (a) The model takes a point cloud P and a text query L as inputs. (b) Following the Progressive E(n) Hierarchy
(@), the backbone traverses three stages guided by E(1) ¢ E(2) c E(3). Each stage constructs a covering set that discretises
the corresponding symmetry group: K=3 samples on the translation axis, K=8 cells on the SO(2) circle, and K=10 cells on the
O(3) sphere (the rotational component of E(3), including reflections), progressively expanding from 1D translations to full 3D
Euclidean transformations. (c) Within the Geometry-Sensitive Backbone ((2)), an invariant feature path and an equivariant
coordinate path are updated synchronously at every stage (dual-helix structure). (d) The resulting representation is applied
to text-to-shape retrieval via contrastive alignment (Lo, top) and 3D visual grounding via multimodal fusion (bottom). By

decoupling stability from sensitivity ((3): Robust # Invariant), E3CoverNet ensures geometric quality without semantic collapse.

Invariant Feature Update. We first construct pairwise messages
based on neighboring features and distance encoding:

m;j = MLPy, (hj, $(dij)), (5
a1y = softmax; (MLPauen (i, hy, #(diy)) ). ©)
The feature update is then given by
H =H+Linear(z aij ~m,-j). (7)
J

Since this branch depends on invariant geometric quantities such
as inter-point pairwise distances and radial encodings, it provides
stable feature interaction under Euclidean transformations.

Equivariant Coordinate Update. To preserve geometric structure
in the coordinate stream, we update coordinates using relative
displacement vectors modulated by invariant scalar gates:

Ha
Az; = Z Z agy - wiy i, ©
h=1
7' =7 +AZ (10)

where H, is the total number of attention heads. Because the coor-
dinate update is entirely formed from relative displacement vectors
and scalar coefficients, the coordinate stream is designed to trans-
form consistently under Euclidean transformations.

Stage-Wise Instantiation. The same layer template is used across
stages, while the stage identity determines how geometric priors
are organized and expanded through the subgroup hierarchy. The
subgroup chain controls the progressive expansion of the backbone,
and the geometry-aware attention layer serves as the computational
unit that realizes this construction in practice.

Compared with directly parameterizing a large transformation
space in a single block, this design is easier to optimize and natu-
rally aligned with staged geometric modeling. If fully connected
neighborhoods are used, the complexity of a backbone layer is

3
O(NZZdn), (11)
n=1
where d,, denotes the stage-dependent geometric dimensionality. In

practice, complexity can be reduced by using sparse neighborhoods.

Unified Forward Procedure. To clearly consolidate the overall
progressive backbone construction (§3.2) and the geometry-aware
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Algorithm 1 Forward Pass of E3CoverNet Backbone

Input: Covering sizes (K;=3, K;=8, K3=10); point cloud
P= {pl}f\il
Output: Geometry-sensitive 3D feature matrix H®)

1: ZO — p; HO «— Embed(P)

2: for stagen =1,2,3 do

3 % Covering-set construction (§3.2)

4 Obtain learned covering set C,, = {g;”)}fi"l c E(n)

5 if n > 1 then

6: Lift representation via 1,_1—, and add stage-specific

variation J, // Eq.(2)

7: end if

8: % Geometry-aware attention (§3.3)

9: Compute pairwise 1, dij, ¢(d;;) from ALY //
Egs. (3)-(4

10: % Invariant feature path

11: Compute messages m;; and attention weights «;; //
Egs. (5)~(6)

12: HmM « g-1) 4 Linear(Y}; a;j - myj) // Eq.(7)

13: % Equivariant coordinate path

14: Compute scalar gates wihj // Eq.(8)

1. ZMW e~z 4 3, af‘j~wf’j ‘i // Egs. (9)-(10)

16: end for

17: return H®) // backbone output for downstream tasks

attention layer described above, Algorithm 1 summarizes the com-
plete forward pass of the E3CoverNet backbone.

As illustrated in Figure 1, Algorithm 1 realizes a three-stage
forward recursion rather than a monolithic E(3) block. At each
stage, the covering set C, discretizes the stage-specific symme-
try group, and the inter-stage lifting 1,_1—,, (line 6) ensures that
lower-dimensional geometric priors are preserved rather than dis-
carded. Within each stage, the invariant feature path (lines 10-11)
and the equivariant coordinate path (lines 13-14) are updated syn-
chronously, realizing the dual-helix structure depicted in Figure 1 (c).
Because all scalar gates and attention weights are derived from in-
variant quantities (pairwise distances), the coordinate stream main-
tains transformation-consistent behavior throughout the hierarchy,
embodying the “Robust # Invariant” principle central to our design.

3.4 Multimodal Adaptation

E3CoverNet serves as a general-purpose plug-in 3D backbone for
standard vision-language pipelines.

Text-to-Shape Retrieval. The backbone output H® is aggregated
via global average pooling to produce a shape embedding Fsp € RP,
aligned with the text embedding Fiex; € RP from a frozen language
encoder via a symmetric InfoNCE loss [22, 26]:

Sii [T
log e—}) (12)

sii [T

. eSijlT +E
% e

5 log

1
=—Z|E
.[,cont ( Zj eSﬁ/T

where s;; = F;—D’iFtext, j and 7 is a learnable temperature.

3D Visual Grounding. For each candidate object k, E3CoverNet

produces a feature F3(]§). The set {FS(]I;) f=1 is fused with language
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tokens through a cross-attention module, where text queries attend
over geometry-sensitive 3D features for referred-object prediction.

4 Experiments

We evaluate E3CoverNet as a geometry-sensitive 3D backbone
for vision-language alignment. Our experiments examine whether
E3CoverNet improves performance on standard 3D vision-language
tasks, whether the gains remain competitive against representa-
tive task-specific methods, whether the learned representation is
more robust under spatial perturbations and on geometry-sensitive
queries, and whether the progressive subgroup construction con-
tributes to the observed improvements.

4.1 Experimental Setup

Tasks and Datasets. We evaluate E3CoverNet on two 3D vision-
language tasks: text-to-shape retrieval and 3D visual grounding.

For text-to-shape retrieval, we use the Text2Shape benchmark
[6]. Given a natural-language description, the goal is to retrieve the
most relevant 3D shape from a candidate set.

For 3D visual grounding, we use the ReferIt3D benchmark [1],
including both SR3D and NR3D. SR3D contains template-based
spatial descriptions, while NR3D contains free-form human utter-
ances. These datasets are suitable for evaluating geometry-sensitive
vision-language alignment because many queries depend on rela-
tive position, orientation, or spatial configuration.

Comparison Protocol. We consider two complementary settings:
a task-level comparison against representative methods reported for
each benchmark, and a backbone-level comparison in which only
the 3D encoder is swapped within a unified multimodal pipeline
(same language encoder, fusion module, loss, and schedule). The
task-level setting positions E3CoverNet relative to full systems; the
backbone-level setting isolates the encoder’s contribution.

Implementation Details. For all tasks, input point clouds are nor-
malized before feature extraction. All experiments are conducted on
NVIDIA RTX 4070. The language encoder is kept identical across
all compared backbone variants so that the comparison focuses
on the contribution of the 3D representation. During training, we
avoid aggressive transformation-heavy augmentation, since our
goal is to test whether geometric robustness is provided by the
model architecture itself rather than by augmentation.

For text-to-shape retrieval, E3CoverNet uses only text and 3D
shape inputs. In particular, unlike trimodal retrieval methods such
as TriCoLo, our model does not use an additional image modality.
For 3D visual grounding, E3CoverNet is evaluated as a plug-in 3D
encoder within a fixed grounding pipeline, without introducing
task-specific modules beyond the backbone replacement. All results
are averaged over multiple runs with the same evaluation protocol.

Evaluation Metrics. For text-to-shape retrieval, we report Recall
@K (R@1, R@5, and R@10). For 3D visual grounding, we report
grounding accuracy on both the SR3D and NR3D splits following
the standard evaluation protocols established in prior work [1].
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Table 1: Comparison with representative methods on
Text2Shape retrieval. Methods marked with | use large-scale
pretraining or image/multi-view supervision beyond the text-
shape pair. E3CoverNet uses only text-3D inputs (bimodal).
For a controlled backbone-only comparison, see Table 3.

Method | Re1 R@5 R@10
Text2Shape baseline [6] 6.3 19.1 294
Parts2Words [31] 9.5 26.3 37.1
TriCoLo' [28] 13.2 34.1 458
ULIP' [40] 15.6 38.4 50.2
OpenShape [21] 183 43.5 55.8
E3CoverNet (Ours) 14.1 35.4 47.0

Table 2: Comparison with representative methods on
ReferIt3D grounding. § denotes a unified pre-trained 3D
vision-language system with large-scale pretraining data.
E3CoverNet is evaluated as a plug-in backbone replacement
without additional pretraining. For a controlled backbone-
only comparison, see Table 3.
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the 3D backbone is changed, while the language encoder, fusion
module, loss, and training schedule remain fixed.

Table 3 reports the backbone-swap comparison. With all other
components fixed, E3CoverNet consistently outperforms both stan-
dard point-based encoders, including the recent PTv3 [37], and
geometry-aware backbones (EPN, E2PN, EquiformerV2), provid-
ing direct evidence that the progressive E(3)-aware construction
contributes meaningfully to multimodal alighment across both re-
trieval and grounding tasks. In particular, E3CoverNet outperforms
EquiformerV2 [20], the strongest monolithic equivariant trans-
former in our comparison, at substantially lower computational cost
(§4.6), confirming that progressive subgroup construction is more
effective and efficient than directly modeling high-dimensional
transformation spaces for vision-language alignment.

Table 3: Controlled backbone-swap comparison under a uni-
fied multimodal framework. Only the 3D encoder is changed;
the language encoder, fusion module, loss function, and train-
ing schedule are kept identical across all rows. Absolute
scores are lower than those in Tables 1-2 because the unified
framework strips task-specific optimisations to ensure a fair
backbone-only comparison.

Retrieval Grounding

Method H SR3D Acc. NR3D Acc. Al R@1 R@5 R@10 SR3D NR3D
ReferIt3DNet [1] 40.8 35.6 PointNet++ [24] 8.8 24.5 34.2 485 38.4
ViewRefer [14] 54.6 42.6 DGCNN [35] 9.6 26.1 36.5 50.1 415
G3-LQ [34] 56.3 44.2 PointTransformer [41] 11.2 29.2 40.1 52.8 41.2
DOTrA [36] 575 45.0 PointNeXt [25] 11.7 30.5 39.6 535 42.0
CFA [13] 58.4 45.9 PTv3 [37] 12.0 31.2 42.0 54.8 42.8
3D-VisTA* [44] 64.2 514 EPN [5] 12.1 31.4 42.8 54.6 42.9
E3CoverNet (Ours) 58.9 46.3 E2PN [43] 12.6 32.6 44.1 55.4 43.7
EquiformerV2 [20] 13.0 334 44.8 56.2 44.1
4.2 Main Results E3CoverNet (Ours) 134 340 456 569  44.8

4.2.1  Comparison with Task-Specific Methods. We first compare
the performance of E3CoverNet with several representative and
competitive task-specific methods on both benchmarks.

Text-to-Shape Retrieval. Table 1 reports the retrieval results on
Text2Shape. E3CoverNet achieves the strongest performance among
task-specific methods using only text and 3D inputs. Pretraining-
based methods (ULIP, OpenShape) benefit from additional image
supervision and massive paired data; integrating E3CoverNet into
such frameworks is a natural future direction.

3D Visual Grounding. Table 2 reports the grounding results on
ReferIt3D. Among methods without large-scale pretraining, E3Cover
Net achieves the best performance on SR3D and NR3D. The gap to
3D-VisTA¥ reflects the difference between backbone-level improve-
ment and system-level pretraining, a complementary direction.

4.2.2  Comparison under a Unified Backbone-Swap Setting. To iso-
late the contribution of the 3D encoder, we next compare E3CoverNet
with both standard point-based and geometry-aware equivariant
backbones in the same multimodal pipeline. In this setting, only

4.3 Robustness under Spatial Perturbations

We evaluate the geometric stability of the learned representation
through controlled perturbation tests at inference time. For text-
to-shape retrieval, we apply rotations, reflections, and coordinate-
frame perturbations to the input shapes without retraining. For 3D
visual grounding, we perturb candidate object point clouds while
keeping the grounding pipeline unchanged.

We do not interpret these tests as assuming that every language
query is invariant to every geometric transformation. In particular,
expressions involving left/right, front/back, or orientation-specific
references may not preserve their intended semantics under ar-
bitrary spatial transformations. Our goal is instead to examine
whether E3CoverNet produces more stable geometry-sensitive 3D
features under controlled spatial shifts of the input geometry.

Figure 2 illustrates the rotation-based slice of this study on SR3D,
comparing different backbones as the perturbation angle increases.
E3CoverNet degrades more gracefully than competing backbones
as perturbation strength increases, indicating that the proposed
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backbone learns a more stable geometric representation rather
than relying mainly on canonical input orientation. This controlled
stress test supports our central claim that E3CoverNet improves
geometric robustness without collapsing orientation-sensitive spa-
tial semantics into indiscriminate invariance.
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Figure 2: Robustness under rotation on SR3D (backbone-
swap setting). E3CoverNet still retains 88% of its initial accu-
racy at 180° (vs. 72% for E2PN, 48% for PointNet++). Shading
clearly denotes the robustness gain over E2PN. Crucially,
E3CoverNet degrades gracefully rather than remaining en-
tirely flat, preserving the spatial sensitivity required for com-
plex spatial queries (“Robust # Invariant”, §4.3).

Equivariance vs. Data Augmentation. To disentangle the con-
tribution of architectural equivariance from data augmentation,
we compare E3CoverNet (trained on canonical orientations only)
against PTv3 with and without SO(3) augmentation. All rows are
tested on unseen rotation angles. As shown in Table 4, PTv3 without
augmentation collapses to 28.1% at 180°; adding full SO(3) augmen-
tation recovers it to only 34.0% (62% retention). E3CoverNet, with-
out any augmentation, retains 50.1% (88% retention), confirming
that structural equivariance provides stronger rotation robustness
than finite-sample augmentation.

Table 4: Equivariance vs. data augmentation under unseen
rotations (SR3D Acc. %). “Aug” denotes training-time SO(3)
rotation augmentation.

Backbone | 0° 90° 180°
PTv3 (No Aug) 54.5 38.0 28.1
PTv3 (w/ SO(3) Aug) 54.8 452 34.0
E3CoverNet (No Aug) 56.9 53.4 50.1

Robustness under Partial Observation. Under random point drop-
ping at test time on NR3D, E3CoverNet degrades gracefully: 44.8%—
43.0%—40.6%—35.7% at 0/20/40/60% drop rates, versus PointNeXt’s

MM ’26, November 10-14, 2026, Rio de Janeiro, Brazil

42.0%—37.5%—32.2%—23.8%. At 40% drop, E3CoverNet loses only
4.2 points versus PointNeXt’s 9.8, as the redundant covering anchors
maintain partial group coverage when local regions are missing.

4.4 Ablation Studies

4.4.1 Effect of Progressive Group Hierarchy. To study the role of the
progressive subgroup construction, we compare several variants
of the proposed backbone: a non-equivariant version, lower-stage
subgroup variants, an SE(3)-aware version without the full E(3)
construction, and the complete E3CoverNet model.

Table 5 reports the results. The progressive hierarchy consis-
tently improves performance, showing that staged geometric expan-
sion from E(1) to E(3) is more effective than removing geometric
structure or introducing it in a weaker form. Under a controlled iso-
parameter (5.1M) comparison, three equivariant variants—monolithic
full E(3) (K=30), two-stage skip E(1)—E(3), and the proposed pro-
gressive chain—achieve Text2Shape R@1 of 11.5, 12.1, and 13.4,
respectively, confirming that staged decomposition simplifies opti-
mization over high-dimensional covering spaces.

Table 5: Ablation study on the subgroup hierarchy.

Model Variant | Re@1 R@5 R@10
Vanilla (No covering) 10.6+03 28.9+0.4 39.5+0.5
E(1) only 11.3+03 30.2+0.4 41.4+0.4
E(1) C E(2) 12.4+0.2 32.5+03 43.7+04
SE(3)-aware variant 12.8+0.2 33.1+03 44.3+03
Full E(3) (E3CoverNet) 13.4+0.2 34.0+03 45.6+03

4.4.2  Effect of Geometry-aware Attention. We further evaluate
whether the gains come from the geometry-aware attention mecha-
nism itself or only from the progressive hierarchy. We compare the
full model with variants that remove coordinate updates, replace
geometry-aware attention with standard self-attention, or remove
the coupling between invariant feature interaction and equivariant
coordinate propagation. The results are reported in Table 6.

Table 6: Ablation on the geometry-aware attention layer.

Model Variant || SR3D Acc. NR3D Acc.
Standard attention replacement 54.7+03 42.8+04
No coordinate update 55.5+0.3 43.4+03
No coupled geometric branch 55.9+0.2 43.8+03
Full E3CoverNet 56.9=0.2 44.8+03

4.5 Analysis on Query Types

To better understand where the gains come from, we divide test
queries into two groups: appearance-driven queries, which mainly
rely on category or attribute cues, and geometry-sensitive queries,
which involve spatial relations, directional language, or relative
configuration. The split is constructed using rule-based annotations
derived from relation and orientation keywords, and the detailed
keyword list is provided in the supplementary material.
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Table 7 shows that the improvement of E3CoverNet over E2PN
is substantially larger on geometry-sensitive queries (+4.0%) than
on appearance-driven ones (+0.4%), under the task-level grounding
evaluation. This pattern is consistent with the motivation of our
method: E3CoverNet is designed to strengthen 3D representations
when multimodal alignment depends strongly on spatial configu-
ration, orientation, or relative position. The smaller but still posi-
tive gain on appearance-driven queries suggests that the proposed
backbone improves geometric sensitivity without sacrificing gen-
eral representation quality. The larger gains on geometry-sensitive
queries further support our claim that the progressive construction
of E3CoverNet preserves spatial semantic distinctions that standard
invariant backbones are more likely to blur or collapse.

Failure Cases. Error analysis reveals two recurring failure modes.
First, in heavily occluded scenes where point-cloud segments are
severely incomplete, the local pairwise distances ¢(d;;) become
unreliable. This disproportionately affects the E(3) stage, as the
covering anchors in Cs; depend on stable local geometric contexts to
estimate full 3D rigid motions, occasionally destabilising the equi-
variant coordinate updates. Second, queries involving multi-hop
spatial reasoning (e.g., “the box on the desk next to the chair facing
the window”) remain challenging. While E3CoverNet provides ro-
bust low-level spatial features, resolving such compositional logic
requires explicit sequential reasoning over multiple reference ob-
jects, a capacity bounded by the downstream fusion module rather
than by geometric encoding. These observations suggest that im-
proving geometric robustness alongside compositional relational
reasoning is a natural direction for future work.

Table 7: SR3D grounding accuracy breakdown by query type
in the task-level grounding pipeline (Table 2 setting). Queries
are split into 55% appearance-driven and 45% geometry-
sensitive subsets based on spatial-relation and orientation
keywords (see supplementary for the full keyword list). We
compare E3CoverNet with E2PN under the same evaluation.

Query Type H E2PN E3CoverNet
Appearance-driven (55%) 58.2 58.6
Geometry-sensitive (45%) 55.3 59.3
Overall 56.9 58.9

4.6 Efficiency Analysis

Since E3CoverNet introduces additional geometric structure into
the 3D backbone, it is worth quantifying the associated compu-
tational cost. We compare model size, floating-point operations,
and inference time across backbone variants. As shown in Table 8,
E3CoverNet incurs moderate computational overhead compared
with E2PN while remaining well within real-time requirements.
EquiformerV2 requires roughly 3x the parameters and 2x the infer-
ence latency of E3CoverNet yet achieves lower accuracy across all
metrics (Table 3), indicating that the progressive subgroup construc-
tion attains a more favorable accuracy-efficiency trade-off than
monolithic high-dimensional equivariant modeling. E3CoverNet
also surpasses PTv3 with under half the parameters, suggesting that

Yilong Guo, Jin-Hui Wu, Hongzhe Liu, Haixin Sun, & Fanzhang Li

geometric priors can compensate for encoder scale. Regarding K3
sensitivity, NR3D accuracy varies <0.6% across K3 € {6, 8, 10, 12},
indicating that once the covering set is moderately dense, learned
anchors redistribute without requiring careful tuning.

Table 8: Efficiency comparison of different 3D backbones.

Backbone H Params FLOPs Latency
PointNet++ 1.5M 3.8G 12.3ms
DGCNN 1.8M 4.6G 15.7ms
PointTransformer 7.8M 12.5G 28.6ms
PointNeXt 3.9M 6.8G 17.5ms
PTv3 11.2M 15.6G 31.4ms
EPN 3.5M 7.4G 20.3ms
E2PN 4.2M 8.6G 22.1ms
EquiformerV2 14.8M 24.3G 52.6ms
E3CoverNet 5.1IM 9.8G 24.7ms

E3CoverNet is also compatible with pretraining-heavy pipelines:
replacing only the 3D encoder in ULIP [40] (frozen text/image en-
coders, same objective, 20 epochs) raises Text2Shape R@1 from
15.63 to 16.87, confirming that geometric priors and data-driven
pretraining are complementary. Preliminary evaluation on ScanRe-
fer likewise shows a gain (41.7% vs. PTv3’s 39.8% Acc@0.5 under
the same backbone-swap protocol).

5 Conclusion

We presented E3CoverNet, a progressive E(3)-aware 3D backbone
that introduces structured geometric priors into vision-language
alignment through a subgroup chain E(1) c E(2) c E(3). Experi-
ments on text-to-shape retrieval and 3D visual grounding show that
E3CoverNet improves multimodal alignment across both task-level
and backbone-level evaluations. Perturbation robustness testing
and query analysis further jointly confirm that improving geomet-
ric robustness does not require, and should not entail, collapsing all
spatial structure into absolute invariance. Instead, structured E(3)-
aware modeling can stabilize 3D representations under nuisance
spatial shifts while preserving the semantic sensitivity needed for
orientation-dependent language expressions. The main remaining
limitations are smaller gains on appearance-dominated queries and
the assumption of a single fixed language encoder. The current
framework assumes rigid E(3) transformations; extending to de-
formable or articulated objects will require representations beyond
the present group-theoretic scope, while multi-hop compositional
spatial reasoning demands stronger downstream reasoning capacity.
Combining geometry-sensitive backbones with large-scale multi-
modal pretraining and extending them to non-rigid and embodied
settings is a natural next step.
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