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Abstract

3D shape completion methods typically assume scans are pre-aligned to a canonical
frame. This leaks pose and scale cues that networks may exploit to memorize
absolute positions rather than inferring intrinsic geometry. When such alignment
is absent in real data, performance collapses. We argue that robust generalization
demands architectural equivariance to the similarity group, SIM(3), so the model
remains agnostic to pose and scale. Following this principle, we introduce the first
SIM(3)-equivariant shape completion network, whose modular layers successively
canonicalize features, reason over similarity-invariant geometry, and restore the
original frame. Under a de-biased evaluation protocol that removes the hidden cues,
our model outperforms both equivariant and augmentation baselines on the PCN
benchmark. It also sets new cross-domain records on real driving and indoor scans,
lowering minimal matching distance on KITTI by 17% and Chamfer distance 1 on
OmniObject3D by 14%. Perhaps surprisingly, ours under the stricter protocol still
outperforms competitors under their biased settings. These results establish full
SIM(3) equivariance as an effective route to truly generalizable shape completion.
Project page: https://sime-completion.github.io.

1 Introduction

3D scans are often riddled with gaps due to occlusions and limited sensor coverage. Completing the
missing geometry lets robots plan stable grasps, autonomous vehicles reason about hidden traffic,
and curators digitize heritage artifacts without repeated scanning [1, 2, 3, 4]. However, most shape
completion methods [5, 6, 7, 8] are developed on curated benchmarks where every scan is pre-
aligned to a canonical frame with a fixed pose and scale relative to ground truth. These leaked cues
inadvertently bias learning: instead of inferring intrinsic geometry, neural networks tend to memorize
where shapes reside in that frame, leading to inflated performance that collapses once the alignment is
removed in practice [9, 10]. The resulting gap between benchmark success and real-world reliability
highlights the challenge of exploiting geometry without inheriting extrinsic transforms that convey it.

Data augmentation mitigates this alignment bias by randomizing transforms during training to
approximate inference-time invariance, but it entangles those transforms with underlying geometry
and leaves the core ambiguity unresolved. Architectural equivariance, by contrast, aims to ensure
that applying a transform to the input induces the same transform in the prediction, thereby isolating
geometry from transforms and sharpening learned representations [11, 12]. However, existing
equivariant methods still struggle to enforce this separation. SO(3)-equivariant shape completion [13,
14] typically normalizes inputs using ground-truth centroids and scales, while SE(3)-equivariant
variants [10, 15, 16] still rely on ground-truth scale to canonicalize scans. Relying on such privileged
information effectively reduces these models to explicit canonicalization (Fig. 1), undermining the
true purpose of equivariance. To our knowledge, no existing architecture fully eliminates alignment
bias, as all still require some ground-truth alignment that is unavailable in practice.
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We argue that true generalization

hinges on handling arbitrary similar-

ity transforms SIM(3), including ro-

tation, translation, and scaling. To

this end, we present the rst shape

completion architecture whose mod-

ules areSIM(3)-equivariant by de-

sign. During training, the network

learns representations agnostic to pose

and scale; at test time, any similarity

transform applied to the input inducedrigure 1:Three paradigms for shape completion Explicit
identical changes in the predictiorcanonicalization, includingO(3)- and SE(3)-equivariant
(Fig. 1). To recover the completedvariants, leak pose and scale cues and fail on non-canonical
shape in the sensor frame, we intréAputs. Data augmentation mitigates the alignment bias but
duce a lightweight restoration pattincurs ambiguity. We present2IM(3) -equivariant approach
that re-injects the transform informathat generalizes to arbitrary similarity transforms.

tion progressively. By disentangling

intrinsic geometry from extrinsic transforms, our model trained on synthetic data transfers directly to
real scans under a fair, de-biased evaluation protocol. In summary, our contributions include:

1. Problem identi cation. We reveal pose and scale bias in existing shape completion methods,
and identifySIM(3) equivariance as a prerequisite for reliable, in-the-wild generalization.

2. Generalizable framework. We develop therst fully SIM(3)-equivariant network for shape
completion. It integrates feature canonicalization, similarity-invariant geometric reasoning, and
a transform restoration path into a modular design, generalizing from synthetic to real scans.

3. Protocol and resources.We establish a rigorous evaluation protocol that eliminates hidden
pose and scale bias, release code for reproducibility, and provide thorough analyses that pinpoint
where equivariance delivers its gains. Under this protocol our method sets a new state of the art.

2 Related Work

Equivariant 3D representations. Equivariant neural networks learn features that transform con-
sistently under input symmetry operations. Grounded in group theory and representation learn-
ing [11, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27], 3D equivariant models have been developed

to handle variability in data transforms. One approach employs group convol@&iph9] 30] to

encode symmetry, but these methods often remain bound to speci c architectures and lack gener-
ality. Another leverages tensor algebra with spherical harmonics as irreducible representations to
achieve equivariancelp, 31]. Vector neurons (VN)32] replaced high-order tensors with structured

3D vectors, providing a modul&0(3)-equivariant alternative. Subsequent extensions integrated
attention mechanism$&3§] and translation equivariancé4], yet most VN-based networks remain
relatively shallow, which limits their applicability to complex 3D tasks. Nonetheless, both paradigms
have driven advances in 6-DoF pose estimatit# B6, 37], point cloud registration8, 39, robotic
manipulation {0, 41], and 3D reconstructioMp, 43, 44], among others45, 46]. However, most
methods are con ned t8O(3) or SE(3) equivariance and require centering or scale normalization.
Both assumptions break down in real-world scenarios without ground truths. Altrii(3)-
equivariance can overcome these limitations, existing efféfisq1, 46] remain sparse, depend on
near-complete inputs, and struggle on partial observations. We close this gap withiX(B) -
equivariant Transformer architecture.

3D shape completion. Early methods represented geometry in voxels and applied 3D CBNs [

47, 48, 49], but cubic complexity limited resolution. The use of symmetric functions for permuta-
tion invariance p0] led to the development of shape completion networks that directly consume
3D points b1, 52]. More recently, Transformer$§] have recast shape completion as set-to-set
translation ], and now lead the eldT, 8, 54, 55, 56, 57]. Almost all prior work, however, presumes

that inputs are pre-aligned to the training frame, letting pose and scale cues leak into models and
collapse performance on raw scans without special adaptétj@i®]] Existing remedies follow

two paradigms. Data augmentation randomizes transforms during training, but entangles extrinsic
transforms with intrinsic geometry and incurs ambiguity at test time. Equivariance-based methods



either estimate a canonical pose prior to completici [6] or replace standard layers with equiv-
ariant variants 10, 13]. The former relies on a fragile pose estimator that misaligns under partial
observations and propagates errors for the downstream completion. The latter often loses ne-grained
details and underperforms Transformer models with data augmentafipr[recent anchor-point
scheme extends equivariancesa(3) [10], but its dependence on brittle anchor selection hampers
performance and still falls behind augmented baselines. Moreover, all these methods still rely on
ground-truth bounding boxes to cancel scale variance, re-introducing the very cues they aim to discard.
In contrast, we integrate fuBIM(3) equivariance into every layer, inherently agnostic to arbitrary
pose and scale, delivering the rst shape completion method that truly generalizes to completely
unaligned real-world scans.

3 Method

3.1 Preliminaries

Formulation. Shape completiorf, : x ! ¢, takes a partial observation= fx; 2 R3giN:i; (e.0,

a point set) and aims to reconstruct ayset fy; 2 ng{\':‘f‘ representing the completed shape, both

expressed in the original sensor frame. Due to varying capture conditi@ms] its ground trutly
may undergo a shared unknown similarity transfgrm ( s; R;t) 2 SIM(3):

x%=g x = sRx + yo=g y=sRy +t S2R:; R2SO@);t2R% (1)
wherex®andy° are transformed representations of the same object. Although the trargsédtens
coordinates, the intrinsic geometry remains invariant. To guarantee consistent predictions under any

similarity transform, we enforc8IM(3) equivariance if . Paired with a permutation-invariant loss
L f (x);y (e.g, Chamfer distance), we solve the constrained optimization problem:

min L f (x);y st f (g x)=gf (x) 8g2 SIM(3): (2)

Vector neurons. To enforce the equivariance constraint in E2), we build on the vector neuron
(VN) framework [32], which replaces scalar neurons with 3D vector ones. At layee organizeD'
vector channels intM vector features:

Vi=fvigh ; vI2RP 3 ©)
The VN framework de nes linear, nonlinear, and pooling operations on these vector neurons to
preserve symmetry under tis(3) group action. We adapt VN representations and integrate these

operations as building blocks into 08tM(3) -equivariant architecture. For simplicity, we omit the
layer index in the following unless cross-layer operations are involved. See Appendix C for detalils.

Challenges. We decompose the overall objective in E8g) into three complementary requirements,
separatin% geometric reasoning from transform alignment:

L g f (x ; Req. (1) geometric reasonin
min O (x)y Rea.()g I st (0070109 @
kg® Ik Reg. (3) transform alignment {z

Reg. (2) equivariance

Here g’ denotes the optimal alignment between the prediction and the ground truth, such that
L g’ f (x); y measures geometric discrepancy independent of pose and scale. In this formulation:

Reg. (1) Geometric reasoning.The network must infer the complete geometry of missing regions,
even wherx are sparsely and heterogeneously sampled. This demands strong structural
priors and ne-grained feature extraction that shallow architectures cannot achieve.

Reg. (2) Equivariance. The model must respe@M(3) symmetry, which needs to be enforced
throughout, because any single layer that is not equivariant will break global equivariance.
Thus, each operator must be redesigned to commute with the group actions.

Reg. (3) Transform alignment. The completed shage (x) must be presented in the sensor frame so
that no further alignment is required for downstream tasks. Equivaleitshould remain
close to the identity transforinunder any reasonable metkic k. This requires propagating
pose and scale information throughout the network to preserve the original frame.

The next section details how each component of our architecture satis es these requirements.



Figure 2:Overview of our SIM(3)-equivariant shape completion pipeline We extract point patch
features with VN-DGCNN 32] and feed them into a Transformer encoder-decoder. Within each

, wei) canonicalize features to be translation- and scale-invafi@ht,eason intrinsic
geometry viaSIM(3) -invariant attention, angii ) restore the original transform. This guarantees
that both intermediate features and the reconstructed shape adBé(8) transforms.

3.2 SIM(3)-equivariant shape completion

We progressively address the three challenges ilBia L SIM(3)-equivariant blocks, which
enforce the equivariance constraint as in Req. (2) by design:

Bl=R' A' C'; f (x)= B- B 1(x): (5)

Each blockB' comprises three sequential stages (Fig. ))fefature canonicalizatio@ produces
translation- and scale-invariant feature vectaiig;gimilarity-invariant shape reasonirg optimizes
Req.(1); and i ) pose and scale are restored Riaito satisfy the transform-alignment objective in
Req.(3). By stacking these blocks and end-to-end optimizing(E}j.the network iteratively re nes
its prediction and converges to the completed shape expressed in the input frame.

Canonicalization. Robust geometric

reasoning requires removing transform

variance embedded in the feature repre-

sentation. As shown in Fig. 3, we ex-

tend layer normalizatior3[3, 59, 6] to

explicitly factor out global translation

and scale from shape features. Specif-

ically, letV; 2 R® denote the channel-

wise mean of the latent vectors. We

rst subtract this mean from eacif;

to eliminate translation, then normal-

ize the centered vector to remove scale

variation, followed by a vanilla layer

normalization applied to the row-wise

norm Vi V; ,2RP !tostabilize Figure 3:Layer normalization. We extend standard layer
training without altering the directionnormalization §9] to producing translation- and scale-

of the vector neurons, thus preservinghvariant features and preserving rotation equivariance.
rotational consistency. Formally, the ex-



tended layer normalization is de ned as:

Vi Vi

c: VvO=layernorm( V; V; )—— 1 6
i y! (Vi i) Vi Vi, (6)

This procedure canonicalizes features to an implicitly de ned canonical feature frame.

Shape reasoning. In the scale- and translation-invariant canonical feature frame @ffewe
perform similarity-invariant shape reasoning via the rotation-invariant attention wegfrtsm
VN-Transformer B3], ensuring no residual rotational bias. Since attention is invariant under any
g 2 SIM(3), the local form of the objective in Req. (1), for each shape reasoning layer, reduces to:

Al: minLf , (AX);Y ; ()
where a; = softmax; 1@%h\NQV°i;WKVOjiF ;a2 A(X): (8)

Here, the query and key projectionsg; W « 2 R® P, included in the model parametersde ne

how shape features interact. The Frobenius inner prddigcts invariant to joint rotation of/ % and

V9, making the attention weights depend solely on their relative geometry. The attention weights
satisfyA (g x) = A (x) foranyg 2 SIM(3), which decouples intrinsic shape features from transforms.

Transform restoration. SIM(3) equivariance alone does not guarantee that the shape reasoning
output is aligned with the original sensor frame, as it preserves only relative pose and scale. The
nal challenge is to recover this absolute alignment, as required in @qTo achieve this, we
introduce a transform restoration path to propagate input pose and scale via residual connections
(Fig. 2). After eacl5IM(3)-invariant shape reasoning step, the restoration path reinjects translation
and sgale to recover spatial grounding. Rotation is implicitly preserved through the attention output
Zi= jajWy Vv 9, wherew y is the value projection weight. Translation and scale are injected in
accordance with their group actions via addition and multiplication, respectively:

R': v =vis (0 12); 9)

where ' = E; Ej(V! V!) isaglobal scale statistic computed from the average norm of centered
input features, and is a VN linear layer that fuses spatial and geometric features to guide alignment.
By restoring translation and scale at each stage, we reestabli§i¥(B) equivariance at the module
output (see Appendix C for the proof), ensuring consistent spatial grounding across layers, as shown
in Fig. 4.

3.3 Network architecture

We build on the AdaPoinTr7] backbone,

which features a coarse-to- ne shape comple-

tion scheme. We replace the original DGCNN

with VN-DGCNN [32] for local geometric fea-

ture extraction while retainin§IM(3) equiv-

ariance, and replace every Transformer layer

with our SIM(3)-equivariant module intro-

duced in Sec. 3.2. Key components, such

as the query generator and the reconstruction

head, are likewise implemented to be equiv-

ariant or invariant when appropriate. The net-

work takes a partial input point cloud with

2,048 (i) points and predicts a complete

shape of 16,384Nout) points. Aside from Figure 4:SIM(3) equivariance. Our outputs follow
these changes, we retain AdaPoinTr's netwogkbitrary similarity transforms applied to inputs.
depth, loss function, and training settings to

ensure a fair comparison. Fig. 2 illustrates the architecture. Further architecture and implementation
details are provided in Appendix C and D.
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