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Abstract. 3D reassembly is a fundamental geometric problem, and in
recent years it has increasingly been challenged by deep learning meth-
ods rather than classical optimization. While learning approaches have
shown promising results, most still rely primarily on geometric features to
assemble a whole from its parts. This reliance limits their effectiveness in
cases where geometric information is incomplete or degraded, such as for
small or eroded fragments. Additionally, solutions do not impose physi-
cal constraints that explicitly prevent overlapping assemblies. To address
these limitations, we introduce E-M3RF, an equivariant multimodal 3D
reassembly framework that takes as input the point clouds, containing
both point positions and color of fractured fragments, and predicts the
transformations required to reassemble them, using SE(3) flow match-
ing. Each fragment is represented by both geometric and color features:
i) 3D point positions are encoded as rotation-consistent geometric fea-
tures using a rotation-equivariant encoder, while ii) the colors at each
3D point are encoded with a transformer. The two feature sets are then
combined to form a multimodal representation. We experimented on five
datasets: two synthetic datasets, Breaking Bad and Fantastic Breaks,
and three real-world cultural heritage datasets, RePAIR, Presious, and
FRACTURA, demonstrating that E-M3RF on the RePAIR dataset (the
most challenging one) reduces rotation error by 23.1% and translation
error by 13.2%, while Chamfer Distance decreases by 18.4% compared
to competing methods. Project page: |https://em3rf.github.io/.

Keywords: Reassembly - Multimodal Learning - Equivariance - Fres-
coes - Cultural Heritage

1 Introduction

Reassembly tasks play a fundamental role in many domains, including recon-
structing archaeological 3D artifacts [25], piecing together shredded documents [17],
molecular docking [4], and solving jigsaw or 3D puzzles [6},21].

Accurate reassembly of fractured fragments requires precise estimation of
each piece’s SF(3) transformation that rebuilds the whole 3D object shape. This
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estimation becomes challenging when geometric cues are weak or degraded, such
as in eroded fragments. In recent years, 3D fracture reassembly has remained a
fundamentally geometric optimization task but has increasingly been approached
using deep learning rather than classical optimization [1231]. Learning-
based methods have progressed along two complementary trends: improving frag-
ment representations via powerful encoders and pre-training schemes that em-
phasize fine-scale geometry and surface appearance , and reframing pose es-
timation as a generative task, where flow- or diffusion-based pipelines iteratively
refine fragment alignments . Despite these recent advances, geometry-centric
designs have practical limitations: geometric information alone can be ambigu-
ous , while real fragments often exhibit appearance details, such as paint,
grain, or tool marks. These discriminative cues are ignored by geometry-only
pipelines, overlooking an important source of information. Moreover, geometry-
only methods often fail to account for the formal group structure of transforma-
tions acting on the pieces. This is compounded by state-of-the-art models’ strug-
gle with physical constraints, which often results in intersecting fragments .

To address the limitations of the geometry-only approaches and handle com-
plex fractures, we introduce E-M3RF, a multimodal 3D reassembly framework
that takes as input the colored point clouds of fractured fragments and predicts
the corresponding SE(3) transformations via SE(3) flow matching [2,3l[13], see
Fig.|l} The model jointly leverages fragment color and geometric information: an
SO(3)-equivariant encoder extracts rotation-consistent geometric features from
origin-centered point clouds (i.e., no translation involved), while a parallel color
branch encodes per-fragment appearance. The resulting features are concate-
nated into a joint multimodal embedding per fragment point. Both rotations
and translations are predicted with a transformer-based architecture trained via
a flow-matching objective on the SFE(3) manifold. A differentiable no-overlap
loss further enforces physical plausibility by penalizing fragment intersections,
as illustrated in Fig. [2|

We evaluate E-M3RF on a combination of synthetic and real fracture datasets,
including the large-scale synthetic Breaking Bad (BB) |21] and Fantastic Breaks
(FB) [9], as well as the real-world Presious [22], RePAIR and FRACTURA [11].
In all five datasets, we consistently outperform geometry-only baselines, achiev-
ing higher part accuracy and lower rotation, translation, and Chamfer Distance
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Fig. 2: E-M3RF’s pipeline. @ A set of textured fragments (left) loaded as colored
point clouds (w/ per-point RGB). Two transformer encoders extract fracture-
aware geometric features, which are geometrically equivariant, since they are pro-
cessed by an SO(3)-equivariant Transformer so representations transform consis-
tently under motions (rotation,/ translation) and @ color features through a Trans-
former over per-point colors which extracts dense color descriptors. The streams are
concatenated into @ local point-cloud features (xyz/rgb/normals tokens); the
geometry stream is guided by a fracture-segmentation head during pretraining. Using
these fused features, we perform @ flow matching on SE(3): a time-dependent vector
field 1 transports fragment poses from a noisy initialization x; through intermediate
states to the assembled configuration ¢, yielding per-fragment transforms (R, t). Dur-
ing training only, a non-overlap loss penalizes interpenetration to enforce physically
plausible assemblies (omitted from the illustration for clarity).

errors. To quantify the impact of our design choices, we perform ablations over
each component.
The main contributions of this work are:

— An end-to-end multimodal fragment representation that using both geomet-
ric and color features, producing a joint appearance-geometry embedding
that resolves ambiguities and leverages surface patterns when available.

— We leverage an inductive bias in the form of a rotation-equivariant geo-
metric backbone. Specifically, SO(3)-equivariant layers ensure that features
transform consistently under rotations, improving robustness to arbitrary
fragment orientations and enhancing generalization.

— We enforce physical plausibility via a differentiable no-overlap loss that pe-
nalizes fragment intersections, applied only during training.

2 Related Work

We review the state of the art in 3D reassembly and puzzle-solving problems,
together with a deep dive into representation encoders commonly used in the
solution of 3D tasks.
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2.1 3D Fracture Assembly

3D puzzle solving and fractured-object reassembly have been approached through
a broad range of techniques, spanning classical geometric registration, learning-
based pose estimation, and more recent generative formulations. Classical pipelines
rely on hand-crafted local descriptors, correspondence hypothesis testing, and
ICP-style refinement [16,/26]. These methods provide interpretable matching cri-
teria grounded in geometry and remain effective for clean, low-ambiguity frag-
ments. Learning-based methods shift to data-driven feature extraction and di-
rect pose prediction. Recent works learn per-point or per-fragment embeddings
and estimate 6-DoF alignments using regression or transformer-based architec-
tures [11}(15[20L[28], often supported by large-scale synthetic fracture corpora
such as BB [21]. Generative approaches, including diffusion or flow-based estima-
tors |114[141/20,/28|, treat assembly as sampling or transporting distributions over
SE(3), enabling iterative refinement and uncertainty-aware reasoning. These
methods represent a growing direction for globally coherent reconstruction.

Although real-world fragments contain useful color cues, existing learning-
based reassembly methods rely only on geometric information. E-M3RF ad-
dresses this limitation by fusing geometric and color features into a unified mul-
timodal representation, enabling more discriminative fragment descriptors and
more reliable alignment.

2.2 Representation (Encoder)

PointNet |18] introduced a shared-MLP encoder with global feature aggrega-
tion, proving that deep learning on point sets is effective for 3D tasks. Point-
Net++ [19] extended PointNet with hierarchical neighborhood grouping, al-
lowing the network to capture local geometric features across multiple scales.
Subsequent methods strengthened local feature modeling through convolutional
and graph-based operators. EdgeConv |27] captures point-to-point relationships
via dynamic graphs, while KPConv |24] employs kernel-point convolutions as a
continuous 3D filtering mechanism, providing strong geometric inductive bias.
Transformer-based encoders have recently gained prominence in 3D vision. Point
Transformer [30] and PCT |[7] use self-attention to capture long-range point
dependencies, while hierarchical variants like Swin3D [29] apply windowed at-
tention to 3D grids. However, these models are not inherently rotation-aware
and do not ensure consistent features under arbitrary SO(3) transformations.
To address this issue, Vector Neurons [5] lift point features from scalars to 3D
vectors, allowing rotations to act via matrix multiplication. Building on this
representation, the VN-Transformer [1] extends self-attention to vector features,
yielding a rotation-equivariant attention mechanism that preserves SO(3) con-
sistency throughout the network and allows reasoning over 3D geometry in a
rotation-aware manner.

To effectively address reassembly scenarios where fragments undergo arbi-
trary rotations, we leverage this rotation-equivariant inductive bias so that the
backbone inherits SO(3) transformations directly into the learned features, pro-
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viding E-M3RF with representations that remain geometrically consistent under
all input orientations.

3 Problem Statement

We formalize the geometric object reassembly problem given a finite collection
of disjoint fragments.

Fragments. Let P = {p;}, be a finite set of points. A fragment is defined as
the tuple

Kgeo Kapp
F = (P; X, {gk}k:g1 ) {Ak}kzl ) (1)
The map X : P — RZ , assigns spatial coordinates, i.e. the 3D coordinates

for each point. Each geometric attribute Gy : P — R3 transforms under the
standard vector representation of SFE(3) (e.g., normals), while each appearance
attribute Ay, : P — R is invariant under rotations (e.g., color). In general, there
can be Kgeo € Np geometric attributes and K,,, € Ng appearance attributes.
Fixing an ordering of the points induces two structured feature spaces:

Vgeo — RN ® RKgCD+1 ® R37 ‘/app — RN ® Rdapp, (2)

where the Kgq, 4+ 1 geometric channels include & as a dedicated vector channel,
and dapp = kKjip dy, is the total dimensionality of all appearance channels. The

full fragment representation lies in
VF = Vgeo S Vappa (3)

where @ denotes feature concatenation and we write F' € Vg for the fea-
ture tensor associated with a fragment. We denote its positional component
by Fey, € RN @ R3.
Unassembled Object. An unassembled object is represented as a collection of
M fragments F, each recentered so that its centroid lies at the origin:

R . 1 . M

O={FieVe| 1k i =0eRY ",

N; * =1

where 1y, is the all-ones vector of length N;.
Assembled Object. We assume the existence of a canonical assembled configu-
ration of the object. Each centered fragment F;is placed in this configuration by
a rigid transformation g; € SE(3), acting exclusively on its positional channel.
The assembled object is then denoted by

O={F =g F},.

Object Reassembly. Given any unassembled object @ = {F;}M,, the goal
is to recover rigid transformations §; € SE(3) that approximate the unknown
ground-truth g;. We therefore seek a single model

®:0 = SE@M,  d(0)~{g M,

that operates on arbitrary unassembled objects and whose predictions transform
and assemble the fragments:

H(0) -0 ~ O.
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4 Methodology

We identify two capabilities required for object reassembly: (1) a representation
expressive enough to capture the geometric and appearance cues that govern
how fragments fit together, and (2) a mechanism that uses this representation
to predict the rigid transformations realizing the correct assembly. Having for-
malized the task in Section [3] our methodology is built to satisfy these require-
ments in a principled and rotation-aware manner, see Fig. We first learn
fragment—level descriptors using an Sy x SO(3)—equivariant encoder, ensuring
that the learned representations respect intrinsic fragment permutations and 3D
rotations (more details are provided in Appx. A of the suppl. material). These
descriptors condition a geometric generative model, a conditional SE(3) Rie-
mannian flow-matching network, which predicts a coherent set of rigid transfor-
mations aligning fragments into their assembled configuration. The full pipeline
couples equivariant representation learning with flow-based geometric reasoning,
yielding a unified approach that maps any unassembled object O to an assembled
one.

4.1 Encoding Fragments

Colored Fragments. We consider fragments whose per-point attributes con-
sist of positions, surface normals, and RGB color. Following the formulation in
Eq. of Sec. |3 each fragment is represented as

F=(P,X,N,C), X,N,C:P—R>

where X gives point coordinates, N gives surface normals, and C gives per-
point color. Accordingly, the geometric and appearance feature spaces in Eq.
specialize to

Vgeo:RN®R2®R33 ‘/rgb:RN®]R®R3

where the geometric features consist of the 3D point coordinates X and the corre-
sponding surface normals A/. Each fragment is represented by an element F' € Vp
in the joint space of Eq. , with canonical projections: Fgeo € Vgeo collecting
the point coordinates and normals; Fyy, € RY ® R? giving the point coordi-
nates; F,, € RY ® R? giving the normals; and Fiet, € Vigp giving the per-point
color vectors.

Fragment Transformations. Since each fragment Oisa rigid body processed
in isolation, the fragment’s representation is invariant under translations. We
therefore center each fragment at the origin [11}20]. Consequently, its geometric
variations are fully captured by global rotations SO(3) C SE(3). Additionally,
the ordering of points induces discrete index permutations described by the group
Sn. The resulting transformation group acting on geometric features is

G = Sy x SO(3),
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Fig. 3: Geometry/color feature extraction and fusion. The input point cloud P
(per-point zyz, rgb and normals Fy), of fragment F is split into Fyeo and Frgh. A VIN-
Transformer encoder (SO(3)-equivariant via vector neurons) produces geometric
features @Pgeo, while a standard Transformer encoder produces color features ®,g1,.
The features are concatenated per point to yield @Penc = [Pgeo || Prgb |, Which serve as
the local point-cloud representation for downstream pose estimation.

where Sy permutes point indices and SO(3) acts on each geometric R? channel.
For o € Sy, let P, denote the associated permutation matrix, and let Is denote
the identity on the two geometric channels. The induced action on Fyeo € Vieo
is

(GyR)'Fgeo = (PU®I2®R) Fg607 (O',R) € G7 (4)

where ® is the Kronecker product implementing the tensor-product representa-
tion. In pointwise notation, for ¢ € {1,..., N},

R(Fx Z) —l(i)
JR) - Foeo)i = yere e RZ@R3,
(o, R) geO)z |: R (Fn)a‘l(i) ?
where the first component corresponds to permuted and rotated coordinates and
the second to permuted and rotated normals.
For color features Figp € Vigp, the SO(3) rotations act trivially. Using the

same tensor-product structure, the induced action is
(O’,R)‘Frgb = (Pg®.[1®[3)Frgb, (J,R) € G, (5)

reflecting that RGB values are invariant under rotations and only affected by
the pointwise ordering.

Geometric Encoder ®,.,. The geometric branch implements a G-equivariant
map using a VN-Transformer [1],

gzsgco : I/gco — RN & RCESO & R3a

which outputs Cye, equivariant vector channels, each with values in R3. The
G-action on this output space is obtained by lifting the action in Eq. @ from
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the two input geometric channels to the Cge, learned channels. As a result, @geo
satisfies

égeo((PU & ]2 oy R) Fgeo) = (PO' & IC'geo by R) égeo(Fgeo)7

for all (0, R) € G. Here I¢,, denotes the identity in R%ee.
Color Encoder ®,,},. Color features are encoded by a Transformer

Prgp : Vigh — RY @ R%= @ Rg,

which operates on rotation—invariant channels. Consequently, the only nontrivial
component of the G-action is the permutation action of Sy. Thus, the SO(3)
factor of G acts trivially on Vg, and the only nontrivial group action arises
from permutations of point indices. Lifting the permutation action of Eq. to
the output space, D1, satisfies

@rgb((Pa ® Il ® 13)Frgb) = (Pa ® ICrgb ® 13) ¢rgb(Frgb)7

for all o € Sy.
Fused Encoder ®.. Let C' = Cyeo + Cygp. We define the fused encoder

Done : VP — RY & RC X Rsa by Qsenc(F) = [ngeo(Fgeo) || gprgb(Frgb)]v

where || denotes concatenation along the feature—channel axis. For each point ¢,
the geometric block @Pgeq(Fyeo)i € RC%e @ R3 and the color block @y, (Frgp )i €
R%s> are merged into a single C-channel tensor. Since both branches respect
the G-action on their respective representation spaces, the fused encoder @, is
G-equivariant by construction.

4.2 Fracture-Boundary Segmentation Pretraining

The encoder is pretrained via an auxiliary fracture-boundary segmentation task,
which encourages the learned fragment representations to capture the geometric
signatures of fracture interfaces. For each fragment F}, the encoder produces the
pointwise embedding

H; = G (Fy) € RN @ RC @ R, (6)
A lightweight segmentation head, using a two-layer MLP
Useg : Hi — G, §: € 0,1],

predicts per-point boundary probabilities, supervised by binary ground-truth
masks. The pretraining objective optimizes the composition ¥seg © Penc to cor-
rectly identify fracture boundaries, forcing @q,. to learn geometry—appearance
interactions characteristic of fracture morphology. This procedure produces em-
beddings that maintain consistent geometric information, which are then used
as inputs to the subsequent flow-matching model on SE(3).
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4.3 Fragment Assembly

Given the encoded fragment features, H; = Penc(F;), we enrich each fragment
with geometric priors using standard Fourier positional encoding. Specifically,
we concatenate multi-frequency sinusoidal embeddings PE(-) 23] of point cloud
coordinates nyz, normals Fn, and scale information s; € R along the channel
dimension. Let H := RN+ @ RCne @ R3, where N, is a fixed maximum number
of points. The enriched fragment representation becomes:

Hii= fonape ([Hi | PE((Fy)i) | PE((F):) | PEGs:)] )

where fspape(-) is the shape embedding function. This provides high-frequency
geometric cues that improve pose estimation. We additionally introduce a learned
anchor token that designates the reference fragment around which all poses are
predicted. The anchor serves as a global reference frame and resolves the intrin-
sic gauge ambiguity of assembly, since the set of fragment poses is only defined
up to a shared rigid transformation in SE(3). Fixing one fragment removes this
degenerate symmetry and yields a well-defined target for learning relative poses.
Following prior work, the anchor fragment is randomly selected during training
to improve robustness across different reference choices, while at inference time
we use the largest fragment as the anchor for a stable geometric reference |11].
Conditioned on H;, we define a conditional Riemannian flow-matching model on
the Lie group SE(3) which learns a continuous velocity field whose integration
yields the rigid transformation g; = (R;, ;) € SE(3) required to place the frag-
ment ¢ in its correct location within the assembled object. Formally, the model
parametrizes a time-dependent velocity field

v:SE(3) x [0,1] x H — s¢(3) = 50(3) x R3,

which associates to each element g € SE(3), time ¢ € [0, 1], and conditioning
features H; € H a tangent vector v(g,t; H;) € se(3). During training, the flow
matching objective aligns this vector field with the target probability path in-
terpolating between an initial distribution po(g) = U(SO(3)) ® (0, I3) and the
empirical distribution of assembled configurations. At inference time, we utilize
Euler integration for flow sampling where the learned vector field is integrated
over the unit interval as

gl = U(gita t; Hi)> 9¢ = (1,0),
yielding the final transformations g} reassembling the object:
AWM
This formulation defines a continuous flow on SE(3) that preserves geometric

consistency while transporting fragments from their initial centered configuration
to globally consistent positions in the assembled object. In detail, the conditional
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trajectory between an initial pose ¢g¥ and the target pose g} follows a geodesic
interpolation in rotation and a linear interpolation in translation:

R} = exppo(t logpo(R;)), Bf=(1—1t)B) +18;.
Accordingly, let us denote the rotational and translational velocity fields as
vR (gh,t) € 503), v (gh,1) € B,

Following the flow-matching formulation, these predicted velocities are trained
to match the target geodesic residuals scaled by (1 —¢)~!. Hence, the objective
is expressed as:

N
_ Bi=57 |2
Lfiow _Et,pl(gi)vpt(gflgl)[ Z (HU (97:t) — 1—t

B

(1) — 11 logg (RY) ||§)], -

where logpt (Rzl) € 50(3) = R? denotes the Lie-algebra residual from R! to

R}. This formulation ensures that predicted fragment transformations follow
the correct geodesic trajectories on SFE(3), maintaining smooth and consistent
rotational and translational flows.

4.4 No-Overlap Loss

To prevent implausible fragment intersections, we introduce a differentiable no-
overlap loss. For each pair of fragments (7, j), we compute soft occupancy masks
M;(z), M;(z) € [0,1], which denote the soft occupancy values of fragments %
and j at volume cell (grid location) z in a regular volumetric grid. We define the

pairwise IoU:
2, min (M;(z), M;(x)) ()
>, max (M;(x), Mj(x)) + &’

where € > 0 ensures numerical stability. The no-overlap loss aggregates these
pairwise terms:

IOUZ‘J‘ =

Cno-overlap Z IOUZ] (9)
(w)EP
Minimizing Lyo-overlap €nforces non-overlap between fragments, improving visual
quality and physical plausibility.
The full loss combines the flow-matching term and the no-overlap penalty:

L=Laow+a Eno—overlam (10)

where a balances pose accuracy with overlap prevention. Together, the two-stage
training and differentiable no-overlap loss enable the network to produce SFE(3)
predictions that are both accurate and physically consistent.
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5 Experimental Evaluation

We evaluate our method on five different datasets. The datasets, evaluation
metrics, and competing methods are described in Section [5.1] while Section [5.2
reports the performance of all methods in various ablation studies, including gen-
eralization, along with some qualitative results. Section B of the supplementary
material provides additional ablations and analysis as well as technical details
on computational efficiency and model parameters.

5.1 Dataset and Evaluation Metrics

Datasets. Following the evaluation protocol in [11], we evaluate on both large-
scale synthetic and real scanned datasets, enabling assessment of complementary
challenges in 3D assembly. For the colorless (geometry-only) setting, we use: (i)
Breaking Bad [21], a synthetic dataset of over one million fractured instances de-
rived from about 10k base shapes (PartNet/Thingil0k), providing clean ground-
truth poses and diverse geometry for controlled ablations and large-scale pre-
training; (ii) Fantastic Breaks [9], with paired scans of intact and broken real
objects capturing realistic micro-fracture morphology and scanning artifacts for
high-fidelity geometric evaluation; and (iii) FRACTURA |[11], a diverse dataset
curated with domain experts that includes real-world fracture types across ce-
ramics, bones, eggshells, and lithics. For the colored fragments (multimodal set-
ting), we evaluate on RePAIR [25] and the Presious [22] datasets. RePAI is a
collection of archaeological fresco fragments with high-resolution RGB imagery
and 3D geometry, and Presious is a set of several 3D cultural heritage fragment
groups. Both are well suited to assessing color-based cues and multimodal fu-
sion challenges, like erosion and missing parts. Due to the size of the Presious
dataset, i.e. only six sets, we use it only for testing the generalization accuracy of
E-M3RF. Accordingly, we report the all “with color” results only on the RePAIR
and Presious datasets, while geometry-only ablations and generalization studies
are conducted on all aforementioned datasets. Following |11|28]|, we sample 5k
points per object, ensuring uniform per-fragment density.

Metrics. We report four measures: RMSE (R°) is the root-mean-square rota-
tion error (in degrees); RMSE (7mm) is the root-mean-square translation error
(in millimeters); PA (Part Accuracy) is the percentage of fragments whose per-
fragment Chamfer Distance to the ground-truth placement falls below 0.01%;
and CD is the Chamfer Distance between the assembled object point cloud and
the ground-truth assembly. We keep the same definitions and threshold as in |11]
to ensure a fair comparison across datasets and baselines. The best performance
metric is highlighted in bold, while the second-best competitor is underlined.

5.2 Results

Table [I| compares E-M3RF against baselines on the color-enabled RePAIR and
Presious datasets. On RePAIR, our complete model outperforms GARF [11],
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reducing rotation and translation errors by 23.1% and 13.2%, and Chamfer Dis-
tance by 18.4%, while improving Part Accuracy by 15.3%. This lead persists
even when GARF is augmented with naive color concatenation to point coor-
dinates. These results underscore that geometry-only pipelines overlook critical
disambiguating information available in color-enabled data.

Table 1: Quantitative results on RePAIR and Presious datasets. See Fig. |4| for corre-
sponding qualitative results.

Method RMSE (R°)] RMSE (T;m)d PA (%)1 CDJ
Tested on the RePAIR dataset
DiffAssemble |20] 69.54 67.96 17.92 4.18
PMTR [10] 76.72 71.40 12.24 5.23
PF++ |28 67.75 70.49 20.82 18.97
GARF |[11] 49.31 32.19 31.14 2.66
GARF [T1] (w/ color) 46.56 31.82 3192 2.25
E-M3RF (w/o color) 40.17 29.01 33.71  2.98
E-M3RF (w/o non-overl. loss) 45.81 25.01 3291 3.83
E-M3RF (w/ rotation-inv.) 43.27 41.60 32.50 3.71
E-M3RF (w/o rotation-equiv.) 43.22 29.28 32.26  3.07
‘E-M3RF T T T 37.91 =~~~ 27.93  35.91 2.17

Presious: Generalizing from RePAIR

DiffAssemble [20] 56.65 176.41 24.72 37.73
PMTR |[10] 80.01 68.33 14.27 18.21
PF+-+ |28 70.61 146.84 24.79 41.58
GARF |[11]] 43.33 14.24 50.27 18.01
GARF [T1] (w/ color) 42.05 14.11 51.95 17.05
E-M3RF (w/o color) 35.12 13.85 52,91 21.18
E-M3RF (w/o non-overl. loss) 36.12 11.91 50.05 21.43
E-M3RF (w/ rotation-inv.) 41.26 45.01 47.12 24.62
E-M3RF (w/o rotation-equiv.) 39.67 15.72 46.11 23.71
‘E-M3RF~ ~ T T T T T T 30.26 =~ 12.85  57.49 20.95

E-M3RF exploits its superiority mainly via the dense per-point color fea-
tures fused with fracture-aware geometry, while its SO(3)-equivariant backbone
makes the learned features transform consistently under pose, improving rotation
estimates in particular. The non-overlap loss further suppresses physically im-
plausible interpenetrations, reflected in the lower CD despite tighter placement
(higher PA). This is corroborated by the ablations that we have conducted,
where we examine the effect of each of our contributions to the overall pipeline:

- w/o color: Removing the color branch causes E-M3RF to rely solely on
geometric features. PA decreases by 2.2 percentage points (pp), CD increases
by 37%, rotation error increases by 6%, and translation error increases by 3.9%
in comparison to the full model. These results indicate that color provides com-
plementary cues to geometry, helping the model distinguish similar surfaces and
resolve ambiguities that geometry alone cannot.

- w/o non-overlap loss: Removing the non-overlap loss causes the largest
increase in CD (76%) and a decrease in PA by 3.0 pp. Interestingly, translation
RMSE decreases (27.93—25.01 mm). However, this improvement is misleading:
without the non-overlap loss, fragments interpenetrate, yielding closer centroids
but worse CD and PA. These results confirm that the non-overlap loss is essential
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for plausible placements and accurate surface alignment, as it can be clearly seen
in Fig. [ where in none of our solutions there is an overlap.

- w/ rotation-inv.: We replace the rotation-equivariant backbone with a
rotation-invariant one, removing the inductive bias toward learning orientation-
consistent features. We achieve rotation invariance by appending a VN-Invariant
that converts rotation-equivariant features into normalized, rotation-invariant
representations (i.e. an invariant projection). Rotation RMSE increases by 14.1%,
translation RMSE rises by 48.9%, PA decreases by 9.5 pp, and CD worsens by
71.0%. These results show that rotation-invariance degrades performance, as
it removes orientation cues essential for alignment and thus the model cannot
distinguish rotated inputs, resulting in larger errors.

- w/o rotation-equiv.: We replace the rotation-equivariant backbone with
a standard architecture lacking any inductive bias toward orientation consis-
tency. CD increases most (29%), while rotation error increases by 12%, PA de-
creases by 3.6 pp, and translation error increases by 5%. These results highlight
that rotation-equivariant features act as a crucial inductive bias for this task,
enabling consistent reasoning under arbitrary orientations and improving align-
ment stability and generalization.

Table 2: Quantitative results on Breaking Bad, Fantastic Breaks and FRACTURA
datasets.

Methods RMSE (R°)l RMSE (Tmm)!l PA (%)t CDJ
Breaking Bad: Tested on the Everyday Subset
Jigsaw |15] 42.19 6.85 68.89 8.22
PMTR [10] 31.57 9.95 70.60 5.56
PF++ |28] 35.61 6.05 76.17 2.78
GARF-mini |11] 6.68 1.34 94.77 0.25
GARF 11 = 610 122 9533 0.22
E-M3RF (w/o color) 5.31 1.14 96.20 0.18
Breaking Bad: Tested on the Artifact Subset
Jigsaw |15] 43.75 7.91 65.12 8.50
PF++ [28| 47.03 10.63 57.97 8.24
GARF-mini |11] 7.67 1.77 93.34 0.81
GARF [11) ~~ __ _ _ __ _ 582 _ ___ 127 9504 042
E-M3RF (w/o color) 4.63 1.07 96.80 0.20
Fantastic Breaks: Generalizing from Breaking Bad
Jigsaw |15 26.30 6.43 73.64 10.47
PF++ |28 20.68 4.37 83.33 6.68
GarRF Y 1062 210 _ 91.00 2.12
E-M3RF (w/o color) 7.96 2.02 92.01 2.19
FRACTURA: Generalizing from Breaking Bad on the Real Subset
Jigsaw |15 62.25 12.21 29.71 36.32
PF++ |28 66.55 15.26 32.75 25.02
GARF I} 4503 118 4636 1.14
E-M3RF (w/o color) 37.36 0.15 52.90 0.91

Table[2]compares performance on Breaking Bad, Fantastic Breaks, and FRAC-
TURA. Even when using only the geometry stream due to lack of color data
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Fig. 4: Qualitative Comparisons on the RePAIR, Presious, Breaking Bad
(BB), Fantastic Breaks (FB) and FRACTURA. E-M3RF consistently produces
more accurate re-assemblies. It generalizes well to unseen objects, particularly on Pre-
cious, FB, and FRACTURA scenes. Green circles highlight fine, ambiguous contact
regions correctly recovered by our method. See Appx. C in the suppl. mat. for more
visualizations.

in these datasets, E-M3RF outperforms all baselines. On Everyday objects, it
reduces rotation error by 13.0%, translation by 6.6%, and CD by 18.2%. On Ar-
tifact subset, it yields even larger gains, reducing CD by 35.5%. Averaged across
subsets, our method improves rotation, translation, CD, and PA by approxi-
mately 15%, 11%, 27%, and 1.2 pp respectively over the second best, GARF.

Zero-shot Generalization: We evaluate E-M3RF’s zero-shot generalization
on Presious (color+geometry), Fantastic Breaks and FRACTURA (both geometry-
only), and fine-tune from RePAIR and Breaking Bad for each setting respec-
tively. Without any training or fine-tuning on Presious (bottom of Table , E-
MB3RF achieves the lowest rotation and translation errors (30.26° and 12.85 mm)
and the highest part accuracy (57.49%), demonstrating strong zero-shot general-
ization to the new dataset. The full model consistently outperforms all variants
on every metric except Chamfer Distance, where it is a close second, and each ab-
lation degrades performance as expected. Removing color (w/o color) lowers PA
and increases CD, as appearance cues no longer disambiguate matches; removing
the non-overlap loss (w/o non-overl. loss) increases CD by allowing overlap even
for plausible poses; replacing the rotation-equivariant backbone with a rotation-
invariant one (w/ rotation-inv.) harms both rotation and slightly translation;
removing rotation equivariance (w/ rotation-equiv.) primarily degrades rotation
accuracy and slightly destabilizes translation. On Fantastic Breaks (Table ,
E-M3RF’s equivariant geometry backbone generalizes beyond the training dis-
tribution: despite missing color, it outperforms by 25.0% in rotation and
translation, and matches it on other metrics. On FRACTURA (bottom of Table
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2), E-M3RF demonstrates significant generalization capabilities. It outperforms
GARF by 16.9% in rotation and 87.3% in translation, while achieving superior
performance in both precision (PA) and Chamfer Distance (CD).

Geometry-only baselines such as GARF lag behind the full E-M3RF, showing
that our fusion of color with an equivariant backbone transfers robustly to unseen
data without dataset-specific training, demonstrating strong out-of-distribution
generalization (see Fig. [4).

Efficiency and Computational Cost. E-M3RF is a substantially more lightweight
and computationally efficient architecture. This is reflected in the number of
trainable parameters during pretraining, requiring only 1.9M parameters com-
pared to 12.7M for the baseline. Additionally, E-M3RF achieves approximately 17%
faster inference and reduces memory consumption by around 58% on average
(Table . Additional analysis is provided in Appx. B.

Table 3: Inference time and GPU memory comparison on the RePAIR dataset under
varying numbers of fragments. Lower values indicate better efficiency.

E-M3RF (Ours) GARF
# Frags. Time (ms)] Mem. (GB)] Time (ms)] Mem. (GB)}
2 182.0 2.08 198.0 4.92
7 187.0 2.13 212.0 5.09
15 200.0 2.22 245.0 5.35
40 223.0 2.27 298.0 5.38

6 Conclusion

We introduce E-M3RF, a multimodal 3D reassembly framework that fuses fracture-
aware geometry via an SO(3)-equivariant backbone with color cues and enforces
physical plausibility through a non-overlap loss. Evaluated on two real-world
data collections with colored fractures and three synthetic/real-world without
color benchmarks, E-M3RF consistently outperforms all competing methods.
These results highlight the potential of E-M3RF for robust, generalizable 3D
reconstruction in both synthetic and real-world settings.

Limitations & Future Work. While point density improves accuracy (see
suppl. material, Appx. B), it increases computational costs. To scale, we will
explore linearized attention and efficient architectures. We also plan to move
beyond point clouds to a mesh-first approach, utilizing triangle meshes and tex-
tures to capture high-resolution details and connectivity.
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