
• GeoLoRA injects 3D geometric information into 2D foundation 
features from partial 3D observations


• State-of-the-art feature quality for partial 3D shapes across multiple 
benchmark datasets


• Better downstream performance in partial-to-full and partial-to-
partial shape matching and improved robustness to geometric 
ambiguities such as left–right disambiguation
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Figure 2. Our Self-Supervised Training Pipeline: Given a full mesh X , we first generate a partial observation Y . After randomly rotating
both shapes with different rotation matrices around the Y-axis, we render the partial and full shape from different perspectives with cameras
C. For every camera ci 2 C, we obtain an image IiX of the full shape, which is then passed through a frozen DINOv3 architecture with
LoRA adaptation with rank r to extract pixel-wise features Qi

X . These are then backprojected on the shape and averaged to get vertex-wise
features FX . Similarly, we proceed for the partial shape Y . Finally, we use the Geodesic-Aware PointInfoNCE contrastive loss to align
corresponding vertices of both shapes and separate all others based on geodesic distance.

tract image features Qi
Y , which we then backproject to pro-239

duce vertex-wise features FY 2 R|VY |⇥768. At this point,240

it is worth highlighting that the full and partial shapes rep-241

resent the same object in the same pose. At first glance, this242

may appear restrictive, as we actually aim to solve for non-243

rigid shape matching, and at inference time, we can expect244

to match objects that have undergone various deformations.245

However, we believe our training setting exactly represents246

the task our backbone should solve: recover the semantics247

of an observed partial shape, as if it belonged to a full geom-248

etry. In practice, we set a small number of N = 9 cameras249

for the full shape and N = 4 for its partial observation en-250

suring efficient model training.251

Geodesic-Aware PointInfoNCE At this point, for every252

pair of full and partial shapes, we collected several rendered253

views and corresponding foundation features from the DI-254

NOv3 backbone and the appended LoRA module. Now, we255

aim to utilise this information to optimise the parameters of256

the LoRA module and enhance the alignment between full-257

shape and partial-shape features. For the loss, a common258

choice is the PointInfoNCE contrastive loss [3, 58], already259

shown promising results in previous shape matching works:260
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where we define GT as the set of corresponding pairs 262

between the full and partial shapes, ⌧ is a temperature hy- 263

perparameter, and FX and FY are the features of the full 264

and partial shapes, respectively. While the numerator pulls 265

the feature representation of corresponding vertices of the 266

partial and full shape together, the denominator pushes the 267

features apart, making sure that the feature representation 268

does not degenerate to one value. However, in this for- 269

mulation, there is a clear distinction between correct and 270

incorrect predictions. Namely, it penalises all mismatches 271

equally, without considering the severity of the error in the 272

prediction. Hence, we add a weighting to the loss, such 273

that points further away are penalised more heavily in the 274

loss function, taking into account the actual distances be- 275

tween the vertices. We use the geodesic error matrix on the 276

full shape, DX 2 R|VX |⇥|VX |, where Djk
X represents the 277

geodesic distance (distance along the surface) between two 278

vertices vj , vk 2 VX . When referring to a partial vertex 279

vk 2 VY , we assume its known correspondence on the full 280

shape, allowing us to index into DX appropriately. We ad- 281

just the PointInfoNCE Loss, such that: 282
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(2) 283

We shift the geodesic distance matrix by 0.5 to obtain a sim- 284

ilar range as in the original PointInfoNCE loss, where the 285

denominator is multiplied by 1. Providing the network with 286
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PointInfoNCE GeoLoRA

Err (#) 11.29 5.89

Table 5. PointInfoNCE vs GeoLoRA: We show that our loss for-
mulation decreases the geodesic error (⇥100) significantly com-
pared to the widely used PointInfoNCE loss.

DINOv3 PointInfoNCE GeoLoRA

Acc (") 70.45 84.09 91.42

Table 6. Chirality Score for BECOS Partial Shapes: We show
that we can improve the left-right prediction of [55] with Ge-
oLoRA in terms of accuracy.
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Figure 5. Qualitative Results of Left-Right Prediction: Ge-
oLoRA shows better chirality prediction than DINOv3 (shapes
from BECOS).

4.7. Applications450

Chirality Classification Distinguishing the left and right451

of a mesh is an essential task for 3D shape analysis. We train452

the network from [55] with different features: DINOv3, Ge-453

oLoRA, and features obtained by our pipeline, but with the454

PointInfoNCE loss. For training, we use the BECOS full-455

to-full train set, and we evaluate on the partial shapes from456

the BECOS partial-to-full test set. From the results in Ta-457

ble 6, we observe that GeoLoRA provides significant im-458

provement in terms of accuracy. The qualitative improve-459

ment can be appreciated in Figure 5, even for highly partial460

shapes. In comparison to the PointInfoNCE loss, our for-461

mulation further improves the left-right prediction.462

Real-World Partiality Mapping a partial observation to463

a full template is particularly relevant for real-world appli-464

Template DINOv3 GeoLoRA

Figure 6. Real-World Scan: We match a real-world partial scan
on a template human. DINOv3 struggles to characterise incom-
plete geometry, while GeoLoRA shows robust performance.

cations, such as interpreting data from acquisition pipelines. 465

In Figure 6, we report an illustrative result, obtained from 466

a depth-sensor-based body scanner. During the acquisition, 467

the user was partially misaligned with respect to the captur- 468

ing volume. While DINOv3 fails to recover the semantics 469

of such ruined geometry, our features show robustness. We 470

found this result really exciting, as it can open up new tech- 471

niques for non-rigid reconstruction of moving objects. 472

5. Discussion and Conclusion 473

We introduced GeoLoRA, a novel self-supervised LoRA 474

approach for learning robust features on partial 3D shapes. 475

By relying solely on synthetic data and self-supervised 476

tasks, we demonstrated that our features not only possess a 477

better geometrical understanding than 2D foundation back- 478

bones but are also the best available features to date for 479

partial-to-partial and partial-to-full shape matching. The 480

main limitation is likely inherited from DINOv3, which in- 481

volves pretraining on natural images and thus incorporates 482

a bias toward shapes in an upright orientation. While it is 483

generally assumed that 3D shapes are upright-oriented, this 484

assumption might worsen the results in upside-down poses. 485

We discuss such failure cases in the supplementary mate- 486

rial. Overall, our work demonstrates that adapting vision 487

foundation models through low-rank adaptation can sub- 488

stantially advance partial shape understanding. In the fu- 489

ture, our work could be extended to also consider external 490

clutter. Ultimately, we view our work as a promising step 491

toward bridging the gap between large-scale image repre- 492

sentations and 3D geometry, providing valuable insights to 493

the broader communities of shape analysis and 3D vision. 494
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Type Dataset WKS HKS Diff3f DINOv2 DINOv3 Trained on GeoLoRA

P2F

BECOS [23] 58.35 69.50 25.61 21.54 19.95 BECOS 5.57
SHREC16 CUTS [16] 62.08 53.32 28.01 26.58 21.25 BECOS* 10.86
SHREC16 HOLES [16] 50.33 65.56 26.67 20.22 20.22 BECOS* 9.70
PFAUST-M [8] 50.28 52.19 12.60 11.38 11.36 FAUST 2.88
PFAUST-H [8] 54.75 60.83 19.32 17.47 13.82 FAUST 3.33

P2P
BECOS [23] 41.35 40.48 19.45 17.43 16.84 BECOS 6.72
CP2P24 [3, 21] 38.40 37.04 22.60 18.43 18.55 BECOS* 12.46
PSMAL [21] 39.50 39.53 30.86 19.59 18.64 SMAL 6.85

Table 1. Improvement of Feature Quality Through Our Self-Supervised Pipeline: We show that with GeoLoRA we can improve the
feature quality on all partial datasets in terms of the mean geodesic error (⇥100). BECOS* indicates BECOS without SHREC16 data.
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Figure 3. Qualitative Results of Feature Quality: We show colour-coded correspondences based on the features computed with different
feature extractors. GeoLoRA exhibits improved performance, especially in left-right predictions.

Figure 3. Our improvement is noticeable across all datasets,385

with better left-right disambiguation compared to using DI-386

NOv3 features directly.387

4.5. Integration with Matching Methods388

State-of-the-art shape matching methods do not use features389

as they are, but further refine them for specific datasets and390

settings. Hence, we also explore the applicability of our fea-391

tures as replacements for alternatives in matching pipelines,392

both for the partial-to-full and partial-to-partial matching393

methods. Notice that this latter is a case for which we have394

not explicitly trained our features, and hence will test their395

generality.396

Partial-to-Full Shape Matching For partial-to-full397

shape matching, we use SOTA unsupervised methods,398

DPFM [3] and ULRSSM [12]. While originally they used 399

spatial coordinates as input, this has been shown to heav- 400

ily depend on the alignment of shapes in the datasets [4, 401

23, 59]. Therefore, we use vision foundation features as 402

input. We compare GeoLoRA with DINOv3 [50] features, 403

as this latter is the second-best-performing (see Sec. 4.4). 404

We report quantitative results for the partial-to-full match- 405

ing in Table 2, where the numbers in brackets show the fea- 406

tures after test-time adaptation from ULRSSM. We show 407

a qualitative example in Figure 4. For both methods, we 408

observe the improvement provided by GeoLoRA over the 409

DINOv3 alternative. Note that for the BECOS dataset, the 410

geodesic error is higher than when using GeoLoRA directly. 411

We see two reasons for this: Firstly, BECOS is the only 412

dataset providing unnormalised shapes, meaning that the 413
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Figure 1. Qualitative Results of Partial-to-Full Shape Match-
ing Methods: We show one qualitative result of partial-to-full
shape matching on the SHREC16 CUTS dataset. We can see im-
provement in the quality of the matching, especially at the arm
with GeoLoRA features.
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Figure 1. Qualitative Results of Partial-to-Full Shape Match-
ing Methods: We show one qualitative result of partial-to-full
shape matching on the SHREC16 CUTS dataset. We can see im-
provement in the quality of the matching, especially at the arm
with GeoLoRA features.
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