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Abstract

The goal of semantic correspondence (SC) estimation is to establish semantically
meaningful matches across different instances of an object category. In this work,
we illustrate how recent supervised SC methods generalize poorly beyond the anno-
tated keypoints seen during training, thus effectively acting as keypoint detectors.
To address this, we propose a new approach for learning dense correspondences by
lifting 2D keypoints into a canonical 3D space using monocular depth estimation.
Our method constructs a continuous canonical manifold that captures object geom-
etry without requiring explicit 3D supervision or camera annotations. Additionally,
we introduce SPair-U, an extension of SPair-71k with novel keypoint annotations,
to better assess generalization. Experiments not only demonstrate that our model
significantly outperforms supervised baselines on unseen keypoints, highlighting
its effectiveness in learning robust correspondences, but that unsupervised baselines
outperform supervised counterparts when evaluated across different datasets.

1 Introduction

Semantic correspondence (SC) estimation involves identifying semantically matching regions in
images across different instances of the same object category. It remains a challenging problem,
as it requires recovering fine-grained details while maintaining robustness against variations in
object appearance, shape, and viewing conditions. Recent advances in large-scale vision models,
particularly self-supervised transformers [6} [39]] and generative diffusion models [41]], have led to
notable improvements in SC. When employed as backbones, these models have achieved over 20%
gains in accuracy on the SPair-71k benchmark [34]]. However, despite these advances, recent studies
have highlighted that these powerful representations often struggle to disambiguate symmetric object
parts due to their visual similarity [62} 32].

SC methods can be broadly categorized into two groups in terms of supervision: unsupervised models,
which do not require correspondence annotations during training [1 2161} 32]], and supervised mod-
els [8} 118, 162], which are trained on manually annotated correspondences. As expected, supervised
models generally achieve higher performances when using the same backbone and same training
set as unsupervised models. However, a key limitation of current benchmarks is that evaluation is
typically performed on the same set of keypoints used for training, potentially inflating perceived
generalization. As illustrated in Fig. |1} the performance of supervised models drops significantly
when evaluated on unseen keypoints, while unsupervised models maintain their performance.

Building dense correspondences are key to fine-grained object understanding and improving robust-
ness in various recognition tasks, and essential to many applications including texture transfer [38]]
and robotic manipulation [49]. In this work, we examine the performance of state-of-the-art SC
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Figure 1: Illustration of the generalization gap on unseen keypoints. (Left) Top row: when evaluated on
known keypoints, both our model and Geo-SC [62] perform well, while the unsupervised DINOv2+SD [61]]
struggles to correctly disambiguate the legs of the horse. Bottom row: when presented with keypoints unseen
at training time, both our model and DINO+SD predict noisy but reasonable correspondence, while Geo-SC
predictions noticeably degrade. (Right) Even though it obtains strong performance on known keypoints, Geo-SC
performs worse than its unsupervised counterpart on our new benchmark of unseen keypoints. In comparison,
our model still achieves competitive results.

models when evaluated on points that lie outside the set of annotated training keypoints. Under these
conditions, we observe that supervised pipelines often underperform their unsupervised counterparts,
effectively reducing their function to that of ‘sparse keypoint detectors’. We attribute this limitation
to two main factors: (i) the sparsity of supervision, which typically focuses on a limited number of
keypoints and (ii) the lack of evaluation on unseen points, which tends to favor models that bias their
predictions toward the nearest seen annotations.

We argue that an ideal SC method should be capable of matching arbitrary points, akin to the objectives
in classical dense correspondence tasks [26]. To move beyond sparse supervision, we propose a
learning framework that predicts dense feature maps and supervises them using geometry from an
off-the-shelf depth estimator, thereby enabling training on richer and more spatially diverse cues.
Some unsupervised SC methods [46), have leveraged 3D geometry to learn dense correspondences
through mapping object pixels to a spherical coordinate system where each coordinate corresponds
to a different characteristic point of the object. However, this approach requires estimating the
object shape and viewpoint from a collection of 2D images, which limits the applicability of such
models to synthetically generated datasets [46] and they can require additional camera viewpoint
supervision [32].

We propose a new approach that leverages existing 2D keypoint annotations and estimated 3D
geometry to learn dense correspondences. We build on the idea of learning a canonical representation
of the object category, which is invariant to the object instance, viewpoint, and pose. We achieve this
by lifting the 2D keypoints to 3D using a monocular depth model, aligning them with a set of canonical
keypoints that are shared across all instances of the object category. Finally, by interpolating between
them, we learn a continuous canonical manifold, that captures the underlying 3D shape of the object
and incorporates geometric constraints into learning more effective and general feature representations.
We also introduce a new dataset for SC estimation, SPair-U, which extends the original SPair-71k
test annotations with a set of new keypoints, allowing us to evaluate the generalization of SC models
on unseen keypoints. We show that supervised SC models trained on the original SPair-71k dataset
typically fail to generalize well to unseen keypoints, while our method is able to learn a more general
representation that can be applied to unseen keypoints.

2 Related Work

Supervised methods. Supervised approaches rely on the availability of datasets with annotated
keypoints such as CUB [51]], PF-PASCAL [13]], and SPair-71k to learn corresponding points
across instances of the same object class depicted in different images. This is typically using
contrastive objectives minimizing distance between features coming from the same keypoints while



pushing other features awaidg, 44,61, 162]. A more computationally intensive option is to compute
dense 4D correlations maps between each source and target loc8iB88518, 22]. To obtain
stronger descriptors, it is also common to aggregate features from multiple network layers to form
hypercolumns35,[1,62]. Current state-of-the-art supervised methods forego training from scratch
and instead typically use a large pretrained vision model as a backbone, the most popular options
being DINOv2 B9] and Stable Diffusion41]. While effective at matching instances of keypoints

of the same type that have been observed during training, in our experiments we demonstrate that
current supervised methods have a tendency to over t to the set of keypoints observed during training
and struggle to generalize to previously unseen keypoints (sefg| Fig. 1 for an example).

There have also been recent attempts to utilize the expressive power of the representations encoded
in large multi-modal models for detecting sets of keypoints. Few-shot methods require supervision

in the form of a support set at inference tin8[29, 17]. Zero-shot methods forego the need

for such supervision, but instead require that keypoints should be described via natural language
prompts p3, 60]. Describing common keypoints (e.g., "the left eye") can be easily done via language,
but how to best describe less salient points via text is not so clear. There have also been attempts to
develop models that can take different various modalities (i.e., text and or keypoints) a0jput [
While promising, these methods make use of large multi-modal models and need large quantities of
keypoint supervision data, spanning many diverse keypoints and categories, for pretraining.

Unsupervised / weakly-supervised methodsviethods that do not use correspondence supervision
during training range from unsupervised approaches using general-purpose backh6tlesé¢ry

weakly supervised methods that only assume an curated training set without labels, e.g., images
of a single category46, 45, 2], zero-shot methods that only use test-time information about the
relationships between keypoint38 62], dense methods that directly impose structure on the
correspondence eld7], and weakly supervised methods that use extra labels like segmentation
masks or camera pos2(, 32, 4]. Earlier unsupervised methods typically use self-supervised
objectives that make use of synthetic deformations/augmentations of the same4®jagedly using

cycle consistencieglp, 47, 48] to provide pseudo ground truth correspondence. Later it was observed
that large pretrained vision models naturally posses features that are very strong for SC, despite not
being trained on this task explicitly. As a result, more recent unsupervised methods tend to not train
their own backbones from scratch and instead explore ways to aggrégétg pr align [14, 32

these features across images.

Geometry-aware methodsInspired by the classic correspondence setting in vision that relies on
geometric constraints to match the same 3D locations across Vi&v7], utilizing geometry cues

is an effective way to learn SC. For SC, the underlying assumption is that different instances from the
same object category share a similar spatial structure. Flow and rigidity constraints are often used in
tracking b3, 58] and unsupervised S@5, 14, 4]. Recent studies have shown that ambiguities caused

by symmetric objects are a major source of errors in &:32]. One potential way to mitigate these
errors is to develop 3D-aware methods. Initially, this has been explored by building correspondence
across images by matching points along the surface of objects to 3D mégh24, 37, 56, 11],

but the requirement for meshes greatly limits the applicability of these approaches. More recently,
methods have been proposed to learn 3D shape from image colle@61B3,[3]. However, these
methods require solving multiple problems at once, i.e., estimating object shape, deformations,
camera pose, and are therefore limited to speci c types of object categories and tend to break easily
when applied to more complex shapes. Recent advances in monocular4zpii2fl, 59, 13, 54

and geometry predictiorbp] allows for reliable geometry estimation from a single image, which can

be leveraged for imparting 3D-awareness in into SC methods.

Concurrent work$2] also proposes to geometrically align images in 3D using depth maps to build
category prototypes. It is designed around a test-time alignment of the 3D prototype to the test image.
This requires knowing the test category beforehand, having build a dedicated prototype for it, having a
segmentation mask for the test instance, and solving a computationally expensive alignment problem,
limiting its applicability to severely constrained scenarios where the category has been seen during
training and throughput it not an issue. In comparison, while our model shares a similar concept
of building 3D category prototype, our goal is to design a generalizable SC pipeline by training a
correspondence head on top of a backbone. This allows our model to compute correspondence in a
single feedforward pass and generalize to new categories all the while not requiring knowledge of the
test category or segmentation.



Figure 2:Overview of our approach. We extract segmentation masks and depths maps from training images
and backproject object points to produce the posed point clsiid&Ve predict dense features withand match

them against our jointly learned sparse category prototiZp& ) to produce the canonical point clouds.

The local geometric alignment between the two provides supervision for updating

3 Method

3.1 Overview

Letl 2 R" W 3 pe an RGB image depicting an object, de ned over the image dom&rR?, a

lattice of sizeH  W. Our objective is to learn a functioQ |; u) ! w, which maps each pixel
coordinateu 2  to a descriptowv 2 RM . The descriptow should be semantically consistent, be
meaningfully aligned across different images of objects from the same category, and be invariant to
changes in pose and shape. Oncis learned, SC between two imagdeand| °, depicting the same
object category, can be established by nding, for a pixéh imagel , the most similar pixeli®in

the other imagé®. This is done by querying nearest-neighbor matching in descriptor space according
to distancel, typically the cosine distance, i.€l(a;b) =1 h a;bi=(jjajj2jjbjj2):

u°:argmvin d(( I;u); ( 1%v)): (1)

wherek 2 . A common strategy, adopted in recent works,[8, 9, 31, 61, 62], is to learn a
descriptor function( |; u) that produces a local descriptarfor each pixelu in | such that the
descriptors of corresponding keypoints in paired images are close in feature space. While this sparse
keypoint supervision helps the model learn semantically meaningful descriptors for the annotated
keypoints, it does not guarantee generalization to unlabeled regions of the object.

A promising direction to address this limitation is to incorporate 3D geometry by assigning each
pixel a coordinate in an object centric reference frame. Prior wet§s3P] explores this idea by
projecting object surfaces onto a spherical coordinate system, with each coordinate on the sphere
corresponding to a different characteristic point of the object. However, this necessitates inferring
both object shape and the viewpoint from a collection of 2D images, a highly ill-posed problem,
which requires generating pairs through synthetic warps resulting unrealistic sh&pesrglies on
viewpoint supervision which can be challenging to predict automatically. In the next section we show
how to combine sparse keypoints annotations with 3D geometry cues to learn dense and semantically
consistent descriptors for every pixel in an image. An overview of our approach is shown in Fig. 2.

3.2 Canonical Representation Learning

Similar to [46, 32], we aim to learn a 3[2anonicalrepresentation for each object category, along with
afunction' (I; u) ! x 2 R®that maps a pixal in imagel to its 3D coordinates in the canonical
object-centric coordinate system. Unlike the spherical representations in prior work [46, 32], we do
not impose any topological constraints on the canonical representation (e.g., enforcing a spherical

where eaclp; corresponds to a labeled keypokjtin | . A crucial aspect of this parametrization is



that unlike the labeled image keypoirds P is shared across all instances of the category, and is
invariant to object instance, viewpoint, and pose, ensuring the canonicity of the representation.

To computeP, we rst estimate the 3D coordinates of each keypdirih imagel using a monocular
depth model( I; k) ! R* and then backproject it using estimated camera intrinsi&sR® 3 as
follows:

k=( 1 K)A ke ky;1™; 2

wherek = (ky;ky) andk 2 R® represents the 3D “posed' coordinate. We denote the set of

To align K with P, we compute a rigid transformation, comprising rotat®n2 SO(3) and
translationT 2 R® 1, and scales 2 R* suchthaM = s[RjT]2 R3 “. We optimize the canonical
keypointsP by minimizing their alignment error across the training set by solving a generalized
Procrustes problem:
X X
min jipi M Ok{Vjj; where MM =argmin o MkMjz: @)
" n=1 i=1

We use the Kabsch-Umeyama algoritht®,[50] to compute the optimal transformatidi (™

between the canonical and posed coordinates keypoints. To prevent the degenerate solution where
s = 0 leads to a global collapse, we modify the procedure to constrairl. This ensures objects
cannot shrink in size, effectively resizing them to the size of the largest object in the training set.
Even though alignments rely on only a sparse subset of visible keypoints per-image, i.e., occluded
and out-of-frame points are not considered, we nd this suf cient to recover a globally consistent
arrangement foP .

Next we associate each canonical keypoin with a learnable descriptar, forming a seZ =

between extracted and canonical descriptors:

PP o () (M=
min Ni log p jKerp(San,z" (kg )(n)) ; (4)
' n=1 i=1 i21 expsim(zy; ((1M5ki™)=)

with cosine similarity sing ; ) and learned temperature parameteThis objective encouragesto
produce distinctive and semantically consistent features across object instances for each keypoint

3.3 Dense Geometric Alignment

So far, we have only modeled object geometry at the sparse level.\Wee now extend this to dense
correspondence by de ning(l; u), a function that maps every pixelin | to a coordinate in the
canonical space. We compute it as an attention-weighted sum over canonical keypoints:

e X e (=)
L S expsimzys (u)=)

This is equivalent to computing descriptors via softmax attention dversing ( I; u) as queriesz
as keys, ang as values. For labeled keypoits minimizing Eq. (4) ensures(l; k;) = p;.

(®)

For each training imagke, we can now estimate the dense canonical coordinétesver its pixels

via Eq. (5), and the posed coordina¥¢® via depth backprojection using Eq. (2). In practi%€,

andX ® only consist of object points that are selected using an object segmentation mask. We aim
to align these two representations so thatproperly re ects the object geometry. However, our
annotations are only sparse, thus we cannot directly supéryise) for arbitrary coordinates.

Instead, we make the assumption that even though the posed and canonical shape are different, they
should bdocally similar. We encourage the geometric alignment between a small neighborhood of
points sampled in the posed space, and their corresponding locations in the canonical space.

For a given poing 2 X ¢, we sample itk nearest neighbors to obtaiy, in the canonical space,
and the corresponding coordinates in the posed spgcand minimize the alignment error between



two sets. We also sample neighbors of a given poidiX ° in the posed space, denotedBas and
compute the loss in the other direction:

min = GiCEY MpBgViin+ B M CiViis; ©6)
' n=1

whereM .o andM py are the rigid transformations between the canonical and posed coordinates,
computed using the Kabsch-Umeyama algorithm at each iteration as in Eq. (3).

In the canonical space, neighbors are selected using a standard k-nearest neighbors strategy. However,
this approach can be unreliable in the posed space due to object deformations. For instance, in the
case of a person eating, the hand might be close to the face in 3D space, and thus points belonging to
the face might mistakenly be selected as neighbors of the hand. Instead, we use a pseudo-geodesic
sampling strategy that samples points along the surface of the object. Starting from a seed point, we
iteratively grow the neighborhood by selecting the next point with the shortest distance to the current
set, effectively approximating surface-based proximity rather than raw spatial closeness. Pseudocode
is provided in Alg. 1.

We jointly optimize the descriptor learning loss in Eq. (4) and the geometric consistency loss in
Eq. (6) to learn andP. While these objectives suf ce to learn a SC model, in practice we build our
implementation on Geo-S®¥] and optimize its parameters jointly over the sum of our objective and
the original one. At inference time, rather than simply querying nearest-neighbor in the descriptor
space predicted by, we make use of the soft-argmax window matching strategy proposéd]in [
Unlike ' , which relies on category-speci c canonical coordinatePseind descriptor&, can be
applied to previously unseen object categories directly.

4 SPair-U: A Benchmark for Evaluating Unseen Keypoints

As illustrated in Fig. 1, the performance of the state-of-the-art supervised SC me@@4][
degrades signi cantly when queried on keypoints that are not part of their training sets. We posit
that this is caused by models only learning strong representations for these speci ¢ points, while
largely ignoring the remaining pixels. We would like to assess the performance of SC methods
when evaluated on keypoints that were previously unseen (i.e., not in the labeled set) at training time.
A possible solution is to use an existing dataset while splitting the annotations into two mutually
exclusive sets of keypoints, seen and unseen, between training and evaluation. However, this strategy
would reduce the supervision available, and require retraining previous techniques for evaluation.

Instead, we introduce a new evaluation benchm@Raqir-U, by labeling additional keypoints from

the SPair-71k datase®4]. We added at least four new points for each of the 18 categories found

in SPair-71k. For animals, we focused on additional joints on the limbs, and for vehicles we added
semantic parts that were not already labeled, e.g., windshield or fenders. Boats, bottles, potted plants,
and tv monitors keypoints are not semamér sein SPair-71k, but are rather spread around on the
outline of the object. Thus, we added midway points between those already de ned. In total, we add
1,272 new individual test keypoint annotations resulting in 19,990 new keypoint pairs spread across
8,254 image pairs. We illustrate some of these new annotations in Fig. 3, and the full list with more
details can be found in Table A3. As shown in Fig. 1, current supervised methods tend to predict
locations of keypoints seen during when queried on the new SPair-U points.

SPair-U Dataset Statistics

# of image pairs 8,254
# of new keypoints 1,272
# of keypoint pairs 19,990
# of images without new points 53

# of occurrences for least frequent kp 2
# of occurrences for most frequentkp 27
average # of occurrences 16
average # of new points per-image 2.6

Figure 3:Example keypoint annotations from our new SPair-U evaluation datasetlt utilizes the same
images as the SPair-71k datasgf][ but adds additional keypoints not present in SPair-71k. This enables
benchmarking of SC methods on the existing keypoints along with our new ones. On the right we summarize the
main statistics of our new dataset.



Table 1: Results on standard evaluation keypoints for SPair-71k Per-image PCEQlym0x SCOres are
reported. In this table and the following: All models use the soft matching strategy descril&i éxdept
those followed by *. Models with a dagdebene t from AP-10K pretraining. Models in th¢ category use
keypoint supervision, whil& do not. Best results atelded and second best are underlined
z M i é a v 8 @ o) T ) f ‘ avg
& SD [41][61] 628 527 806 312 434 391 356 760 320 676 509 59.7 510 473 486 438 618 T:2®
DINOv2 [39][61] 734 602 888 432 411 46.7 451 750 334 698 66.1 696 60.7 666 30.7 613 542 5D

DINOv2+SD[61] | 73.8 61.0 89.6 40.2 525 474 441 811 415 768 648 705 617 663 543 627 635 @24
SphericalMaps [32] 76.2 60.1 90.0 46,5 53.0 749 680 838 451 817 676 754 69.1 589 500 675 739| 681l

K SCorrSan* [18] 57.1 403 783 381 518 578 471 679 252 713 639 493 453 498 488 403 77.7| 5B¥F

CATS++*[9] 60.6 469 825 41.6 568 649 504 728 292 758 654 625 509 561 548 482 80.9| 5BIM
DHF* [31] 740 610 87.2 40.7 47.8 700 744 809 385 761 60.9 66.8 666 703 58.0 54.3 87.4| GBOB
DINO+SD (S)[61] | 84.7 67.5 93.2 645 592 857 820 89.8 570 89.3 762 80.8 759 802 647 712 93.6| 7A5
Geo-SC [62] 86.6 707 958 69.2 64.8 945906 91.0 67.1 91.8 86.1863 79.3 87.9 808 821 96.6 83.4| 832
Geo-SC [62] 920 761 97.2 704 705 914 89.7 927 73.4 950 905 87.7 818 916 823 834 965 85.3 856
Ours 86.8 726 953 707 64.8 946 903 894 70.7 941 848 830 805 870 791 775 958 BBBY
Our¢ 922 763 965 720 681 950 908 931 751942 912 860 821 917 80.0 81.2 958 84.0| 85.4

Table 2:Results on unseen keypoints on our SPair-U benchmarkPer-image PCKDQ1yn0x SCOres on unseen
keypoints are reported.
z M i é 4 v 8 @ ) T ) f ‘ avg
& SD [41][61] 732 718 488 377 430 551 472 254 359 604 462 416 599 531 578 36.1 50.6| 4PRH
DINOvV2 [39][61] 88.2 756 79.0 529 398 54.1 60.0 439 348 672 646 53858 79.1 378 456 53.3 84| 549

DINOv2+SD [61] | 88.0 80.4 72.3 48.2 47.9 623 615 448 45073.0 647 582 755 80.0 62.7 46.1 559 16.9| 59.4
SphericalMaps [32] 90.2 76.8 71.7 55.6 44.6 89.5 817 50.8 464 712 704 629 654 682 56.1 459 516 26610

K SCorrSan* [18] 569 269 23.0 376 314 528 417 166 154 210 471 178 273 481 478 201 283|327

CATS++* [9] 69.9 438 140 471 31.9 695 470 117 244 151 479 258 320 543 516 175 27.9| 3B
DHF* [31] 714 581 39.1 358 447 740 402 335 274 520 504 416 565 51.6 416 30.0 42.5| 4B1F
DINO+SD (S)[61] | 81.5 73.6 57.1 63.4 358 857 67.%4.3 39.3 67.9 868 795 60.9 70.1 558 57.8 427 12.6| 60.0
Geo-SC [62] 809 714 518 653 369 91.0 70.8 557 369 557 79.2 537 665 623 611 39.0 39.0| 5B
Geo-SC [62] 746 706 555 651 364 851 723 50.1 401 606 853 657 529 619 66.6 418 36.6| SR8
Ours 80.3 745 70.6 67.1 40.2 929 727 538 458 685 753 620 67.8 65481 454 47.9 305 624
oury 811 732 720 675 352 921 755 61.2 514 743 86.8 788 709 689 726 547 44.8 32.2| 66.1

5 Experimental Results

5.1 Implementation Details

Our 3D prototype approach is complementary to existing semantic correspondence architectures, thus
we can add it as an additional objective on top of established models. We base our experiments on Geo-
SC [62), strictly following their provided hyperparameters, e.g., learning rate, batch size, optimizer,
scheduler, and epoch count, simply adding our additional loss terms and jointly optifRizind

Z alongside Geo-SC's feature extractarWe also preserve the contrastlvg,aseand dense gense
objectives with gaussian noise, as well as feature maps dropout and pose-variant augmentation. We
refer to the original publication and of cial implementation for in-depth description of these features.
While P andZ are category-speci ¢, a single is trained on the full dataset, allowing generalization

to new categories. Furthermore, gradients coming from Eq. (6) are not backpropadateddaning

it is only optimized using Eq. (3).

Our complete loss term iSsparset Ldenset Lp +0:3 L 7z + Lgeom WhereLp, Lz, andL geom
correspond to Eq. (3), Eq. (4) and Eq. (6) respectively. The justi cation for setting the weight
z = 0:3is provided in Appendix B.

In practice, consists of additional bottleneck layers trained on top of frozen DINOv2 and SD
backbones. We extract depth maps and camera intrinsics using Ma@zeafid use Segment
Anything [23] to obtain segmentation masks. Importantly, these are only used during training. During
evaluation, matches are computed only from the predictions édditional implementation details

can be found in Appendix A.

5.2 Quantitative Results

Seen — SPair-71kWe rst compare our models to other SC approaches on the SPair-71k bench-
mark [34], which contains images from 18 categories. We use the standar@®Tlto.x which
considers a match to be correct if its prediction lies within distéante max(h; w) of the ground

truth location, wheréh; w) is the height and width of the target object bounding box. Typically,
supervised models repgrer-imagePCK, i.e., the average score of each image per-category, while
unsupervised ones uper pointPCK, i.e., the average number of correct matches per-category. In
order to properly compare results between the two families, we recorppuienagePCK for all
models, which results in a small drop for the unsupervised models.



Table 3:Cross-benchmark evaluation on held-out datasetsScores are reported using PCK with different

thresholds. Here, only keypoint supervision from Spair-71k is used for supervised models.
Spair-71k Spair-U AP-10K IS AP-10K CS AP-10K CF PF-PASCAL
PCK threshold 0.01 0.05 O.lO\ 0.01 0.05 0.10\ 0.01 0.05 0.10\ 0.01 0.05 0.10\ 0.01 0.05 0.10\ 0.05 0.10 0.15

K SD [41][61] 6.3 373 5200 3.3 280 474 84 369 525 6.6 326 479 43 246 376/ 66.1 800 853
DINOv2 [39][61] 6.8 38.0 553 3.7 324 549 105 448 636 88 417 616 7.7 347 520 624 782 835
DINOv2+SD [61] 8.2 442 611 47 37.0 594|117 474 658 10.0 440 635 7.7 354 524725 856 90.3
SphericalMaps [32] 8.2 47.7 66.1 45 382 61.0| 125 485 66.7/10.6 449 63.6] 80 357 521 746 889 932

K DINO+SD (S)[61] | 13.0 61.6 76.5 3.6 359 593 151 543 717|136 511 68.7| 11.0 440 604|745 874 0911
Geo-SC [62] 20.0 722 832 4.6 355 56.9 16.6 55.8 705|152 524 67.7| 11.9 459 59.6| 753 87.0 90.7
Ours 205 721 829| 42 378 624|165 558 713|151 53.0 69.0| 11.2 46.1 61.1| 758 875 91.2

Results on seen keypoints in Table 1 show that our model ranks competitively against other approaches,
with a marginal0:2% performance drop on average against its backbone Ge®&&ZHer-category

results show small improvements in nine of the categories, the highest one3t&itign bus, and

small drop on the other nine, the largest be2¥fo on bottle. Overall, the differences are minor,
illustrating that adding our extra objective does not interfere with the original model.

Unseen — SPair-UTo evaluate a model's ability to generalize to unseen semantic points, we assess
its performance on our new SPair-U keypoints using per-image PCK@Qfdr a like-for-like
comparison. We exclude the Test-time Adaptive Pose Alignment f6&@rs[nce it requires prior
knowledge of keypoint semantics to relabel ipped keypoints, which contradicts the assumption that
evaluation keypoints are unknown.

As shown in Table 2, results on SPair-U reveal a stark contrast between supervised and unsupervised
models. While unsupervised models see only a modest performance drop, likely due to increased task
dif culty, supervised models experience a signi cant decline. Many of the pre-existing approaches
are outperformed by the unsupervised DINO+SD basebitiegnd they are consistently beaten by

the weakly-supervised Spherical Ma@2]. Notably, in eight categories, the best-performing model

Has not seen keypoints during training, suggesting that supervised approaches behave more like
keypoint regressors and fail to generalize to novel correspondences.

Our method also shows some performance degradation on SPair-U, but the drop is smaller than that
of its backbone Geo-SC. It achieves the highest overall performance, improving upon the best prior
supervised model by 6.1%, indicating stronger generalization to unseen keypoints. Nevertheless, the
substantial gap between results on SPair-71k and SPair-U underscores a broader limitation: despite
recent progress, most models struggle to move beyond sparse keypoint supervision toward robust,
general semantic correspondence.

Cross-benchmark evaluation. We further evaluate our model on four benchmarks: SPair-71k,
SPair-U, AP-10k §2], and PF-PASCAL 15]. While most supervised SC methods train separate
models for each benchmark, this setup encourages over tting to the benchmark and is impractical
for real-world use. Instead, we advocate for evaluating generalization by training a single model
on one dataset and testing it across multiple benchmarks. We choose SPair-71k for training due to
its balanced mix of object and animal categories, making it suitable for generalization. To ensure
fairness, we exclude models pretrained on AP-10K and standardize evaluation using the windowed
soft-argmax protocol from [62].

As shown in Table 3, while Geo-S®2] achieves the best performance on the standard SPair-71k test
set, it underperforms on all other benchmarks, highlighting its limited generalization. Notably, even a
simple supervised DINO+SD5[] baseline outperforms Geo-SC at the standatd threshold when
using the same soft window matching strategy. This stands in sharp contrast to the ndifgs in [
where Geo-SC consistently outperforms its baselin@@ on the three AP-10K benchmarks, when
both models are trained on AP-10K, indicating potential over tting to that dataset.

Consistent with earlier observations, a clear pattern emerges: models trained without keypoint
supervision maintain stable rankings and performance gaps across datasets, whereas supervised
models cluster more tightly in performance when evaluated out of their training distribution, revealing
weaker cross-set generalization.

5.3 Qualitative Results

In Fig. 4, we visualize PCA projections of object features produced by our model, Geo-SC, and the
unsupervised DINO+SD. Our model produces descriptors that vary smoothly over the object surface
while uniquely identifying each point. In comparison, the predictions of Geo-SC are noisier, with
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