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Abstract

Finding correspondences between semantically similar
points across images and object instances is one of the ev-
erlasting challenges in computer vision. While large pre-
trained vision models have recently been demonstrated as
effective priors for semantic matching, they still suffer from
ambiguities for symmetric objects or repeated object parts.
We propose improving semantic correspondence estimation
through 3D-aware pseudo-labeling. Specifically, we train
an adapter to refine off-the-shelf features using pseudo-
labels obtained via 3D-aware chaining, filtering wrong la-
bels through relaxed cyclic consistency, and 3D spherical
prototype mapping constraints. While reducing the need
for dataset-specific annotations compared to prior work,
we establish a new state-of-the-art on SPair-71k, achiev-
ing an absolute gain of over 4% and of over 7% compared
to methods with similar supervision requirements. The gen-
erality of our proposed approach simplifies the extension of
training to other data sources, which we demonstrate in our
experiments.

1. Introduction
Finding correspondences between images remains a funda-
mental task in computer vision, having various applications
in tracking [8, 10, 20], mapping and localization [24, 37],
affordance understanding [25], pose estimation [58], analy-
sis of characteristic object parts [16, 50], image and video
generation or editing [12, 39, 53], 3D representation learn-
ing [31, 46, 56], or style transfer [23]. One remaining chal-
lenge in the correspondence estimation field is the task of
finding matches across different instances of similar ob-
jects, i.e., finding semantic correspondences. This is a
highly semantic task with a certain amount of ambiguity,
especially for man-made objects.

Recently, foundation model features have demonstrated
surprisingly high zero-shot performance for this task [49,
62, 63]. However, these features still have various weak-
nesses for finding correspondences, such as ambiguities for

Figure 1. Our method, DIY-SC, is able to find semantic corre-
spondences even for extreme appearance and shape changes. All
matches are computed from the keypoints in the top-left image.

similar object parts [35] or symmetric objects [63]. In
addition, supervised methods [63] indicate that there are
more effective strategies to combine foundational features
for solving semantic correspondence than simple concate-
nation [62] or weighted averaging [35]. Recent works
[33, 59, 63] train models in a supervised manner using man-
ual keypoint annotations and achieve strong performance
when evaluated on the same dataset. However, as the re-
quired manual annotations are scarce and difficult to obtain,
this strategy is not scalable to larger, more diverse datasets.
It thus remains an open challenge to determine the best way
to extract and enhance knowledge encoded in foundation
models for finding semantic correspondences without rely-
ing on labor-intensive keypoint supervision.

Recent works reduce the necessary level of supervision
for learning semantic correspondences by regularizing with
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3D information [35] or injecting information about label
definitions [9, 63]. However, they either require careful tun-
ing of weighting factors [35] or rely on access to dataset-
specific labeling conventions [63].

We address both limitations in our work by learning
features that significantly outperform the previous SOTA
without requiring manual keypoint label definitions: Our
work demonstrates that training with self-generated labels,
i.e., pseudo-labels, where label quality is improved through
weak 3D-aware supervision, is surprisingly effective for
improving the semantic correspondence performance, also
generalizing to heavy appearance changes (Fig. 1). To
achieve this, we train a lightweight adapter supervised by
the pseudo-labels, which effectively refines the foundation
model’s features, as shown in Fig. 2. Specifically, we pur-
sue a zero-shot approach [62] for generating pseudo-labels
for image pairs exhibiting moderate viewpoint variation, a
strategy that has been demonstrated to be effective in such
contexts but fails for larger viewpoint variations [63]. We
compose these labels over multiple image pairs to acquire
higher label quality for harder correspondence pairs, i.e.,
with larger viewpoint variance. We then employ a spheri-
cal prototype as a weak geometric prior [35] to reject wrong
matches, which addresses the inherent challenge of match-
ability and reduces feature ambiguity.

In contrast to previous weakly supervised methods [9,
63], our approach does not rely on dataset-specific key-
point definitions, reducing the barriers to applying it to other
datasets. To demonstrate this, we also train a model on the
recent ImageNet-3D dataset [34]. Pre-training on this larger
dataset notably also improves the performance on SPair-
71k [36], demonstrating the effectiveness of our more gen-
eralizable approach.

To summarize our contributions:
• We show that pseudo-labeling is effective for learning

better semantic correspondence features, and we demon-
strate that the quality of pseudo-labels can be improved
through 3D-aware chaining, relaxed cyclic-consistency
constraints, and the integration of a weak geometric prior.

• We show that our strategy is scalable to a larger dataset,
further improving the model’s performance.

• Finally, we set a new SOTA on SPair-71k with weak su-
pervision, outperforming the previous best model by 4.5
absolute points.

2. Related Work
Semantic correspondence. Semantic matching, i.e., find-
ing correspondences between different instances of the
same object class, is more challenging than geometric
matching due to potential variations in appearance and
shape. The scarcity and ambiguity of manually annotated
data pose an extra challenge to learning-based methods for
this task [51, 65].
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Figure 2. Self-training using pseudo-labels. Using foundational
features, we generate pseudo-labels, which are subsequently fil-
tered and used as supervision signals to train a light-weight adapter
that refines the features for semantic matching.

While early works relied on hand-crafted descriptors [30,
32], deep learning enabled learning better-suited feature ex-
tractors [22, 38, 44, 60] and direct semantic correspondence
detection networks [14, 23, 43]. Due to the limited ground
truth data, techniques emerged that rely on weak supervi-
sion [6, 26, 52, 64], leverage warp supervision and cycle
consistency losses [51, 52, 66], or rely on increasing label
supervision with pseudo-labels [18, 21, 28].

With the advent of so-called foundation models, the se-
mantic matching literature has come full circle: Recent
studies demonstrated that features obtained from such mod-
els can be utilized for detecting semantic correspondences
in a zero-shot manner [1, 2, 7, 15, 49, 62]. More specifically,
DINO features [5, 40] have been shown to exhibit strong
coarse semantic awareness useful for handling larger, cross-
instance variations [2, 9, 48, 59, 62, 63], while features from
diffusion models [45, 47] can complement them, resulting
in better performance [9, 15, 29, 35, 49, 59, 62, 63].

While a simple nearest-neighbor search in feature space
proves to be a powerful zero-shot method for correspon-
dence estimation, prior work also uncovered systematic
problems of this approach, e.g., in the disambiguation of
symmetric object parts [29, 33, 35, 46, 55, 63]. Therefore,
several works have proposed appending adapter modules
that are fine-tuned using supervision with ground-truth cor-
respondences [59, 63]. While reducing the labeling require-
ments, methods that build a joint atlas for objects in multi-
ple images usually require larger quantities of input images
and perform test-time optimization [11, 39]. Zhang et al.
[63] use keypoint-specific information to disambiguate left-
right symmetries at test time. While their strategy is sim-
ple, not all symmetries can be solved by image transfor-
mations, e.g., flipping, and the required keypoint-specific
information is generally not available. Fundel et al. [9]

5835



proposed fine-tuning distilled foundational features for geo-
metric matching using 3D ground truth data. This approach
is, however, inherently limited to the same object instance,
resulting in suboptimal results for cross-instance matching.
Mariotti et al. [35] proposed learning a map from features
to the surface of a sphere using 3D pose information as a
weak supervision signal. While this method successfully
resolves most symmetries for simple objects, such as cars,
a spherical prior does not accurately capture objects with
more complex topologies.

Our work also aims to improve the performance of se-
mantic matching by refining foundational features. In con-
trast to Zhang et al. [63], we do not require dataset-specific
keypoint definitions since our work only relies on weak su-
pervision that is available at scale. Similar to Mariotti et al.
[35], we leverage 3D information to reduce ambiguities.
However, our work does not suffer from performance drops
for objects with more complex topology and thus does not
require tuning of weighting factors

Pseudo-labeling. Lee et al. [27] proposed pseudo-
labeling, also referred to as self-training, as a technique for
semi-supervised training of neural networks, where a small
initial set of labels is propagated to a larger set of unlabeled
instances. Various methods have been developed based on
this concept, demonstrating the generality and scalability of
this approach [3–5, 13, 20, 57], sometimes in conjunction
with knowledge distillation from other pre-trained models.
Previous works have expanded manual keypoint annota-
tions and demonstrated improved semantic correspondence
performance [18, 21, 28]. In our work, we propose to ex-
tract pseudo-labels using off-the-shelf foundational features
(at training time), which we use to fine-tune a light-weight
adapter for the task of semantic correspondence estimation.

3. Method
Foundational features show strong semantic awareness for
zero-shot matching across instances. However, while the
high feature similarity of similar object parts is reasonable
from a semantic perspective, distinguishing them is crucial
for accurate semantic correspondences. The performance
gap between supervised and unsupervised semantic match-
ing methods [63] shows that a learned combination and re-
finement of features outperforms a simple concatenation or
averaging of multiple foundational features. As we aim to
supervise a refinement stage without relying on human an-
notations, we draw on the effectiveness of pseudo-labeling
for other tasks [4, 19, 20] and hypothesize its potential for
improving features for semantic correspondence.

In this section, we first formalize the semantic corre-
spondence task (Sec. 3.1). Then, we introduce our two-
stage method: First, pseudo-labels are generated via a zero-
shot matching strategy and subsequently filtered (Sec. 3.2).
These pseudo-labels are then used to supervise the training

of a light-weight adapter fp (Sec. 3.3). Finally, we detail
how our method can be scaled to a larger dataset in Sec. 3.4.

3.1. Problem Definition
The problem of finding semantic correspondences is de-
fined as follows: Given a source image Is, a target image
It, and a query point psi ∈ R2 on the object in the source
image, the task is to find the target point pti ∈ R2 on the
target image that localizes the object part that semantically
corresponds to the queried object part. One strategy to solve
this task is to find the nearest neighbor in feature space via
the cosine similarity sim(·) of the feature maps F s and F t:

pti = NNs→t(psi ) = arg max
qti∈It

sim
(
Fs(psi ),F t(qti

)
). (1)

However, in contrast to zero-shot strategies that solely ap-
ply pre-trained feature extractors [62], we aim to improve
the features such that the refined features are better suited
for finding semantic correspondences. Since the features
FDINO [40] and FSD [45] generalize well due to their large
training corpus, we learn a light-weight adapter F = fp(F̃)

on top of the concatenated features F̃ =
[
FDINO,FSD

]
, as

proposed by Zhang et al. [63].

3.2. Generation of High-Quality Pseudo-Labels
Given a pair of images (Is, It) with their feature maps
(Fs,F t) and the instance masks (Ms,Mt), the goal is
to find matches (psi , p

t
i) that can be used as pseudo-labels

for supervising the training of the adapter fp(·). A naı̈ve
strategy would apply the nearest-neighbor (NN) computa-
tion (Eq. (1)) of all points on the mask:

pti = NNs→t(psi ) (2)

with psi ∈ Ms and pti ∈ Mt. However, due to view-
point variations, topological variations, or occlusions, not
all points on the mask Ms can be mapped to the target im-
age. This challenge is commonly referred to as the match-
ability or visibility problem [51]. We show that training an
adapter with these naı̈vely obtained pseudo-labels already
improves results (see 5). However, as self-training heavily
relies on the quality of the pseudo-labels, we aim to improve
their quality by rejecting wrong matches. Pseudo-labels
should be removed if no matching is possible (matchabil-
ity) or if points are matched wrongly because of erroneous
zero-shot correspondences, e.g., because of feature ambigu-
ity of object parts with a similar appearance.

Our work addresses the challenge of removing wrong la-
bels in the following ways: (1) We perform 3D-aware sam-
pling of image pairs along a chain (Is, It) where image
pairs have similar viewpoints and more accurate pseudo-
labels are expected. (2) We enforce cyclic consistency for
the pseudo-labels along the chain to reduce the number of
spurious matches. (3) We reject wrong pseudo-labels by
integrating a canonicalized spherical 3D prior.
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Figure 3. Method overview. We use azimuth information to sample image pairs for which higher zero-shot performance can be expected
(1). We then chain the pairwise predictions to get correspondences for larger viewpoint changes, where we reject matches that do not fulfill
a relaxed cyclic consistency constraint (2). We further filter pseudo-labels by rejecting pairs that can not be mapped to a similar location
on a 3D spherical prototype (3). Finally, we use the resulting pseudo-labels to train an adapter fp in a supervised manner (4).

∆v [0◦, 45◦) (0◦, 90◦) (45◦, 135◦) (90◦, 180◦) (135◦, 225◦)

PCK@0.1 75.9 68.1 57.2 54.0 52.6

Table 1. Zero-shot performance (SD+DINO) degrades for
larger viewpoint changes. The SPair-71k dataset has 8 azimuth
bins with an equidistant size of 45◦. We compute the ratio of cor-
rectly corresponded keypoints (PCK@0.1 per-img) for increasing
viewpoint changes averaged over all categories.

(1) 3D-aware image pair sampling. The zero-shot ap-
proach, which utilizes features from Stable Diffusion [45]
and DINOv2 [40], performs well for objects that do not un-
dergo significant changes in their topology and appearance,
and are presented from a similar viewpoint. However, the
performance clearly degrades for larger viewpoint changes,
as studied by Zhang et al. [63]. We study the sensitivity of
the semantic correspondence performance for varying view-
point differences using the azimuth angle annotations of the
object-centric semantic correspondence dataset SPair-71k
[36] in Tab. 1. We find that the zero-shot performance de-
creases for larger viewpoint changes, i.e., if the viewpoint’s
azimuth angle ϕ varies by more than 45◦.

This observation motivates the generation of pseudo-
labels for image pairs with a similar viewpoint. However,
more challenging image pairs where the viewpoint heavily
deviates are also required to learn a strong point matcher.

To account for this, we propose propagating matches
through a K-tuple (I1, ..., IK), where each pair (Ik, Ik+1)
represents an image pair of the same category with a small
but non-zero viewpoint variation (Fig. 3, (1)), such that
dcirc(ϕk, ϕk+1) < 90◦ with the spherical distance dcirc(·),
which is equivalent to one azimuth bin in the SPair-71K

dataset. The matches Kk = {(pki , p
k+1
i ) : pki ∈ Pk ⊆

Mk, pk+1
i ∈ Pk+1 ⊆ Mk+1} are propagated via recur-

sive application of the NN operator for the subsequent pairs:

Pk+1 = NNk→k+1(Pk) (3)

= NNk→k+1(NNk−1→k(Pk−1)) = · · ·
P1 = M1. (4)

Through this strategy, each considered image pair is ex-
pected to have a higher pseudo-label quality than the naı̈ve
strategy, where pseudo-labels are generated for tuples with
potentially very different poses (I1, Ik).
(2) Cyclic consistency of propagated pseudo-labels.
While the aforementioned strategy can improve the qual-
ity of matches, it does not necessarily prevent spurious
matches that can occur due to feature ambiguities, e.g., be-
cause of similar appearance. In order to reduce such spuri-
ous matches or matching of incompatible regions, we apply
a cyclic consistency constraint for the matched points, as
proposed by Aberman et al. [1]. A match (psi , p

t
i) is cyclic

consistent if the following holds:

NNs→t(psi ) = pti and NNt→s(pti) = psi , (5)

with the nearest neighbor operator NN in feature space, as
introduced in Eq. (1).

We observe that this cyclic consistency constraint rejects
many keypoint tuples (psi , p

t
i), as the zero-shot matching ap-

proach has difficulties mapping back to the exact location
of psi . For this reason, we relax the cyclic consistency con-
straint, where we do not enforce exact consistency but allow
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a small deviation from the source point:

pti = NNs→t(psi ), p̂si = NNt→s(pti),

and ∥p̂si − psi∥2 < rmax
(6)

with the rejection radius rmax, see Fig. 3 (2). We iter-
atively apply this relaxed cyclic consistency constraint to
all matches Kk, which filters out incompatible pairs and
keeps matches capturing concepts that could be propagated
through the set of K images We choose K = 4 in our ex-
periments since this considers the full range of viewpoint
variations of 180◦ = 4 · 45◦, given that the azimuth annota-
tions for SPair-71k are only coarse bins of 45◦.

(3) Rejection of wrong pseudo-labels with a canonical-
ized spherical 3D prior. Although our chaining strategy
removes spurious matches, wrong matches might still oc-
cur, in particular for cases of left-/right-ambiguity and re-
peated object parts, as, e.g., illustrated in Fig. 3, where sim-
ple nearest-neighbor search on foundational features fails.

Therefore, we aim to specifically remove such wrong
matches by leveraging a canonicalized object-centric spher-
ical 3D prior that captures objects in an aligned coordinate
system. Mariotti et al. [35] propose a spherical mapper that
maps DINOv2 feature patches xDINO

i = FDINO(pi) to points
ψi ∈ S2 on a canonicalized sphere ψi = fs(xDINO

i ) by us-
ing only coarse view point information and instance masks
during training. The key advantage of this strategy is that
it naturally assigns object parts to regions on a spherical
prototype across different instances and categories, which
allows rejecting wrong samples in case they are in different
areas of the sphere, e.g., when considering visually similar
wheels on the left or the right side of a car.

Mariotti et al. [35] demonstrate that this approach signif-
icantly improves the performance on SPair-71k when com-
bining their spherical features with the concatenated fea-
tures of SD and DINO via a weighted average. However,
as this approach modulates the original feature similarity,
the performance deteriorates for categories that are not well
represented by a sphere, e.g., non-rigid categories. In con-
trast, our approach uses the spherical mapper only for re-
moving potentially wrong pseudo-labels. That filter should
have a high true positive rate while still keeping a suffi-
ciently high true negative rate: Supervising with few cor-
rect matches is more desirable than supervising with many
matches that are partially systematically wrong, as we show
in our experiments. For this purpose, we compute the spher-
ical points Ps and Pt for all matches:

Ψs = fs(FDINO(Ps)) and Ψt = fs(FDINO(Pt)). (7)

Then, we reject all matches (psi , p
t
i) where

sim(ψs
i , ψ

t
i) < θth

with the threshold θth < 0.15 · π that is selected to allow
disambiguating left and right and potentially repeated ob-
ject parts, such as the wheels of a car. While this thresh-
olding may also remove correct matches for classes that are
not well-represented by a rigid object prototype, we observe
that the number of matches is still sufficiently large to serve
as a dense supervision signal. Most importantly, only re-
moving pseudo-labels does not modulate the original zero-
shot matches. This is in contrast to regularizing with spher-
ical mapper features, which deteriorates the localization ac-
curacy of the original foundational features [35].

3.3. Supervised Training with Pseudo-Labels
After having generated the pseudo-labels, we train the
adapter fp(·) using supervised training with the following
two losses: First, we train a CLIP [41]-inspired sparse con-
trastive loss as proposed by Luo et al. [33]:

Lsparse = CL
(
Fs(Ps),F t(Pt)

)
. (8)

This loss maximizes feature similarity for corresponding
points while minimizing similarity to non-matching points.
Second, we also supervise with the dense loss

Ldense =
∑∥∥p̂ti − (

pti + ϵ
)∥∥

2
with

p̂ti = WindowSoftArgmax(Fs
(
psi
)⊤F t),

(9)

with a window soft-argmax [23, 63] and Gaussian noise
samples ϵ. The dense loss is particularly important for us
since it propagates the gradient also to areas in the fea-
ture map without labels, i.e., unmatched areas. This learned
combination and refinement of foundational features is a de-
cisive improvement over previously proposed simple con-
catenation [62, 63] or weighted averaging of feature simi-
larities of a weak geometric regularizer [35].

3.4. Scaling to a Larger Dataset
The comparatively small size of the SPair-71k dataset, with
only 18 categories and 1,800 images in total, motivates
scaling to a larger dataset with more diverse classes and a
greater number of images. The spherical mapper [35] is po-
tentially applicable to larger object-centric datasets with 3D
annotations, but the simple geometric prior limits the im-
provement when applied via weighted average, as proposed
by Mariotti et al. [35]. The geometric-aware flipping used
by the current SOTA methods [9, 63] is not applicable to
other datasets since it requires access to the keypoint label
definitions, only presented in correspondence datasets.

In contrast, our work relies solely on categories, masks,
and 3D object poses as a weak supervision signal, which
are available on a larger scale. Therefore, our method can
be scaled to larger datasets, leading to generalizable seman-
tic correspondence matching by training on objects that are

5838



� M ï ê á v � � � 
 Ò T Ó � � avg

ASIC [11] 57.9 25.2 68.1 24.7 35.4 28.4 30.9 54.8 21.6 45.0 47.2 39.9 26.2 48.8 14.5 24.5 49.0 24.6 36.9
DINOv2 [40] 72.7 62.0 85.2 41.3 40.4 52.3 51.5 71.1 36.2 67.1 64.6 67.6 61.0 68.2 30.7 62.0 54.3 24.2 55.6
DIFT [49] 63.5 54.5 80.8 34.5 46.2 52.7 48.3 77.7 39.0 76.0 54.9 61.3 53.3 46.0 57.8 57.1 71.1 63.4 57.7
SD + DINOv2 [62] 73.0 64.1 86.4 40.7 52.9 55.0 53.8 78.6 45.5 77.3 64.7 69.7 63.3 69.2 58.4 67.6 66.2 53.5 64.0
DistillDIFT* (U.S.) [9] 74.6 60.4 88.7 42.5 53.5 55.0 54.6 80.8 42.7 78.6 72.0 71.4 62.2 70.7 53.1 68.6 65.2 61.6 65.1

SphMap† [35] 75.3 63.8 87.7 48.2 50.9 74.9 71.1 81.7 47.3 81.6 66.9 73.1 65.4 61.8 55.5 70.2 75.0 58.5 67.8
TLR [63] 78.0 66.4 90.2 44.5 60.1 66.6 60.8 82.7 53.2 82.3 69.5 75.1 66.1 71.7 58.9 71.6 83.8 55.5 69.6
DistillDIFT* (W.S.) [9] 78.2 63.8 90.1 45.0 54.6 68.0 63.7 83.2 49.3 82.6 74.5 73.8 63.5 72.0 56.2 71.0 86.2 66.5 70.6
Ours 77.2 69.1 90.8 54.2 57.9 83.7 77.5 86.5 53.1 86.7 73.1 78.5 72.5 74.0 73.5 76.0 77.2 69.5 74.4

SphMap-S2 (IN3D) 74.3 60.9 82.8 49.4 50.4 76.2 73.3 71.7 47.9 73.0 53.4 68.9 69.4 50.9 34.8 54.4 62.5 57.1 61.9
Ours (IN3D) 75.9 68.7 90.1 55.2 56.1 82.9 76.5 82.7 55.4 83.6 71.2 75.2 71.3 64.3 56.2 69.8 78.6 61.2 71.2
Ours (IN3D → SPair) 77.6 70.3 91.0 53.6 58.7 84.8 80.3 86.1 54.1 87.1 74.0 79.2 72.0 75.4 71.9 76.4 77.4 71.9 75.1

Table 2. Per-category PCK@0.1 scores (per-keypoint) on SPair-71k. Best and second best are highlighted. When pre-training on
ImageNet3D [34], results are improved. †SphMap avg is slightly higher than in the original paper where they used macro averaging. We
trained using their code. *DistillDIFT was evaluated using their trained checkpoints. SphMap and DIY-SC require 3D pose annotations.

not present in the SPair-71k dataset. We demonstrate this
by training our whole pipeline on the recently proposed
ImageNet-3D [34] dataset, which has around 86k images.
We train the spherical mapper similarly to Mariotti et al.
[35], where we use masks acquired from SAM [42]. As
more accurate 3D pose labels are present in the ImageNet-
3D dataset, we do not supervise the viewpoint direction
only using the bin of the azimuth angle, as proposed by
Mariotti et al. [35] for the SPair-71k dataset. Instead, we
extend their formulation by computing the correlation coef-
ficient on the two-sphere S2 with the pose annotation:

LS2 =
∑
I,I′

∥ψI · ψI′ − µ(fS(I)) · µ(fS(I′))∥
2
, (10)

with ψI ∈ S2 and ψI′ ∈ S2 computed from the 3D pose an-
notations of the objects in the two images. This not only su-
pervises the azimuth viewpoint information (yaw) but also
the pitch of an object and, therefore, improves canonicaliza-
tion. We provide more details in the supplementary.

This strategy enables us to scale our proposed method to
more classes and images from a significantly larger dataset,
ultimately leading to improved generalization.

4. Experiments
Details on pseudo-label generation. Using our sampling
strategy, we generate 30k pseudo-labeled image pairs per
category from SPair-71k. We use a maximum of 50 ran-
domly sampled keypoints for supervised training for each
image pair. Following Zhang et al. [62], we resize the in-
put images to 9602 and 8402 to extract the SD and DINOv2
features, resulting in feature maps of resolution 60 × 60.
We choose the rejection radius rmax for the relaxed bicyclic
consistency constraint such that a deviation of one feature
patch is allowed.
Details on adapter training. Similar to Zhang et al. [63],
we use four bottleneck layers with 5M parameters for the
adapter. The model is trained using the AdamW optimizer

SPair-71k AP-10k (PCK@0.1)

Models 0.1 0.05 0.01 I.S C.S. C.F.

SD + DINOv2 [62] 59.9 44.7 7.9 62.9 59.3 48.3
DistillDIFT* (U.S.) [9] 60.8 45.4 8.0 - - -

SphMap† [35] 64.4 48.2 8.4 65.4 63.1 51.0
TLR [63] 65.4 49.1 9.9 68.7 64.6 52.7
DistillDIFT* (W.S.) [9] 65.3 49.8 8.9 - - -
Ours 71.6 53.8 10.1 70.6 69.1 57.8
Ours (DINOv2) 70.6 51.1 9.0 71.2 69.8 58.3

TLR (sup) [63] 82.9 72.6 21.6 70.1 68.3 58.4

Table 3. Results for different PCK levels (per-image) on the
SPair-71k and the AP-10k dataset. Reproduced supervised re-
sults for the model [63] solely trained on SPair-71k. Results for
AP-10K are intra-species (I.S.), cross-species (C.S.), and cross-
family (C.F.), as introduced in [63]. † and * as in Tab. 2. DINOv2:
Only application and refinement of DINOv2 features.

with a weight decay rate 0.001, a learning rate of 5 · 10−3,
and the one-cycle scheduler for 200k steps.

Datasets. Recent works [35, 49, 62, 63] find SPair-71k
[36] to be the most challenging and informative semantic
matching benchmark due to its larger size and more chal-
lenging matches, containing images from 18 different cat-
egories with 600 to 900 image pairs per category. We also
evaluate the methods on the recently proposed AP-10k [61]
semantic correspondence dataset [63] without training on it.

Metrics. We follow the standard settings [11, 17, 35, 36,
59, 63] and evaluate the semantic correspondence perfor-
mance via the Percentage of Correct Keypoints (PCK). It
is defined by computing the ratio of correctly predicted
matched keypoints that lie within a radius of R = α ·
max(h,w) around the correct ground truth match, where
we report the bbox variant with h and w referring to the
height and width of the bounding box of the considered ob-
ject, respectively. Since various prior works report it dif-
ferently, we report both the PCK when averaged over key-
points (per kpt) and when averaged over images (per img).
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SphMap TLR DistillDIFT (W.S.) Ours

(a) Appearance change, repeated object parts.

SphMap TLR DistillDIFT (W.S.) Ours

(b) Appearance change, repeated object parts, viewpoint change.

(c) Viewpoint change, feature ambiguity in background. (d) Left-right ambiguity, semantically similar categories.

Figure 4. Qualitative results for challenging examples. We present four challenging examples of the SPair-71K test dataset where current
SOTA models mostly fail. Correct matches that lie within the PCKbbox@0.1 radius of the ground-truth label are color-coded in green, while
incorrectly matched keypoints are depicted in red.

Prior work. We compare our method with recent zero-
shot and weakly-supervised strategies. DIFT [49],
DINOv2 [40], and SD + DINOv2 [62] extract features from
foundation models and perform nearest-neighbor matching
in feature space. DistillDIFT (U.S.) [9] is further fine-tuned
for correspondence detection on 3D data. ASIC [11] uses
DINO features to establish coarse correspondences and re-
fines them at test-time. Spherical mapper (SphMap) [35]
uses class labels, object masks, and 3D pose information
as weak supervision signals during training, similar to us.
We note, however, that we do not use any of this informa-
tion at test time. Telling Left from Right (TLR) [63] and
DistillDIFT (W.S.) [9] make use of the keypoint label def-
initions to flip images at test time. We compare to zero-
shot approaches and the spherical mapper [35] trained on
ImageNet-3D with our extended 2-sphere configuration.

4.1. Experimental Results

Quantitative results on SPair-71k. The category-
specific results in Tab. 2 show that our model achieves
strong gains across nearly all categories, setting a new
SOTA on SPair-71k and demonstrating the effectiveness of
our pseudo-labeling strategy. Improvements are especially
large for categories that are symmetric or contain repeated
object parts, e.g., +15.7% for bus or +14.0% for car.
While Mariotti et al. [35] already improved performance
for such cases, our approach outperforms theirs by ef-
fectively combining SD and DINOv2 features through
pseudo-label supervision. Unlike their method, we retain
original features and simply reject matches that strongly
deviate from a spherical prototype.

All in all, we clearly outperform all previous methods
on all PCK-levels (Tab. 2 and Tab. 3), including methods
that use the same weak supervision as we do [35] and meth-
ods that include dataset-specific information about the def-
inition of the keypoint labels [9, 63]. Surprisingly, train-
ing an adapter only on top of DINOv2 features with the
same pseudo-labels results in competitive semantic corre-
spondence performance compared to the adapter on top

SPair-71k AP-10k (PCK@0.1)

Models 0.1 0.05 0.01 I.S C.S. C.F.

Ours (SPair) 71.6 53.8 10.1 70.6 69.1 57.8
SphMap-S2 (IN3D) 58.5 44.0 7.7 56.6 53.2 38.9
Ours (IN3D) 68.0 51.1 9.8 67.8 65.8 53.3
Ours (IN3D → SPair) 72.2 54.6 10.6 71.1 69.4 58.1

Table 4. Effect of pre-training on ImageNet-3D (PCK per img).
SphMap-S2 represents the weighted application of our 2-sphere-
based spherical mapper, evaluated following Mariotti et al. [35].

of SD+DINOv2 features, even outperforming this strategy
for the animal AP-10K dataset. This demonstrates that
DINOv2 features achieve competitive semantic correspon-
dence performance if refined effectively.

Evaluation on AP-10k. Additionally, we also evaluate on
the AP-10k dataset and report the results in Tab. 3. We
find that, despite not being trained on this dataset and only
having a few animal categories in the SPair-71k training
dataset, we outperform the current SOTA, the geometry-
aware approach by Zhang et al. [63], showcasing the gen-
eralization capabilities of our method. We additionally
compare to a fully-supervised model [63] trained on SPair-
71k. We observe a severe performance drop of this model
(−17.4% PCK@0.1 for I.S.) compared to fully-supervised
training on AP-10k [63, Tab.3]. On the other hand, our ap-
proach does not suffer such a performance drop and, thus,
achieves comparable results to a model trained with manual
annotations. We hypothesize that this is due to the denser
and more diverse pseudo-labels compared to the fixed set
of manually annotated keypoints that are being overfitted in
supervised training.

Scaling to a larger dataset. Our weakly-supervised train-
ing strategy allows scaling the training to larger object-
centric datasets that do not include keypoint annotations.
While pre-training improves the model performance on
SPair-71k and AP-10k (Tab. 3 and Tab. 4), we surprisingly
even outperform the previous SOTA on SPair-71k despite
not having trained on the SPair-71k dataset, showcasing
strong generalization capabilities. This is in contrast to the
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naı̈ve weighted application of the ImageNet-3D spherical
mapper, where the results significantly deteriorate, poten-
tially explained by the fact that this model does not gener-
alize well to the unseen categories in SPair-71k. We also
study the impact of automatically acquired 3D pose labels
in the supplementary.

Qualitative results. We present qualitative results in
Fig. 4 comparing our model to current SOTA models on
four challenging examples of the SPair-71k test dataset.
While the spherical mapper effectively addresses cases of
symmetries and repeated object parts for rigid objects, it
comes with the inherent challenge of finding the correct
weighting factor for interpolating between foundational and
processed spherical feature similarities, where the optimal
weight depends on the considered category and sample. For
example, while the weighting is too low in (a), the weight-
ing is too large in (d) since the ill-defined background fea-
tures of SphMap result in a match with an object in the
background. Additionally, its effectiveness is limited to cat-
egories that are well represented by a spherical prototype,
e.g., a potential reason for the motorbike failure case in (c).
TLR and DistillDIFT both suffer from the fact that sim-
ply flipping an object does not resolve all ambiguities, such
as for categories with repeated object parts (a,b), rotated
objects (b), or cases with left-/right ambiguities (d). Dis-
tillDIFT is less prone to incorrect matches caused by back-
ground clutter (c), whereas TLR and SphMap suffer from
the fact that they rely on the potentially noisy nearest neigh-
bor of SD and DINOv2 features. However, DistillDIFT still
fails to disambiguate the human and the horse in (d), and it
suffers from left-right ambiguity if the flipping is not effec-
tive (d). Furthermore, as visible in (b), DistillDIFT’s perfor-
mance deteriorates for pairs with heavy appearance change,
which may be attributed to the multi-view fine-tuning on 3D
instances, which does not generalize well to cross-instance
correspondences. In contrast, our method identifies high-
quality semantic correspondences for these challenging ex-
amples, as it successfully resolves feature ambiguities and
does not rely on the weighting of two similarity terms.

4.2. Ablations
We thoroughly ablate all components of our method and
present the main results in Tab. 5. First, supervision with
naı̈vely generated pseudo-labels already outperforms the
zero-shot approach. This is due to the fact that learning the
light-weight adapter naturally stabilizes feature maps for se-
mantic correspondence estimation by merging the comple-
mentary information captured by SD and DINOv2 features.
Constraining pseudo-labels to the mask of an object further
enhances the performance. We also observe that the relaxed
cyclic consistency constraint outperforms both unfiltered
pseudo-labels and exact cyclic consistency filtering. The
performance further increases when employing our chain-

pseudo cyc. cons. relaxed c.c. chaining sph. rej. PCK@0.1

65.0
✓ 67.2
✓ ✓ 66.9
✓ ✓ 68.4
✓ ✓ ✓ 70.0
✓ ✓ 72.9
✓ ✓ ✓ ✓ 74.4

Table 5. Ablations on SPair-71k. All introduced components
bring a significant improvement. The baseline is evaluated using
the SD+DINO zero-shot approach with window soft argmax.

ing strategy that improves the pseudo-label quality because
(1) NN matching is only performed for easier image pairs,
i.e., a similar object pose, and (2) the bicyclic consistency
constraint reduces spurious matches. Adding the sphere-
based rejection strategy substantially improves all model
instantiations by reducing wrong matches for objects with
symmetries and repeated object parts that make up a sig-
nificant ratio of the SPair-71k dataset. This rejection also
clearly enhances the naive pseudo-labeling strategy, com-
bining all modules to achieve the best performance.
Failure Cases. While our method outperforms previous
methods, it still fails for some challenging cases of SPair-
71K, such as images containing objects that are upside-
down. We show visual examples and discuss failure cases
of our method in the supplementary.

5. Conclusion

We presented DIY-SC, a method for finding semantic cor-
respondences with weak supervision. We demonstrated the
effectiveness of training with pseudo-labels for semantic
correspondence: By generating labels using a zero-shot ap-
proach with foundational features and carefully designing
methods for rejecting wrong matches, we provide a strong
supervision signal that can be used to train an adapter that
refines foundational features. Our experiments showed im-
provements of +4.5% and +6.8% over the previous SOTA
for PCK@0.1 on SPair-71k, measured per-keypoint and
per-image, respectively. Our ablation studies have shown
that the proposed chaining and filtering steps, as a means of
enhancing the quality of pseudo-labels, improve the corre-
sponding performance significantly.
Limitations and future work. Although our weak super-
vision strategy scales to larger datasets, reducing the super-
vision requirements is of importance to further scale the ap-
proach. See the supplementary for a preliminary feasibil-
ity analysis. Furthermore, while the match rejection with
the spherical mapper shows significant improvements, it is
less effective for objects that are not represented well by
a sphere, which motivates extending this strategy. We hope
that the proposed improved correspondence features can en-
hance tasks that rely on semantic features.
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