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Abstract

Learning self-supervised visual correspondence is a long-
studied task fundamental to visual understanding and hu-
man perception. However, existing correspondence meth-
ods largely focus on small image transformations, such as
object tracking in high-framerate videos or learning pixel-
to-pixel mappings between images with high view overlap.
This severely limits their application in dynamic multi-view
settings such as robot imitation learning. In this work,
we introduce Predictive Cycle Consistency for learning ob-
ject correspondence between extremely disjoint views of a
scene without paired segmentation data. Our technique
bootstraps object correspondence pseudolabels from raw
image segmentations using conditional grayscale coloriza-
tion and a cycle-consistency refinement prior. We then train
deep ViTs on these pseudolabels, which we use to gener-
ate higher-quality pseudolabels and iteratively train better
correspondence models. We demonstrate the performance
of our method under both extreme in-the-wild camera view
changes and across large temporal gaps in video. Our
approach beats all prior supervised and prior SoTA self-
supervised correspondence models on the EgoExo4D corre-
spondence benchmark (+6.7 IoU Exo Query) and the prior
SoTA self-supervised methods SiamMAE and DINO V1&V2
on the DAVIS-2017 and LVOS datasets across large frame
gaps.

1. Introduction
At the core of learning is the discovery of recurring pat-
terns. This is the purpose of visual correspondence: given
multiple inputs to a scene—whether different camera an-
gles, video frames, or other perspectives—how can we de-
termine which objects are the same and which are different?

In recent years, the introduction of large-scale datasets
and powerful model architectures has led to strong re-
sults in learning visual correspondence without the need
for costly labeled object pairings. However, existing self-
supervised object correspondence methods [18, 28, 52, 54]
have overwhelmingly focused on domains with continu-
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Figure 1. We extract cycle-consistent correspondence at the object
level to guide self-supervision across extreme view changes

ous or small transformations, such as Video Object Seg-
mentation (VOS) in continuous videos, or dense pixel-to-
pixel methods which necessarily assume that object sur-
faces overlap between views. This limits the application
of self-supervised correspondence to discontinuous inputs,
such as the first-and-third person EgoExo4D dataset [16],
where objects are small, frequently interacted with, and
camera pose or depth changes between views are unavail-
able. Learning correspondence in these challenging, real-
world domains is crucial for tasks such as robot imitation
learning [42, 44], object reidentification [13, 46], and scene
understanding [16]. For example, in robot imitation learn-
ing, visual correspondence allows a robot to map observed
actions from a third-person perspective to its own first-
person actions.

The fundamental challenge of learning visual correspon-
dence across discontinuities is that a system must take into
account an object and the surrounding environment holisti-
cally to answer the question of where that mug is instead of
where a mug is. A particularly powerful approach for en-
couraging a holistic understanding in difficult data sources
is predictive learning: training a model to de-corrupt a cor-
rupted input. Predictive learning has shown strong results
in a wide range of domains, such as natural language pro-
cessing [9, 39], image classification [2, 21], and generative
modeling [22]. Recently, predictive approaches have seen
competitive results in object correspondence and represen-
tation learning through tasks such as image-conditioned
grayscale coloration [52] and conditional masked autoen-
coders [18, 37].

However, existing predictive methods for correspon-



Figure 2. Self-supervised object correspondence on EgoExo4D
between Ego views (bottom row) and Exo views (top row) without
any paired data. Objects with no match are not colored.

dence struggle to generalize effectively across challenging
scenarios (Table 1). State-of-the-art approaches typically
rely on K-Nearest-Neighbor matching of emergent learned
representations, identifying corresponding regions by com-
paring the most similar model embeddings across views.
Although the pretraining objectives of these methods pro-
mote spatial awareness within a scene, the resulting repre-
sentations often entangle semantic object information with
the spatial cues necessary for correspondence. This en-
tanglement reduces robustness against semantically similar
distractor objects, limiting generalization and performance
in more demanding scenarios.

An effective approach for encouraging a spatially-
consistent mapping between views is cycle consistency,
which leverages the fact that correspondence is generally in-
vertible across time and view changes [47, 54, 62]. Objects
that can be tracked forward in a video can also be tracked
backward; camera view changes can be undone. Existing
applications of cycle consistency bootstrap long-term cor-
respondence relations via local techniques like optical flow
or video palindromes. However, these techniques rely on
continuous input data such as high-framerate videos and re-
quire hand-crafted biases such as local neighborhoods to re-
strict a large search space. As a result, cycle consistency ap-
proaches have fallen out of favor compared to more modern
approaches in challenging scenarios.

In this work, we propose Predictive Cycle Consistency
(PCC) for the task of self-supervised object correspondence
under extreme viewpoint changes in space (camera angle
changes) and time (gaps between video frames). Our ap-
proach extends cycle-consistency to operate at the object
level rather than focusing on features or image patches,
allowing for robust correspondence in challenging scenar-
ios. We do this by building on existing predictive ap-
proaches [18] and [52] to train a directional correspondence
model on the simple, asymmetric task of grayscale col-

orization of a target image conditioned on a colorful source
view. Using this, we extract object pairs that correspond to
each other when running the correspondence model in both
directions–source to target and target to source–to generate
high-quality paired pseudolabels. We then train deep ViTs
on these pseudolabels, which we use to generate higher-
quality pseudolabels and iteratively train better correspon-
dence models. All together, our approach combines the
power of deep transformers trained with a predictive pre-
text task for scene understanding with a method to extract
refined object boundaries.

Our approach learns object correspondences across a
wide range of challenging scenarios, such as matching
highly occluded objects (apron and hands, Fig. 2 left) and
distinguishing between semantically similar objects (pieces
of paper from a COVID test, Fig. 2 middle). We validate
our method on several object correspondence benchmarks,
achieving superior performance over all previous labeled
approaches and state-of-the-art unlabeled correspondence
methods on the EgoExo4D Object correspondence bench-
mark [16]. Additionally, our approach sets a new state of
the art on widely used video tracking datasets DAVIS-2017
[38] and LVOS [23] under high viewpoint-change condi-
tions. We commit to making our code and checkpoints open
source upon acceptance. Our contributions are as follows:
1. We introduce Predictive Cycle Consistency, a tech-

nique that combines the powerful representation learning
of predictive approaches with the refinement of cycle-
consistency for self-supervised correspondence.

2. We propose a pseudo-labeling method that incorpo-
rates cycle-consistency on top of existing correspon-
dence models to iteratively refine self-supervised object
correspondence outputs.

3. We obtain state-of-the-art results on a suite of correspon-
dence tasks from EgoExo4D, DAVIS, and LVOS.

2. Related Work
Dense Visual Correspondence. The visual correspon-
dence task is fundamental to human visual perception and
has a long established history in computer vision. Early
techniques for correspondence focused on dense pixel-to-
pixel correspondence using classical techniques such as op-
tical flow [3, 24, 27, 30, 35, 48, 57]. In recent years, dense
correspondence learning has advanced with deep learning
methods that address challenging conditions, including sig-
nificant viewpoint changes. However, existing dense meth-
ods for correspondence either require large amounts of
costly labeled data to train, use camera pose [53], depth in-
formation [11, 41], or extract annotations through simulated
data [50, 51]. Furthermore, implicit to dense correspon-
dence is a restriction on allowed view changes: different
views must contain overlapping object surfaces. As a result,
our work focuses on the more semantically grounded task of



object level correspondence given segmentation masks.
Self-Supervised Object Correspondence Human vi-

sion excels at establishing visual correspondences across
space and time without direct supervision, even in the face
of occlusions, distractor objects, and object transforma-
tions. Inspired by this capability, much work has focused on
self-supervised learning of object correspondence through
video and scene data.

Contrastive approaches [20, 61] for object tracking
learn correspondence by creating ground-truth annotations
through applying strong image transformations. This pow-
erful inductive bias has been extraordinarily effective in
tracking, but these approaches are criticized for the large
amount of engineering and hand-crafting necessary to cre-
ate robust augmentations. Cycle-consistency [47, 54, 62]
emerged as an early technique for learning deep self-
supervised object correspondence by leveraging the invert-
ibility of object correspondence through techniques such as
training on video palindromes. However, cycle-consistency
as the sole training objective has struggled on its own to
maintain stability over long videos or through occlusions,
causing it to be replaced by more powerful representa-
tion learning techniques [26, 61]. Tracking-by-Matching
approaches are a recent introduction to learning zero-shot
video instance segmentation. These approaches build on
top of supervised image segmentation models [56] to cre-
ate object-level representations. These representations ei-
ther transfer from labeled data across domains [7] or are
learned through maintaining invariance under hand-crafted
augmentations [33, 34].

Visual Representation Learning for Correspondence
Current state-of-the-art approaches for both supervised and
unsupervised correspondence learning rely on strong base
models to construct clean visual representations. In the
past few years, these base models have moved away from
ResNets [19] towards larger models such as Vision Trans-
formers (ViTs) [10] trained using using self-supervised rep-
resentation learning strategies on large datasets. For ex-
ample, the DINO model family [4, 8, 36] emphasizes non-
contrastive invariance under augmentation. Other methods
use exponentially moving average models [1, 17] or siamese
networks [5]. In cases involving multiple views, large-
scale contrastive models effectively align embedding spaces
across domains, achieving strong results in view-invariant
learning and language-image matching [14, 25, 40, 58].

Masked Autoencoding [21] trains high-quality visual
representations by randomly masking patches of an im-
age at a high ratio and reconstructing the missing areas.
A recent advancement in this approach for correspondence
learning is SiamMAE [18], which adapts the infilling task
by asymmetrically masking a future frame and predicting
it based on an unmasked past frame. This approach, also
used in cross-view masked completion models [59, 60], has
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Figure 3. High-Level Approach. We 1) Enumerate all objects
in each view, 2) Create pseudolabels that are cycle-consistent ac-
cording to a previous correspondence model iteration, and 3) Use
these pseudolabels to train a new correspondence model.

achieved state-of-the-art performance in generating robust
representations for object correspondence. In this work,
we extend existing masked autoencoder architectures to en-
hance correspondence across extreme viewpoint changes.

3. Approach
We tackle the task of discovering object correspondence be-
tween two images I1 ∈ R3×H1×W1 and I2 ∈ R3×H2×W2

of the same spatiotemporal scene. Specifically, we want to
create a model takes in a binary segmentation mask O1 of
an object in image I1 and outputs O2, the corresponding
object segmentation mask in I2, or indicates that no corre-
spondence exists.

At a high level, our correspondence pipeline (Fig. 3) op-
erates by 1) Enumerating all objects in each image with
existing segmentation models, 2) Using our proposed PCC
technique to discover a subset of corresponding objects in
each view, 3) Generating correspondence pseduolabels with
these mined corresondences, and 4) Iteratively training new
models and generating new pseudo labels to learn high-
quality self-supervised visual correspondence.

3.1. Image Segmentation

We break down finding corresponding objects between two
images into two subtasks: 1) Enumerate all objects in each
image (Object detection and Image Segmentation) and 2)
Discover which of these objects correspond to one another
(Correspondence). This cascaded approach to correspon-
dence has recently obtained state-of-the-art results in video
object segmentation with low data or textual object descrip-
tions [7, 34]. There is a great amount of prior work in object
detection and image segmentation, with popular approaches
being SAM [32] in the supervised setting and UnSAM [56]
and CutLER [55] in the self-supervised setting. We follow
prior object-centric correspondence work [7, 33, 34] and
use SAM to segment an image into distinct object regions,



although we suspect self-supervised approaches could be
applied for a completely unsupervised pipeline. The rest of
this paper focuses on the task of (2), learning object corre-
spondence without labels given object segmentations.

3.2. Grayscale Colorization

Grayscale colorization [52] was an early yet remarkably ef-
fective method for self-supervised object tracking in con-
tinuous videos. However, as computational resources grew
and advanced architectures like Vision Transformers (ViTs)
became prevalent, grayscale colorization fell out of favor,
replaced by more complex and general pretext tasks such
as masked autoencoding [12, 18, 21, 29, 37, 49]. To ad-
dress the challenge of learning correspondence under ex-
treme discontinuities, we reinvestigate the grayscale col-
orization approach and find that it reemerges as strikingly
successful technique.

Our architecture for grayscale colorization is depicted
in Figure 4 (a). Conditioned on our source image I1 we
optimize to reconstruct I2 given its grayscale counterpart
Ig
2 . We adapt our architecture from prior correspondence

work [18, 60] and use a two-stage ViT [10] that 1) passes
I1 and I2 separately through an encoder module E to ob-
tain E(I1),E(Ig

2 ), and 2) passes the encoded grayscale im-
age E(Ig

2 ) into a decoder D that merges the colorful image
conditioning using cross attention: D(E(I1),E(Ig

2 )). For
optimization, we use a simple mean-squared-error loss in
the RGB color space.

3.3. Visual Correspondence from Colorization

We now propose an approach to extract object correspon-
dence from the inputs and outputs of conditional coloriza-
tion models based on a simple observation: if we augment
an object’s color in the source view, we would expect the
output of the colorization model to change the object’s color
in the target view as well.

Our approach is demonstrated in Figure 5. Given a bi-
nary object segmentation map O1 in I1 we seek to obtain
the corresponding segmentation mask O2 in view I2. We
perform two forward passes of our grayscale colorization
model, F. First, we perform grayscale cross-view infilling
of Ig

2 given a colorized I1 from before: y = F(Ig
2 , I1). For

our second model pass, we augment I1 at the location of the
segmentation mask O1 by adding a constant color offset to
each channel. We denote this augmented image as I ′

1, and
the RGB augmentation as a vector c ∈ R3. We then colorize
Ig
2 conditioned on this augmented image y′ = F(Ig

2 , I ′
1).

To identify where objects correspond, we then take the av-
erage absolute difference between y and y′ over each color
channel and normalize to sum to one, outputting an object
segmentation heatmap H ∈ RH2×W2

+ :

Hij =

∑3
c=1|F(I

g
2 , I1)cij − F(Ig

2 , I ′
1)cij |∑

c,k,l|F(I
g
2 , I1)ckl − F(Ig

2 , I ′
1)ckl|

(1)

Importantly, this approach is entirely blackbox with re-
spect to the grayscale colorization model. As a result,
the spatial awareness of objects captured during grayscale
model pretraining naturally emerges during extraction. This
is not necessarily true for masked autoencoder approaches
like SiamMAE, where internal model representations are
used to extract correspondences that may not sufficiently
encode cross-view information to disentangle semantically
similar distractors.

3.4. Generating Cycle-Consistent Correspondence

In this section, our goal is to create a set of pseudola-
bels containing corresponding objects between two im-
ages I1 and I2 given their respective object segmentations
{O1,i}N1

i=1 and {O2,j}N2

j=1 output by SAM, where I1, I2
have N1, N2 segmented objects respectively. Following
Sec. 3.3, we generate an augmented I ′

1,i for each segmen-
tation mask O1,i and calculate the output correspondence
heatmap in I2, which we write as H1→2

i . Here, “1 → 2”
represents predicting I2 conditioned on I1. To reduce vari-
ance, we use the same augmentation vector c for each aug-
mentation. By caching the unaugmented pass, calculating
all H1→2

i takes N1 + 1 forward passes.
We then define the similarity between H1→2

i and O2,j to
be the amount of weight H1→2

i places on the segmentation
mask of O2,j , equal to the Frobenius inner product:

Sim(H1→2
i ,O2,j) = ⟨H1→2

i ,O2,j⟩F (2)

Then, we pair every object O2,j with the most similar
heatmap H1→2

i , which we write as P1→2
j :

P1→2
j = argmax

i
Sim(H1→2

i ,O2,j) (3)

There is an important difference between taking the
argmax over the source object augmentation heatmaps and
taking the argmax over the objects in the target image. Out-
puts of grayscale colorization can be correlated with many
factors such as object semantics (the sky is probably blue
but a balloon can be any color) or lighting conditions, which
may mean that some objects in the target view are more sus-
ceptible to having their predicted colors change with respect
to augmented inputs than others. As a result, the object with
the greatest color change in I2 is often the same for many
H1→2

i . By taking the most similar H1→2
i for each O2,j , we

normalize over the easiness of each object to be changed
as the result of an augmentation in I1 during grayscale col-
orization.
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Figure 4. Model Architecture and Cycle Consistency. (a) Our architecture for grayscale color completion, using a shared Encoder for each
view and a Decoder with Cross and Self Attention. (b) Our architecture for correspondence, which inserts a projection to represent the
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Figure 5. A simple method to extract object correspondence from
a deep conditional grayscale colorization model.

We repeat the above process in the reverse direction
to extract H2→1

j and P2→1
i . Finally, we extract cycle-

consistent pseudolabels at the object level by taking all pairs
(i, j) where P 1→2

j = i and P 2→1
i = j. This cycle consis-

tency enforces that augmenting Oi in I1 leads to changes at
Oj in I2 and augmenting Oj in I2 leads to changes at Oi

in I1 during grayscale infilling, which strongly implies cor-
respondence. We then use these extracted pseudolabels on
each image to generate a dataset of labeled correspondence
data with paired images and segmentation masks.

3.5. Correspondence Model

Our end goal is to have a correspondence model G than
can take in a source image I1, source object segmentation
mask O1, and target image I2 and output the correspond-
ing object segmentation mask for the target image. To train
such a model on our extracted pseudolabels or ground truth
labeled data, we slightly modify our grayscale colorization

architecture, shown in Fig 4 (b). We patchify the segmenta-
tion mask O1, apply a linear projection, and add the output
to E(I1). The decoder then takes in the encoded target view
E(I2) and uses cross attention to query the source view and
source segmentation mask. As done in [16] we use a Dice
Loss [45] and a BCE Loss to predict the target mask.

3.6. Iterative Pseudolabeling and Training

We repeat our pseudolabeling pipeline by substitut-
ing grayscale colorization with a trained correspondence
model. Assuming that a correspondence model G out-
puts a binary mask, we replace the similarity score (Equa-
tion 2) with intersection over union (IoU) and make no other
changes. We can then use these new pseudolabels to train
new correspondence models, which in turn can generate
new pseudolabels. In our experiments, we find that running
three rounds of pseudolabeling (one grayscale, two itera-
tive) saturates quality.

4. Experiments
For comprehensive evaluation, we train and evaluate our
PCC pipeline from start to finish in two settings 1) high
camera pose changes and 2) large temporal gaps in videos.
We describe our training and evaluation approaches for each
setting in Sec. 4.1 and present results in Sec. 4.2 and 4.3.

4.1. Experimental Setup

Datasets To train and evaluate the quality of PCC across
extreme camera viewpoint changes, we use the EgoExo4D
correspondence dataset [16]. EgoExo4D [16] builds on
Ego4D [15] and captures over 1000 hours of complex hu-
man actions such as cooking and basketball from several



time-synchronized camera views. The camera views con-
sist of one egocentric (ego) view captured by person per-
forming the action and one or more exocentric (exo) camera
views that capture the holistic action environment from the
third person. We train and evaluate on the object correspon-
dence benchmark in EgoExo4D, which is unique across cor-
respondence datasets in that it focuses on extremely chal-
lenging settings with many small objects, high occlusion,
and extreme camera angle differences in a dynamic environ-
ment. Correspondence is evaluated in two directions, either
with taking a query mask in the ego view and segmenting
the corresponding object in a paired exo view (ego query),
or the inverse task from the exo to the ego view (exo query).

To run PCC on video object segmentation across large
temporal gaps, we train on the commonly used Kinetics-400
dataset [31], consisting of large-scale action videos taken
from the web. We evaluate temporal correspondence on
DAVIS-2017 [38], which captures densely segmented short
videos and LVOS [23], which measures video object seg-
mentation across long dynamic videos with an average du-
ration of over a minute.

Backbone We implement our correspondence models
using a ViT-B with a patch size of 16 to match the com-
pute and parameter count of current state-of-the-art self-
supervised correspondence work [18, 37]. We initialize our
model from CroCo v2 [59, 60], which pretrains with the
task of image conditioned cross-view autoencoding.

Grayscale Model We train our grayscale colorization
models separately for EgoExo4D and Kinetics-400. For
EgoExo4D, for each ego view in the dataset, we 1) select
a random corresponding exo camera, 2) choose a random
synchronized frame from each view, and 3) choose with
50% probability whether to grayscale the ego or exo view.
For Kinetics-400, we follow SiamMAE and select two ran-
dom frames between 4 and 48 frames apart and colorize
the grayscale future frame conditioned on the past frame.
We train each grayscale colorization model for 60k updates
with a batch size of 256, which corresponds to 200 epochs
for EgoExo4D and 50 epochs for Kinetics-400. Additional
hyperparameters are in Appendix 6.1.

Predictive Cycle Consistency We then run Predictive
Cycle Consistency to extract paired pseudolabels. We use
the ViT-H version of SAM to run image segmentation on
video frames to extract {O1,i}N1

i=1 and {O2,j}N2

j=1. For
EgoExo4D, we segment every labeled (ego,exo) frame pair
in the correspondence benchmark, which generally amounts
to one frame per second. For Kinetics-400, we segment two
random frames per video selected 2 seconds apart, and we
ablate the length between frames in our experiments.

Correspondence Model For a fair comparison, we
match the compute of the EgoExo4D supervised baselines
and train our correspondence models on 5M supervised ex-
amples, divided into 10k updates with a batch size of 512.

We train for the same duration on Kinetics-400, and addi-
tional hyperparameters are provided in Appendix 6.1. For
a given input example, we select select a random cycle-
consistent pseudolabel as a training target, and with a 50%
chance select whether to train with an ego or exo query.
On 25% of inputs, we replace the correspondence objective
with learning correspondence existence accuracy, where we
select a uniformly random SAM image segment, label it
positive if it is also a cycle-consistent pseudolabel and neg-
ative otherwise.

Baselines To the best of our knowledge, this is the
first work to tackle self-supervised correspondence across
the uniquely extreme viewpoint changes on EgoExo4D. As
a result, we are rigorous about reimplementing the prior
SoTA open source correspondence models. As demon-
strated in the SiamMAE paper [18], the current best ap-
proaches for correspondence without labeled data are deep
ViT models. In particular, SiamMAE makes two key ob-
servations 1) a small patch size (ViT-X/8) results in signif-
icantly stronger correspondence results (+9.5 on DAVIS-17
for ViT-S/8 vs SiamMAE ViT-S/16) and 2) despite deep
work in prior correspondence approaches, DINO v1 [4],
which focuses on learning robust and general visual rep-
resentations at scale, outperforms all approaches except
SiamMAE. As a result, for prior work we compare against
1) SiamMAE ViT-S/8, 2) SoTA DINO v1 and v2 models,
and 3) CroCo v2 (to compare versus our baseline model ar-
chitecture). For fairness, we continually pretrain SiamMAE
and CroCO v2 on EgoExo4D. Additional implementation
details are in Appendix 6. Furthermore, although our model
does not use SAM at inference, we do use image segmen-
tation for pseudolabel generation. To account for this, we
implement a setting where we use SAM ViT-H to select the
object with the highest IoU. For the DAVIS-17 and LVOS
baselines, we similarly compare against the aforementioned
models, however find that SAM did not help because it cut
off objects (e.g. selecting a tire instead of a bike), which we
discuss more in Appendix 6.

4.2. Results Across Space

We report quantitative results for PCC across extreme view-
point changes on the EgoExo4D correspondence bench-
mark [16] in Table 1. Following the EgoExo4D baseline,
we measure 1) IoU (denoted as Jm in VOS datasets), 2) Lo-
cation Score, representing the mean-squared-error distance
between the predicted and ground truth centroid, 3) Con-
tour Accuracy (CA, denoted as Fm in VOS datasets), and
4) object presence balanced accuracy (Bal. Acc.). We use
the official code for EgoExo4D for evaluation, and run all
baselines at 480p, as done in both [16] and [18].

Our results demonstrate that PCC outperforms all prior
labeled and all prior SoTA self-supervised approaches
across all metrics. We observe that the DINO family



Table 1. Results on of the EgoExo4D [16] correspondence benchmark (v1, test set). ♢: Continual Pretraining on EgoExo4D ♣: Models
with access to multiple frames per view. Bold is best, underlined is second best. Top labeled, middle and bottom self-supervised.

Ego Query Exo Query
Method Backbone Bal. Acc. ↑ IoU ↑ Loc. Score ↓ CA.↑ Bal. Acc.↑ IoU↑ Loc. Score↓ CA.↑
XSegTx [16] SegSwap [43] + ViT-B 62.63 13.88 0.154 0.239 74.6 21.8 0.133 0.265
XMem♣ [6] ResNet-50 [19] + Memory 42.33 13.07 0.312 0.182 56.96 10.2 0.249 0.125
XView-XMem♣ [16] XMem + ViT-B 53.28 22.14 0.176 0.325 59.36 23.56 0.186 0.308
XView-XMem (+ XSegTx)♣ [16] XMem + SegSwa + ViT-B 54.61 22.5 0.139 0.347 52.28 19.39 0.208 0.255
Ours Supervised ViT-B/16 74.7 38.41 0.037 0.603 88.45 43.70 0.049 0.555
Ours Supervised + PCC ViT-B/16 76.9 39.01 0.033 0.600 87.23 47.06 0.054 0.590
SiamMAE♢ [18] ViT-S/8 ∅ 12.24 0.170 0.185 ∅ 14.18 0.159 0.198
CrocoV2♢ [59] ViT-B/16 ∅ 7.14 0.200 0.138 ∅ 9.56 0.164 0.136
DINO [4] ViT-B/8 ∅ 12.55 0.153 0.178 ∅ 15.94 0.137 0.246
DINOv2+Registers [36] [8] ViT-B/14 ∅ 20.26 0.125 0.299 ∅ 24.6 0.169 0.307
SiamMAE♢+SAM ViT-S/8+ViT-H ∅ 17.97 0.180 0.254 ∅ 24.05 0.143 0.315
DINOv2+Registers+SAM ViT-B/14+ViT-H ∅ 28.92 0.153 0.365 ∅ 34.78 0.123 0.433
Grayscale Coloration + SAM♢ ViT-B/16+ViT-H ∅ 20.82 0.110 0.311 ∅ 19.50 0.109 0.276
PCC Iter 1 ViT-B/16 ∅ 26.41 0.085 0.396 ∅ 34.35 0.090 0.436
PCC Iter 2 ViT-B/16 65.22 29.98 0.083 0.446 66.40 40.41 0.079 0.502
PCC Iter 3 ViT-B/16 60.66 29.89 0.094 0.432 67.90 41.45 0.071 0.508

of models, which learns robustness against strong image
augmentations, outperforms the predictive SiamMAE and
CroCo V2 approaches. Although applying SAM at infer-
ence time strongly improves self-supervised approaches in
IoU and Contour Accuracy, it harms spatial accuracy as
measured by Location Score, where PCC dramatically out-
performs all prior work. We find that our self-supervised
method performs relatively better in the Exo Query setting,
where input objects are small, but output objects are gen-
erally larger. We find that iteratively training PCC strongly
improves results, although performance largely saturates af-
ter the second iteration.

We further apply our correspondence model architecture
(Sec. 3.5) on the labeled training data split of EgoExo4D,
achieving state-of-the-art results compared to prior super-
vised approaches. When combining the supervised data
from EgoExo4D with PCC Iteration 3 pseudolabels, we ob-
serve improvements over the supervised baseline, particu-
larly in the Exo Query setting, suggesting that PCC captures
complementary information to the EgoExo4D labels.

We show qualitative results of PCC on EgoExo4D in 6.
As shown in rows 3 and 4, our model can locate correspond-
ing objects even under significant occlusions. However, it
sometimes struggles to produce fine-grained masks. Exam-
ples of pseudolabels on EgoExo4D are visible in 2.

4.3. Results Across Time

We present quantitative results for PCC across large tem-
poral gaps between video frames on the DAVIS-17 dataset
[38] in Table 2. We follow the evaluation methodology in
[11] and evaluate correspondences on all video frame pairs
in DAVIS with a temporal gap of 20 frames. Evaluation is
restricted to only cover objects present in both views, and
report J&Fm, Jm, and Fm. We report quantitative results

Ego View Exo View Exo Query→Ego Ego Query→Exo

Figure 6. Qualitative results of PCC on the EgoExo4D correspon-
dence benchmark.

on LVOS in Figure 7. Enabled by the large lengths of LVOS
videos, we report results across a range of temporal gaps be-
tween 5 frames (the LVOS annotation rate) and 400 frames.
We again restrict evaluation to objects present in both views
and report J&Fm.

On DAVIS, we find that PCC significantly outperforms
the prior SOTA approaches for VOS. Similar to the EgoExo
setting, PCC shows strong improvements after the first it-
eration, but performance saturates after the second. On
LVOS, although SiamMAE achieves SoTA for temporal
gaps of 5 and 10 frames, PCC shows comparatively better



Table 2. SoTA Comparison of Video Object Correspondence
Methods on DAVIS-17 [38] Val with a temporal gap of 20 frames

Method J&Fm↑ Jm↑ Fm

SiamMAE [18] 60.7 58.4 62.9
CrocoV2 + Cont. Pretrain [59] 40.0 37.4 42.5
DINO ViTs/8 [4] 64.5 61.6 67.5
DINO ViTb/8 [4] 66.4 63.7 69.2
DINOv2 + Reg ViTb/14 [8] 62.1 59.6 64.8
PCC Iter 1 64.4 61.3 67.5
PCC Iter 2 69.7 67.0 72.4
PCC Iter 3 70.2 67.8 72.7
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DINO ViT-S/8
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DINO v2+Reg

Frame Gap (30fps)

Figure 7. Results on LVOS-V1 Val at different temporal gaps.

performance as the frame gap increases, achieving SoTA
results for all other temporal gaps. Interestingly, SiamMAE
sees a sharper decline as the frame gap widens compared
to DINO. We suspect this suggests that at shorter frame
gaps, precise object segmentation is most critical, whereas
at larger frame gaps, robustness to object semantics be-
comes more important.

☒

☒

☒

☒

Source Frame Gap PCC Iter 3 DINO ViTB/8

Figure 8. Qualitative results on correspondence across time. Rep-
resentational approaches degrade quickly with larger frame gaps.

We demonstrate qualitative results for object recognition
across temporal gaps in 8. We observe that representa-

tional approaches such as DINO struggle to maintain ob-
ject consistency (bottom row), handle semantically similar
distractors with moderate movement (third row), and man-
age heavy object occlusions (second row). In contrast, PCC
maintains high-quality correspondence throughout.

4.4. Ablations

Table 3. Ablation: Model configuration Supervised Training,
EgoExo4D Validation Set. Grayscale continued training harms su-
pervised training. A deeper decoder improves performance.

Dec. Ego/Exo Query
Pretraining Params. IoU ↑ Loc. Score ↓ CA. ↑

MAE 50M 36.9/40.2 0.043/0.078 0.57/0.51
MAE 100M 37.7/43.7 0.042/0.060 0.60/0.56

Grayscale 100M 31.0/34.3 0.048/0.089 0.49/0.43

Table 4. Ablation: Frame Gap Davis 2017 Validation Set. We
ablate the framerate gap on Kinetics-400 during pseudolabel ex-
traction on Iteration 3.

Pseudolabel J&Fm

Temporal Gap 2 Frames 10 Frames 30 Frames
2 seconds 83.9 75.8 65.4
4 seconds 83.5 76.2 66.3
6 seconds 83.7 76.2 67.7

We ablate our model configuration on supervised
EgoExo4D correspondence in Table 3. Our results show
that pretraining with a grayscale objective on EgoExo4D,
rather than a MAE objective, significantly degrades perfor-
mance. This suggests that the gains from PCC are not due
to better representation learning, but rather arise from the
full cycle-consistent pipeline.

We investigate the impact of the temporal gap between
images for pseudolabeling PCC on Kinetics-400 in Table 4.
We find that training with a longer gap improves longer-
term correspondence.

5. Conclusion
In this work, we address the task of learning self-supervised
visual correspondence across significant camera view shifts
and large temporal gaps in video. Our approach, Pre-
dictive Cycle Consistency, achieves state-of-the-art perfor-
mance on the EgoExo4D correspondence benchmark and
in low-frame-rate scenarios on the DAVIS-17 and LVOS
datasets. Furthermore, we show that applying cycle con-
sistency to correspondence predictions at the object level
is an strikingly effective strategy for generating clean and
consistent correspondence pseudolabels. Overall, our work
extends the capabilities of self-supervised learning to estab-
lish correspondence in highly disjoint and challenging do-
mains, paving the way for improved understanding of dy-
namic scenes in the natural world.
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Supplementary Material

6. Implementation Details
In this section, we detail the specific setups for the following
components:
1. Our Grayscale Colorization model (Section 3.2),
2. Our ViT Correspondence models (Section 3.5),
3. Our implementation of predictive approaches SiamMAE

[18] and CroCoV2 [59], and
4. Our parameterization of SAM (Segment Anything

Model) for tracking.

6.1. Hyperparameters

6.1.1 Grayscale and Correspondence Model

We implement our Grayscale Colorization model and Cor-
respondence Model using the CroCoV2 [59] base archi-
tecture. Starting from the CroCoV2 Base-Decoder check-
point, we continue pretraining with either the Grayscale
Colorization objective or the original Cross-View MAE ob-
jective from CroCoV2 on datasets such as EgoExo4D [16]
or Kinetics-400 [31]. The hyperparameters for continued
pretraining are listed in Table 5.

Table 5. Hyperparameters for Grayscale Colorization and Corre-
spondence Model Continual Training.

Grayscale Colorization (Sec. 3.2) Correspondence Model (Sec. 3.5)

Encoder Layers 12 12
Encoder Embed Dim 768 768
Decoder Layers 12 12
Decoder Embed Dim 768 768
MLP Dim 3072 3072
Learning rate 1.5× 10−4 1.5× 10−4

Adam β1 / β2 0.9 / 0.98 0.9 / 0.98
Weight decay 0.01 0.01
Learning rate schedule Linear Decay Linear Decay
Dropout 0.1 0.1
Warmup updates 8,000 8,000
Batch size 256 256
Updates 60,000 60,000
Training Objective Colorization (RBG MSE Loss) MAE
Kinetics-400 Time Gap 4-48 Frames 4-48 Frames

This continued pretraining results in the Grayscale Col-
orization model that we use to initialize PCC, extracting
correspondence with the technique in Sec. 3.3. For our final
PCC Correspondence Model, we further train using PCC
pseudolabels as described in Section 3.5. Table 6 outlines
the hyperparameters used for this additional training.

6.1.2 Baseline Implementation

To ensure fairness during evaluation, we continually pre-
train CroCoV2 [59] and SiamMAE [18] on EgoExo4D [16]
before measuring correspondence. The settings for contin-
ually pretraining CroCoV2 are outlined in Section 6.1.

Table 6. PCC Correspondence Model Hyperparameters. For each
domain (EgoExo4D or Kinetics-400) we initialize our PCC Corre-
spondence Model parameters with a continually pretrained MAE
(Table 5)

EgoExo4D [16] Correspondence Kinetics-400 [16] Correspondence

Encoder Layers 12 12
Encoder Embed Dim 768 768
Decoder Layers 12 12
Decoder Embed Dim 768 768
MLP Dim 3072 3072
Learning rate 1.5× 10−4 1.5× 10−4

Adam β1 / β2 0.9 / 0.98 0.9 / 0.98
Weight decay 0.01 0.01
Learning rate schedule Linear Decay Linear Decay
Dropout 0.1 0.1
Warmup updates 2,000 2,000
Batch size 256 256
Updates 10,000 10,000
Training Objective DICE + BCE DICE + BCE
Kinetics-400 Time Gap - 60 Frame Gap (2 sec)
EgoExo Parameters 50/50 Ego→Exo/Exo→Ego -
Image size 240x240 (Ego) 240x416 (Exo) 224x224

Since the SiamMAE [18] code and checkpoints are not
publicly available, we reimplement their approach by adapt-
ing the published CAT-MAE [29] codebase and check-
points. We continually train SiamMAE using the CAT-
MAE hyperparameters on Kinetics-400 for 60,000 steps
with a batch size of 256. To validate our reimplementation,
we evaluate our model on the DAVIS-2017 validation set
[38], achieving a J&Fm score of 70.6, closely matching
the original SiamMAE score of 71.4. For EgoExo4D, we
continually pretrain this checkpoint for an additional 60000
steps at a batch size of 256, otherwise using the same set-
tings.

We exclude DINO [36] models from continual pretrain-
ing on EgoExo4D due to a lack of diversity of data for im-
age augmentation (EgoExo4D only has 123 unique sites
used for data collection). Additionally, models employ-
ing exponentially moving average teachers require exten-
sive tuning of the moving average temperature, making con-
tinual pretraining more challenging.

For our baselines, we adapt the K-Nearest-Neighbor im-
plementation from [54]. While originally designed for mul-
tiple video frames, we modify it to treat all evaluation sce-
narios as two-frame videos. The algorithm inherently sup-
ports different resolutions for the first frame query and sub-
sequent frames, accommodating the differing aspect ratios
of Ego-view and Exo-view images. As detailed in Sec-
tion 4.2, we resample all Ego and Exo videos to have a min-
imum resolution of 480p and perform a grid search to opti-
mize the parameter k and the temperature. For EgoExo4D
evaluation, we omit the neighborhood size parameter, as
there is no spatial continuity between Ego and Exo views.
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Figure 9. Additional Qualitative Results on the EgoExo4D Correspondence Benchmark.

However, for DAVIS-17 and LVOS evaluations, we inde-
pendently grid search the neighborhood size parameter for
each temporal distance.

6.1.3 SAM Configuration

To extract image segmentations from raw images in
EgoExo4D, we use SAM with the standard point-grid
prompting configuration, as demonstrated in [7, 33]. We
note that this is different from the configuration of MASA
[34], which uses bounding boxes extracted from an off-the-
shelf object detection model using textual object descrip-
tions. Because SAM is traditionally run on third-person
videos, we gridsearch the Predicted IoU Threshold (0.88)
and the Stability Score Threshold to (0.94) to have the high-
est IoU with ground truth object segmentation masks from
the EgoExo4D validation set.
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Figure 10. Additional Qualitative Results on LVOS with various frame gaps.
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