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Figure 1. Finding spatial correspondences across modalities. We present a method for cross-modal matching, trained entirely through
self-supervision using a simple formulation based on contrastive random walks [14]. (a) Given two images taken by different visual
modalities and at different positions and times, we predict the pairs of image patches that physically correspond to the same points. (b) We
also apply our method to semantic matching tasks, using a visual encoder initialized with pretrained DINOv2 [27] weights and fine-tuned
during training. These include tasks such as photo-sketch alignment [26] and style-based matching between images of different styles
generated with a text-to-image model [19].

Abstract

We present a method for finding cross-modal space-time
correspondences. Given two images from different visual
modalities, such as an RGB image and a depth map, our
model identifies which pairs of pixels correspond to the same
physical points in the scene. To solve this problem, we extend
the contrastive random walk framework to simultaneously
learn cycle-consistent feature representations for both cross-
modal and intra-modal matching. The resulting model is
simple and has no explicit photo-consistency assumptions.
It can be trained entirely using unlabeled data, without the
need for any spatially aligned multimodal image pairs. We
evaluate our method on both geometric and semantic cor-
respondence tasks. For geometric matching, we consider
challenging tasks such as RGB-to-depth and RGB-to-thermal
matching (and vice versa); for semantic matching, we evalu-
ate on photo-sketch and cross-style image alignment. Our
method achieves strong performance across all benchmarks.

1. Introduction

Cameras take a multitude of different forms. While RGB,
thermal, and depth cameras each record images, what is
stored within each pixel differs drastically. Consequently,
when a scene is captured using cameras that are based on
different sensory modalities, it is difficult to determine which
pixels within them correspond to the same physical points.
These cross-modal pixel correspondences have a number of
applications, such as cross-modal registration, 3D reconstruc-
tion, and multimodal data fusion [1, 6, 22, 43]. Recent work
on multimodal learning has provided effective ways of learn-
ing cross-modal correspondences through self-supervision,
yet these methods largely rely on having paired data from
multiple sensors, which is not available for pixel-level corre-
spondence.

Traditional self-supervised methods for pixel correspon-
dences often make strong assumptions about the visual ap-
pearance of pixels that should be matched together, such as
by assuming that matching image patches should be photo-
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consistent [16, 17, 34, 47, 53], or that cross-modal transla-
tion methods can estimate one modality from another as part
of the matching process [1]. However, these assumptions are
frequently violated in multimodal data, making it challeng-
ing to use them as general-purpose multimodal matching
methods. Depth images and RGB images, for example, may
look alike to a human, but their intensity values record in-
formation that is so different—depth vs. lightness—that
they cannot be matched using local information. And cross-
modal prediction requires being able to solve a notoriously
difficult problem—monocular depth estimation—without
explicit paired data.

We take inspiration from recent advances in self-
supervised tracking [2, 14, 23, 44] that learn correspon-
dences between video frames through cycle consistency.
These methods assume that the content within a scene per-
sists between frames, and that there should thus be a one-
to-one correspondence between the pixels in them. Our
approach extends the contrastive random walk [14] to the
cross-modal pixel correspondence problem. We create a
directed graph in which nodes correspond to image patches
in each modality, and where edges connect patches across
modalities. We train a network, based on the recently pro-
posed global matching transformer [32, 45], to assign tran-
sition probabilities to pairs of patches for a random walk.
A random walker uses these transition probabilities to step
through the graph, moving from patches in one modality to
another, and then back. To train the model, we maximize the
walker’s return probability, thus encouraging matches to be
cycle-consistent.

A key challenge in our setting is that, unlike many cor-
respondence tasks, the patches we match are visually very
different. We therefore incorporate intra-modal random
walks between images of the same modality, such that the
model must learn a representation that simultaneously al-
lows it to match intra- and inter-modally. To get these image
pairs, we apply data augmentation to input images, simu-
lating the challenges of matching frames of a video. We
also show that, in contrast to image-based matching [32],
spatial smoothness priors are important for obtaining strong
performance. Moreover, in contrast to other cross-modal
correspondence methods [1, 17, 34], our method does not
rely on hand-crafted measures of photoconsistency. Instead,
it learns visual similarity through cycle-consistent represen-
tation learning, defined by the learned embedding space,
thereby making it possible to apply it to different pairs of
modalities without any modifications.

We evaluate our model on both geometric and semantic
cross-modal correspondence tasks. For geometric match-
ing, we focus on two challenging tasks: RGB-to-depth and
RGB-to-thermal matching (Figure 1a). In both cases, we
match images captured at different times and positions, with
different sensors. For semantic matching (Figure 1b), we

use a visual encoder initialized with pretrained DINOv2 [27]
weights and fine-tune it during training. We evaluate on
photo-to-sketch alignment, where our method performs com-
petitively with approaches specifically tailored to this task,
and on a new cross-style image matching task, using im-
ages generated in different styles from the same diffusion
model [19]. Our work makes several contributions:
• We show that space-time cross-modal pixel correspon-

dence can be learned from unlabeled data through cycle
consistency.

• We extend the contrastive random walk framework for
cross-modal pixel correspondence.

• Through experiments, we show that our model success-
fully finds correspondences in geometric tasks such as
RGB-to-depth and RGB-to-thermal, significantly outper-
forming prior methods. In semantic tasks like photo-to-
sketch matching, our method is competitive with other
self-supervised approaches.

• We propose benchmarks for evaluating RGB-to-depth,
RGB-to-thermal, and cross-style image matching. For
cross-style matching, we use generative models to synthe-
size images with similar content but different styles.

2. Related Work
Cycle consistency for correspondence. Zhou et al. [51]
proposed learning correspondences across 2D views of 3D
objects, by matching the viewpoints to a 3D model, then
projecting back to other images. In contrast, we focus on
matching two images that differ in modality, space, and time,
rather than just 3D viewpoint. Later work extended cycle
consistency to space-time tracking. Wang et al. [44] trained
a model to track forward and backward in time, penalizing
deviation from the original position, using a formulation
based on the spatial transformer [15]. Jabri et al.[14] framed
this as a random walk on a space-time graph, enabling
self-supervised tracking, followed by improvements such
as shortcut removal[37] and smoothness priors [2] for fine-
grained correspondence. Recent works further integrated
this framework with global matching transformers [32, 45]
to address the tracking-any-point problem [4].

While these works focus on temporal matching, we ex-
tend contrastive random walks to cross-modal matching,
introducing both intra- and inter-modal random walks. Al-
though contrastive random walks have been explored in mul-
timodal settings like image-audio alignment [11] or audio-
to-audio matching [3], these approaches operate at the patch
or node level and do not aim for dense pixel-to-pixel corre-
spondence, which is the focus of our work.

Cross-modal pixel correspondence. Cross-modal cor-
respondence has been explored through contrastive learn-
ing [10, 28, 40], but these approaches typically learn global
or patch-level embeddings, not dense pixel-wise matches.
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Figure 2. Model Architecture. We learn to find pixel-level correspondences between images that may differ in sensory modality, time, and
scene position. Given images from two modalities (e.g., unpaired RGB and depth images from the same scene), we perform a contrastive
random walk on a graph whose nodes come from patches within the two images using a global matching transformer architecture [32]. We
simultaneously perform auxiliary intra-modal random walks within each modality’s augmented crops of images to improve the model’s
ability to avoid local minima during optimization. Through this process, we learn to match in both directions (e.g., RGB-to-depth and
depth-to-RGB).

Arar et al.[1] proposed a method for RGB-infrared matching
by jointly training a GAN for modality translation and a
spatial transformation network. In contrast, our model does
not require explicit cross-modal translation; it learns from
cycle-consistency alone. Other methods such as[26] address
photo-sketch alignment through a two-stage process involv-
ing cross-modal embeddings, whereas we learn fine-grained
correspondence directly through self-supervision. Some re-
cent work has explored matching across 2D-3D modalities
(e.g., RGB and point clouds [22, 43]), but these approaches
often rely on explicit geometric priors and operate on sparse
data like LiDAR. Our method, by contrast, is designed for
dense 2D image domains and does not rely on any hand-
crafted similarity metric.

Self-supervised correspondence. Unsupervised learning
of correspondence has a long history in optical flow [16, 17,
34, 47, 53], often relying on photometric loss as a train-
ing signal. Other approaches use cues like color simi-
larity [20, 23, 42] or temporal coherence [7, 46] for self-
supervised tracking. However, these techniques assume
single-modality inputs and struggle to generalize to cross-
modal settings. Simulated data has also been used for learn-
ing correspondence [4, 5, 8, 9, 35], but generating realistic,
time-varying multimodal signals remains a significant chal-
lenge. In contrast, our method learns from real multimodal
videos without requiring ground-truth annotations or simula-
tion.

3. Method
Our goal is to learn pixel-wise correspondences between
images from different modalities (e.g., RGB, thermal, depth,
sketch, stylistically diverse images) solely through self-
supervision. We build upon the contrastive random walk
framework [14] and extend it to handle multiple modalities
(Figure 2). The recently proposed Global Matching Random

Walk (GMRW) model [32] allows for dense correspondences
between RGB images by enforcing cycle consistency via
contrastive random walks over videos [32, 45]. We leverage
this framework to train on unlabeled videos from different
modalities, learning cycle-consistent tracking across pairs
such as RGB-depth, RGB-thermal, photo-sketch, and cross-
style images.

However, we find that directly optimizing the model for
cross-modal cycle consistency leads to poor convergence:
training plateaus at a suboptimal solution with high loss and
non-semantic matches. We hypothesize that this difficulty
arises due to the substantial domain gap between modalities.
For instance, unlike space-time matching—where initial ran-
dom features provide reasonable gradients—cross-modal
inputs may align arbitrarily (e.g., bright regions in RGB
could align with distant areas in depth due to similarly high
intensity values). To mitigate this, we introduce auxiliary
intra-modality random walk supervision, encouraging the
model to learn representations effective for both intra- and
cross-modality matching.

3.1. Model architecture
To address the challenge of cross-modal dense correspon-
dence, we require an architecture capable of producing
high-resolution matches while remaining modality-agnostic.
We adopt the Global Matching Random Walk (GMRW)
model [32], which performs all-pairs pixel matching [39, 45]
and is trained using a cycle consistency objective via con-
trastive random walks. Crucially, it does not rely on
modality-specific assumptions like photo-consistency. Each
modality uses a dedicated visual encoder to produce input
tokens, while a shared Transformer backbone performs the
global matching across modalities.

Image Features. For geometric tasks, we use a CNN-based
encoder to extract visual features. For each image Imt at
time t and modality m ∈ {rgb,depth,thermal}, we
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compute d-dimensional features ϕ(Imt ) ∈ RH
c ×W

c ×d with
a downsampling factor c = 4. Each modality has its own
encoder, and we append 2D positional encodings to the
features. For depth inputs, the single-channel image is repli-
cated across three channels to match the RGB architecture.

For semantic tasks (e.g., photo-sketch, cross-style), we
use DINOv2 [27] as a shared visual encoder across modali-
ties. We initialize it with pretrained weights and finetune it,
leveraging the rich semantic priors learned during DINOv2
pretraining.

Cross-modal Matching Transformer. Given a pair of im-
ages Im1

t and Im2

t+k, we feed their extracted features into a
shared Transformer consisting of six blocks of self-attention,
cross-attention, and feed-forward layers. The final layer
produces correlation features Fm1

t and Fm2

t+k. This module
supports both intra-modality (m1 = m2) and cross-modality
(m1 ̸= m2) matching.

Cross-modal Transition Matrix. We compute the
transition matrix from Fm1

t and Fm2

t+k as Am1,m2

t,t+k =

softmax(Fm1
t (Fm2

t+k)
⊤/τ), which represents the likelihood

of a pixel in modality m1 at time t corresponding to a pixel in
modality m2 at time t+ k. This matrix defines the transition
probabilities for contrastive random walks (CRW) in both
intra- and cross-modality matching. Following [32, 45], we
normalize features using τ =

√
d instead of the L2 normal-

ization used in earlier work [2, 14, 37].
The expected change in pixel position is computed as:

fm1,m2

t,t+k = EAt,t+k
[Am1,m2

t,t+k D −D] (1)

where ft,t+k is the predicted flow between modalities m1

and m2, D is the constant pixel coordinate grid and Am1,m2

t,t+k

is the transition matrix from frame t to t+ k.

3.2. Learning cross-modal correspondences

Cross-modal cycle-consistency. To learn cross-modal corre-
spondences, we extend the cycle consistency objective from
GMRW [32] to multi-modal data. Given a palindrome se-
quence {Im1

t , Im2

t+k, I
m1
t }, we treat it as a space-time graph

and train our model to perform random walks across it. The
model estimates two transition matrices: Am1,m2

t,t+k which
maps pixels from modality m1 at time t to modality m2 at
time t + k, and Am2,m1

t+k,t , which returns the walker back to
modality m1 at time t. We chain these two transitions to
obtain a round-trip path from a point in Im1

t , through Im2

t+k,
and back. To enforce cycle consistency, we maximize the
probability that the walker returns to its original position.
This is done using the label-warping loss from [32]:

Lcross-crw = LCE(A
m1,m2

t,t+k Am2,m1

t+k,t , T b
f (I)), (2)

where I is the identity matrix and T b
f (I) is the warped label

target designed to prevent shortcut learning [32], and LCE is
the cross-entropy loss.

Intra-modal cycle-consistency. We further apply the same
contrastive random walk objective within each modality to
stabilize training. For a palindrome {Imi

ori, I
mi
aug, I

mi
ori}, where

Imi
aug is an augmented crop of Imi

ori, the intra-modal cycle loss
is:

Lintra-crw =

2∑
i=1

LCE(A
mi
ori,augA

mi
aug,ori, T

b
f (I)) (3)

Smoothness loss. To encourage spatial coherence, we ap-
ply an edge-aware smoothness loss [17] — used in prior
contrastive random walk work [2, 32]. It penalizes large
second-order derivatives in flow, weighted by image gradi-
ents. We apply this loss only when the source image is from
the RGB modality, where visual similarity is a reliable cue
for perceptual grouping. The loss is defined as:

Lsmooth = Ep

∑
d∈{x,y}

exp(−λcId(p))|
∂2fs,t(p)

∂d2
| (4)

where the p is a pixel in the RGB image, Id(p) is the average
gradient magnitude across color channels in direction d. The
coefficient λc controls edge sensitivity.

Overall loss. The final training objective combines all
losses:

Lcross-crw + Lintra-crw + λsLsmooth (5)

4. Experiments
Our method estimates pixel-level correspondences between
pairs of images across different modalities. We evaluate
its performance on both geometric and semantic correspon-
dence tasks. For geometric matching, we consider two set-
tings: RGB-Depth and RGB-Thermal. For RGB-Depth, we
use the NYU Depth V2 dataset [33] for both training and
evaluation. For RGB-Thermal, we train and evaluate on two
datasets: the indoor Thermal-IM dataset [38] and the outdoor
KAIST dataset [13]. Notably, our method does not require
spatially or temporally aligned image pairs during training.
We sample frames at different time steps, allowing for scene
changes and motion, while assuming partial scene overlap.
For semantic correspondence, we consider two tasks. The
first is photo-sketch alignment, using the PSC6K dataset [26],
which includes annotated keypoints that match real-world
photos with corresponding human-drawn sketches. The sec-
ond task is cross-style image matching, where the goal is
to match corresponding points across stylistic variants (e.g.,
photorealistic, anime, watercolor) of the same scene. We
construct this benchmark using a text-to-image generation
model conditioned on consistent prompts and varying style
modifiers. For all benchmarks, evaluation sets are created by
manually annotating keypoints across modalities or, where
applicable, by propagating tracked points from the RGB
domain using a point-tracking algorithm.
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Table 1. RGB-Depth and RGB-Thermal Matching. We compare our method with supervised and several unsupervised baselines on
NYU-Depth V2, Thermal-IM and KAIST datasets. Our method performs best when computing cross-modality matching, significantly
outperforming the baselines. D: Depth, T: Thermal, SSL: Self-Supervised Learning

Method SSL

NYU-Depth, < δxavg ↑ Thermal-IM, < δxavg ↑ KAIST, < δxavg ↑

Intra-modal Cross-modal Intra-modal Cross-modal Cross-modal

RGB ) RGB D ) D RGB ) D D ) RGB RGB ) RGB T ) T RGB ) T T ) RGB RGB ) T T ) RGB

RAFT [39] 91.5 59.2 7.9 1.3 81.7 53.3 5.6 0.9 29.2 7.4
GMFlow [45] 79.7 58.2 12.7 12.5 82.2 53.4 3.8 2.6 23.1 22.3
Arar et al. [1] ✓ - - 1.3 0.8 - - 2.3 1.9 2.1 4.7
CycleGANRGB)D/T + GMFlow ✓ - - 8.5 7.8 - - 7.9 7.1 8.3 8.2
CycleGAND/T)RGB + GMFlow ✓ - - 16.2 16.6 - - 6.1 5.8 6.8 7.4
ARFlow [25] ✓ 76.1 53.5 7.5 7.4 82.1 53.3 12.5 13.2 31.0 30.4
ARFlow (Retrained) ✓ - - 9.3 8.1 - - 13.4 13.1 29.1 27.7
DIFT [36] ✓ 40.6 18.5 3.3 4.3 68.2 50.3 17.5 18.2 7.1 8.8
SD-DINO [48] ✓ 25.2 13.9 7.8 6.4 44.5 49.9 29.3 34.9 19.6 20.6
Ours ✓ 80.1 62.3 33.5 34.3 81.6 53.1 41.8 47.9 35.2 34.1

4.1. Geometric Correspondence

RGB-Depth Training. We train our model on the NYU
Depth V2 dataset [33], which contains approximately 400K
unlabeled RGB-D frames. Training is performed in three
stages: 1) intra-modality CRW applied to RGB-RGB and
Depth-Depth pairs, 2) additionally cross-modality CRW
applied to RGB-Depth and Depth-RGB pairs, 3) adding
the smoothness loss to encourage spatial coherence. Dur-
ing training, we randomly sample two frames (Im1

t , Im2

t+k)
from a scene, separated by a few random timesteps, drawn
from both modalities. We then apply different random re-
sized crops to forward (Im1

t , Im2

t+k) and backward images
(Im1

t,aug) [32] and train for cycle-consistency losses.

RGB-Thermal Training. We use the Thermal-IM and
KAIST datasets for RGB-Thermal training. Thermal-IM
consists of 783 video sequences with RGB and thermal
modalities, though they are spatially unaligned. KAIST
contains 320 video sequences with spatially aligned RGB
and thermal views. As with RGB-Depth training, we ran-
domly sample two frames per scene from both modalities
and follow the same three-stage training pipeline with intra-
and cross-modality CRW losses.

RGB-Depth Evaluation. Since RGB and depth frames in
NYU are spatially aligned, we use PIP++ [50], a point track-
ing method, to generate ground-truth correspondences. We
create 10-frame video clips and track points across them,
retaining those visible in all frames. These tracks are used
to evaluate RGB-RGB, Depth-Depth, and RGB-Depth corre-
spondence. Our final dataset includes 250 video clips with
an average of 688 annotated tracks per clip.

RGB-Thermal Evaluation. Thermal-IM videos are not spa-
tially aligned, so we manually annotate 100 RGB-Thermal

frame pairs across 5 timesteps, with 10 keypoints each, fol-
lowing the protocol from TAP-Vid [4], resulting in 1,000
evaluation points. For KAIST, where RGB and thermal
frames are aligned, we use a strategy similar to NYU Depth,
using CoTracker [18] to generate correspondences, as it per-
forms better than other trackers on KAIST videos.

Evaluation Metrics. We adopt the positional accuracy met-
ric from TAP-Vid [4], denoted as < δxavg. This metric reports
the fraction of visible keypoints that are predicted within a
pixel distance threshold from ground truth, averaged over
thresholds 1, 2, 4, 8, 16.

4.2. Semantic Correspondence

Photo-Sketch Matching. We use the PSC6K dataset [26]
for both training and evaluation. The dataset contains 6,250
annotated photo-sketch pairs, with 8 keypoints per pair in
the evaluation set, and over 130K photo-sketch pairs in the
training set. Performance is measured using Percentage of
Correct Keypoints (PCK) at thresholds α = 0.05 and 0.1,
denoted as PCK-5 and PCK-10.

Cross-style Image Matching. We introduce a new bench-
mark to evaluate correspondence across different visual
styles of the same scene. We generate images using the
Flux text-to-image model [19], conditioned on a base prompt
and a style modifier (added to the prompt). We consider 10
distinct styles: anime, dark, light, photorealistic, pixel art,
watercolor, comic book, neon, pastel, and sci-fi (examples
in Figure 6). Prompts are generated using BLIP-2[21] by
captioning images from the ImageNet dataset [31], and are
then used to generate stylistic variants via Flux.

We generate 10K images per style, resulting in 100K train-
ing samples. For evaluation, we sample 50 unseen prompts
and generate 10 images per prompt—one in each style—

6387



yielding 500 test images. We manually annotate correspond-
ing keypoints across styles for each prompt. All possible
pairs of styles are compared within each prompt, resulting
in 2,250 total image pair comparisons in the test set.

5. Results
We train our model for RGB-Depth, RGB-Thermal, photo-
sketch and cross-style matching tasks and present both quan-
titative and qualitative results alongside comparisons with
baseline methods.

5.1. Geometric correspondence
Table 1 compares our method against a range of super-
vised and unsupervised baselines for RGB-Depth and RGB-
Thermal matching, evaluated in the direct setting where
query frames are matched directly to target frames without
chaining [32]. Among the supervised baselines, we include
RAFT [39] and GMFlow [45], state-of-the-art optical flow
models trained on RGB images, applied to thermal and depth
data by treating them as RGB inputs. For unsupervised base-
lines, we evaluate Arar et al.[1], a CycleGAN[52]-based
cross-modal registration method, which struggles to gener-
alize due to the difficulty of translating between modalities
without paired supervision. To address this, we introduce
a variant (CycleGAN+GMFlow) that first translates depth
or thermal inputs to RGB using CycleGAN, followed by
matching in the RGB domain using GMFlow. We also test
the reverse direction—translating RGB to depth or thermal—
before applying GMFlow. We further evaluate ARFlow [25],
an unsupervised optical flow model trained with photomet-
ric losses, and include a retrained version adapted to our
setting with modality-specific encoders. Finally, we com-
pare against recent diffusion-based correspondence methods,
including DIFT [36], which leverages Stable Diffusion fea-
tures, and SD-DINO [48], which combines Stable Diffusion
and DINOv2 features for robust geometric and semantic
matching. Across both RGB-Depth and RGB-Thermal tasks,
our method significantly outperforms all baselines.

Qualitative results. We present geometric matching qual-
itative results showing the effectiveness of our method in
cross-modal matching. As shown in Figures 3 and 4, our
method consistently produces accurate and meaningful cor-
respondences across RGB-Thermal and RGB-Depth pairs,
significantly outperforming RAFT and GMFlow, which of-
ten yield noisy or incorrect matches.

Model Ablations. Table 2 presents ablations on the NYU-
Depth and Thermal-IM datasets. Training with only intra-
modal losses yields good performance within the same
modality but fails on cross-modal tasks. In contrast, using
only cross-modal losses leads to unstable training and poor
convergence. Pretraining with intra-modal losses followed
by joint intra- and cross-modal training significantly im-

NYU Depth V2 Dataset
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M
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Figure 3. RGB-Depth Matching. We show qualitative compar-
isons on the NYU Depth V2 dataset. RAFT and GMFlow struggle
to establish accurate correspondences in the depth domain, while
our method successfully matches keypoints across RGB and depth
images. The points shown are randomly sampled from the dataset
annotations.

proves performance across both settings. Adding a smooth-
ness loss further enhances cross-modal accuracy, highlight-
ing its value as a regularization strategy.

5.2. Semantic correspondence

Photo-Sketch Matching. In Table 3, we compare our
method on PSC6K with several baselines from [26], includ-
ing DINOv2+NN [27], which performs nearest-neighbor
search on DINO features, and SD-DINO [48]. When using
a CNN encoder, our method performs poorly due to the lack
of semantic priors. Replacing it with DINOv2 features and
fine-tuning the encoder leads to a significant performance
boost, highlighting the importance of DINOv2’s semantic
pretraining. Our final model, with DINOv2 and full training,
performs best among our variants and is competitive with
state-of-the-art methods. Qualitative results are shown in
Figure 5.

Cross-style Image Matching. We evaluate our model (us-
ing a DINOv2 encoder) alongside baselines including DI-
NOv2+NN, DIFT, and SD-DINO in Table 4. We also com-
pare with GeoAwareSC [49], a state-of-the-art supervised
semantic correspondence method. Our model outperforms
all baselines, including the supervised approach, albeit by a
small margin. The performance gap between our method and
DINOv2+NN demonstrates the effectiveness of our learned
correspondence framework over simple feature similarity
using pretrained DINO features. Qualitative results are pre-
sented in Figure 6.

6. Discussion

We have presented a modality-agnostic method for learning
pixel-level correspondences between images taken using dif-
ferent visual sensors. Our method extends the contrastive
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Table 2. Model Ablations. We evaluate the impact of different loss functions and show that pretraining with intra-modal losses followed by
fine-tuning with all losses achieves the best performance for our method. X denotes D (Depth) or T (Thermal), based on the dataset.

Losses
NYU Depth, < δxavg ↑ Thermal-IM, < δxavg ↑

Intra-modal Cross-modal Cross-modal

LRGB)RGB
intra-crw LX)X

intra-crw LRGB)X
inter-crw LX)RGB

inter-crw Lsmooth RGB ) RGB D ) D RGB ) D D ) RGB RGB ) T T ) RGB

✓ ✓ - - - 78.8 49.2 2.5 2.2 4.9 6.2
- - ✓ ✓ - 18.5 4.4 5.6 4.5 6.2 8.3
✓ ✓ ✓ ✓ - 80.4 61.1 19.1 21.1 30.2 38.5
✓ ✓ ✓ ✓ ✓ 80.1 62.3 33.5 34.3 41.8 47.9
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Thermal-IM Dataset KAIST Dataset

Figure 4. RGB-Thermal Matching. Qualitative comparisons on the Thermal-IM (left) and KAIST (right) datasets. Our method accurately
tracks keypoints across RGB and thermal images, even in the presence of motion. In contrast, RAFT and GMFlow often fail to produce
meaningful correspondences, frequently matching points to the same spatial location in the other modality. Here, we show all 10 annotated
points from the dataset.

Table 3. Photo-Sketch Matching. Qualitative comparison on the
PSC6K dataset [26], demonstrating the competitive performance
of our method against several baselines.

Method Trained PCK-5 PCK-10on PSC6K

CNNGeo [29] 27.59 57.71
CNNGeo [29] ✓ 19.19 42.57
DINOv2 + NN [27] 11.48 31.66
SD-DINO [48] 33.10 70.50
WeakAlign [29] 35.65 68.76
WeakAlign [29] ✓ 43.55 78.60
NC-Net [30] 40.60 63.50
DCCNet [12] 42.43 66.53
PMD [24] 35.77 71.24
WarpC-Net [41] 48.79 71.43
WarpC-Net [41] ✓ 56.78 79.70
PSCNet [26] ✓ 57.92 84.72
Ours (CNN + Stage 1, 2, 3) ✓ 26.22 60.89
Ours (DINO + Stage 2, 3) ✓ 50.66 80.70
Ours (DINO + Stage 1, 2, 3) ✓ 53.61 82.20

Table 4. Cross-style Image Matching (Sec. 4.2). Quantitative
comparisons on the cross-style image matching task. We compare
our method against a few self-supervised and one supervised base-
line, and show that it outperforms both.

Method SSL PCK-5 PCK-10

DINOv2 + NN [27] ✓ 23.13 56.52
DIFT [36] ✓ 39.81 57.97
SD-DINO [48] ✓ 60.14 80.72
GeoAwareSC [49] 68.30 79.67
Ours (DINO) ✓ 69.26 84.19

random walk to perform cross-modal matching. A random
walker transitions from patches in one modality to another,
and then back, using transition probabilities that are pro-
duced by a global matching transformer [1, 32]. We avoid
local minima in this process by including intra-modal ran-
dom walks between frames of the same modality, as well
as a spatial smoothness constraint. We evaluate our method
on diverse tasks—including RGB-to-depth, RGB-to-thermal,
photo-to-sketch, and cross-style image matching—and find
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PSC6K Dataset

Figure 5. Photo-Sketch Matching. Qualitative results of our method on the PSC6K dataset [26]. For each image pair, all annotated points
from the dataset are used as query keypoints.

prompt: a man in a diving suit and mask

anime style dark stylelight styleneon style pixel art stylewatercolor style

prompt: a dog standing next to a wicker

comic book stylesci-fi style

prompt: a man in a diving suit and mask

light styleanime style

prompt: a baby gorilla hanging from a tree branch

neon stylephotorealistic style

prompt: a small newt with a long tail

Figure 6. Cross-style Image Matching. We show qualitative results of our method on matching images across different styles. The images
are generated using the Flux [19] model, with the prompts and styles used for generation shown above.

that it significantly outperforms existing methods on geomet-
ric correspondence and is competitive with state-of-the-art
methods on semantic matching. We see our work as opening
new directions in multimodal matching, making it signifi-
cantly easier to match images without hand-crafted measures
of visual similarity. Our approach can be trained entirely
using multimodal video data, which can be acquired at scale.
We also see our work as experimentally demonstrating the
generality of self-supervised matching methods, which can
be applied in scenarios that would be difficult to simulate or
acquire labeled data for.

Limitations. We have demonstrated our model for four do-

mains, RGB-depth, RGB-thermal, photo-sketch, cross-style
matching. While the model successfully handles these cases,
it is possible that other modalities would present additional
challenges, especially if they lacked other distinctive visual
structures that may be used in matching, such as occlud-
ing contours (which are visible in all 3 current modalities,
RGB, Thermal, Depth). In cross-style image matching, we
observe occasional failures, such as confusion between left
and right limbs in animals (see Figure 6, top-right). While
our method places few assumptions on the underlying signal
(e.g., no hand-crafted photo-consistency assumption), both
of our datasets include RGB images due to their ubiquity.
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