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Abstract

Image matching for both cross-view and cross-modality
plays a critical role in multimodal perception. In practice,
the modality gap caused by different imaging systems/styles
poses great challenges to the matching task. Existing works
try to extract invariant features for specific modalities and
train on limited datasets, showing poor generalization. In
this paper, we present MINIMA, a unified image matching
framework for multiple cross-modal cases. Without pur-
suing fancy modules, our MINIMA aims to enhance uni-
versal performance from the perspective of data scaling
up. For such purpose, we propose a simple yet effective
data engine that can freely produce a large dataset con-
taining multiple modalities, rich scenarios, and accurate
matching labels. Specifically, we scale up the modalities
from cheap but rich RGB-only matching data, by means
of generative models. Under this setting, the matching la-
bels and rich diversity of the RGB dataset are well inher-
ited by the generated multimodal data. Benefiting from
this, we construct MD-syn, a new comprehensive dataset
that fills the data gap for general multimodal image match-
ing. With MD-syn, we can directly train any advanced
matching pipeline on randomly selected modality pairs to
obtain cross-modal ability. Extensive experiments on in-
domain and zero-shot matching tasks, including 19 cross-
modal cases, demonstrate that our MINIMA can signifi-
cantly outperform the baselines and even surpass modality-
specific methods. The dataset and code are available at
https://github.com/LSXI7/MINIMA.

1. Introduction

Image matching refers to establishing pixel-wise correspon-
dences from two-view images, which serves as a prereq-
uisite for a wide range of visual applications [30]. Re-
cently, matching two images of different imaging sys-
tems/styles plays a vital role in multimodal percep-
tions [20], including image fusion and enhancement [44,
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Figure 1. Overall Image Matching Accuracy and Efficiency
on Six Datasets of Real Cross-modal Image Pairs. AUC of the
pose error (@10◦) or reprojection error (@10px) is used for accu-
racy evaluation, while Pairs Per Second is used for efficiency test.
Left: AUCs on each dataset of representative methods are reported.
Right: average performance is summarized, wherein different col-
ors indicate matching pipelines of sparse, semi-dense, and dense
matching, while our MINIMA is marked as ⋆. Using only syn-
thetic multimodal data created by our data engine, MINIMA can
generalize to real cross-modal scenes with large improvements.

50], visual localization/navigation [1, 54], target detec-
tion/recognition/tracking [12, 42, 45, 52, 53, 55], etc. They
benefit from gathering the advantages of different modal-
ities by aligning them, thereby yielding more comprehen-
sive representations. However, the cross-view and cross-
modality nature makes the matching task more challenging,
particularly using a single model for different modalities
such as RGB-Infrared (IR), RGB-Depth, and RGB-Event.

Existing studies focus more on RGB-only image match-
ing due to the accessible training sets [4, 24], which have
given birth to many advanced matching architectures [8, 9,
32, 37, 41]. By contrast, cross-modal matching datasets are
weak in scale and scene coverage, as concluded in Tab. 1.
The main reasons are as follows: i) It is laborious to cap-
ture a large number of multimodal images of the same
target/scene, and also hard to ensure rich scene coverage.
Therefore, existing datasets are often captured from driving
or fixed camera views [18, 38], and the number of modal-
ity types is merely two or three for each dataset. ii) Creat-
ing precise dense labels is also expensive. Researchers of-
ten manually label matched landmarks [18, 20, 27], or use
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Figure 2. Qualitative Results on Real Cross-modal Image Pairs. Our methods MINIMALG (sparse) and MINIMARoMa (dense) are
compared with the sparse matching pipeline ReDFeat [7] and OmniGlue [20], and semi-dense matcher XoFTR [43]. ReDFeat and XoFTR
are cross-modal methods, and OmniGlue is known for its generalization ability. Matches generated by each method are drawn, where the
red lines indicate epipolar error (pose) or projection error (homography) beyond 5 × 10−4 or 3 pixels. Details are recorded in the top-left
of each image pair, including the geometric errors created by default RANSAC estimation and the (# correct match / # match).

ing precise dense labels is also expensive. Researchers of-
ten manually label matched landmarks [19, 21, 29], or use
camera calibration1 to produce approximate poses [43, 53].
These limited datasets can not support the training of a gen-
eral matching method well due to the imbalances among
them, which make the models easily dominated by simple
datasets. In addition, to enlarge the data scale, researchers
often generate pseudo transformations from aligned image
pairs [6, 58]. However, this approach is still limited by
the original data, where the stimulated deformations are not
consistent with practical viewpoint changes. That is why
existing works can only extract matchable features for spe-
cific modalities and show poor generalization.

In this paper, we try to develop a unified matching frame-
work for multiple cross-modal cases, by filling the data
gap with an effective data engine. This engine helps us to
freely scale up cheap RGB images to a large multi-modal
dataset with rich scenarios and accurate labels. The intro-
duced dataset can well support the training of any matching
pipelines, and largely enhance the cross-modal performance
and zero-shot ability. Our contributions are as follows:

1Making two cameras as close as possible, thus considering they share
a common camera pose.

• We are the first to develop a unified matching framework
MINIMA for any cross-view and cross-modality image
pairs, and achieve amazing performance enhancement.

• We introduce a simple yet effective data engine to freely
build a high-quality multi-modal dataset for image match-
ing. Based on this, we construct a comprehensive dataset
MD-syn with large scene coverages and precise labeling,
which fills the data gap for the matching community.

• We conduct extensive experiments on in-domain and
zero-shot matching tasks with synthetic and real datasets,
which demonstrate the high quality of our MD-syn and
the promising generalization of our MINIMA.

2. Related Work

2.1. RGB-only Image Matching

Image matching is a fundamental problem in computer vi-
sion, which has aroused numerous matching methods over
the past decades. Conventional pipelines start with hand-
crafted designs of keypoints detection, description then
matching, which are recently updated with deep learn-
ing [8, 28, 32, 35]. These detector-based methods can estab-
lish keypoint matches with high efficiency but often strug-
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Figure 2. Qualitative Results on Real Cross-modal Image Pairs. Our methods MINIMALG (sparse) and MINIMARoMa (dense) are
compared with the sparse matching pipeline ReDFeat [6] and OmniGlue [19], and semi-dense matcher XoFTR [38]. ReDFeat and XoFTR
are cross-modal methods, and OmniGlue is known for its generalization ability. Matches generated by each method are drawn, where the
red lines indicate epipolar error (pose) or projection error (homography) beyond 5× 10−4 or 3 pixels. Details are recorded in the top-left
of each image pair, including the geometric errors created by default RANSAC estimation and the (# correct match / # match).

camera calibration to produce approximate poses [38, 46].
These limited datasets can not support the training of a gen-
eral matching method well due to the imbalances among
them, which make the models easily dominated by simple
datasets. In addition, to enlarge the data scale, researchers
often generate pseudo transformations from aligned image
pairs [5, 51]. However, this approach is still limited by
the original data, where the stimulated deformations are not
consistent with practical viewpoint changes. That is why
existing works show poor generalization.

In this paper, we try to develop a unified matching frame-
work for multiple cross-modal cases, by filling the data
gap with an effective data engine. This engine helps us to
freely scale up cheap RGB images to a large multimodal
dataset with rich scenarios and accurate labels. The intro-
duced dataset can well support the training of any matching
pipelines, and largely enhance the cross-modal performance
and zero-shot ability. Our contributions are as follows:
• We are the first to develop a unified matching framework

MINIMA for any cross-view and cross-modality image
pairs, and achieve amazing performance enhancement.

Making two cameras as close as possible, thus considering they share
a common camera pose.

• We introduce a simple yet effective data engine to freely
build a high-quality multimodal dataset for image match-
ing. Based on this, we construct MD-syn, a comprehen-
sive dataset with large scene coverages and precise label-
ing, which fills the data gap for the matching community.

• We conduct extensive experiments on in-domain and
zero-shot matching tasks including 19 cross-modal cases,
which demonstrate the high quality of our MD-syn and
the promising generalization of our MINIMA.

2. Related Work

2.1. RGB-Only Image Matching

Image matching is a fundamental problem in computer vi-
sion, which has aroused numerous matching methods over
the past decades. Conventional pipelines start with hand-
crafted designs of keypoints detection, description then
matching, which are recently updated with deep learn-
ing [7, 26, 30, 32]. These detector-based methods can estab-
lish keypoint matches with high efficiency but often strug-
gle in textureless regions. Recently, detector-free meth-
ods [37, 41] have been introduced to produce semi-dense
or dense [8, 9] pixel matches, and achieve dominant perfor-
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Table 1. Overview of Representative Datasets. It contains RGB-
only and multimodal matching datasets, and our proposed MD-
syn. The number (#) of Pairs, Scene (Type: Indoor or Outdoor),
Modality type, and the forms of Match Label are summarized.

Dataset #Pairs # Scene (Type) #Modality Match Label

RGB Matching

MegaDepth [24] 40M 196 (Out.) 1 Depth, Pose
ScanNet [4] 230M 1513 (In.) 1 Depth, Pose

Multimodal Matching

METU-VisTIR [38] 2.5K 6 (Out.) 2 Pose
M3FD [27] 4.2K 15 (Out.) 2 Pre-aligned
LLVIP [18] 15K 26 (Out.) 2 Pre-aligned
DIODE [46] 25K 20 (In. & Out.) 3 Pre-aligned

NYU-Depth V2[36] 408k 464 (In.) 2 Pre-aligned
DVS128[2] 1.3k 122 (In.) 2 Pre-aligned

MD-syn (ours) 480M 196 (Out.) 7 Depth, Pose

mance on RGB image matching in terms of match number
and downstream applications. Since these methods regard
each pixel as matchable points within the coarse and fine
matching stages, they commonly produce a huge compu-
tational burden. Driven by sufficient datasets, those deep
methods enjoy great success in building more accurate point
matches. Supported by our data engine, those advanced
matching pipelines can be easily fine-tuned to multimodal
cases with large enhancements.

2.2. Multimodal Image Matching
Image matching for multi-modalities is more challenging,
due to the domain gap between two images. It often shows
variations in pixel intensity distributions, making it diffi-
cult to search for matchable cues. Existing studies still rely
on handcrafted designs [16, 21, 48, 49], focusing on ex-
tracting matchable information such as shape, gradient, or
phase. However, these low-level features are not consis-
tently effective and are time-consuming to extract. Data-
driven methods exhibit powerful abilities to extract match-
able features for multimodal images. They commonly uti-
lize off-the-shelf matching pipelines [6, 29, 38] as the back-
bone, then adapt them to the target modalities with specific
designs. For example, ReDFeat [6] recoupled independent
constraints of detection and description of multimodal fea-
ture learning with a mutual weighting strategy. It performs
for three cross-modality cases, but is merely trained and
tested on each dataset separately. Recently, XoFTR [38]
utilizes a two-stage training approach for RGB-IR image
matching. It achieves large enhancement on RGB-IR im-
age matching, by using abundant training data and a tailored
matching rule. In this paper, we contribute to filling the data
gap of the general image matching. We demonstrate that our
MINIMA can outperform modality-specific approaches and
show superior performance in zero-shot tasks, solely rely-
ing on high-quality synthetic training data.

2.3. Existing Datasets

It is necessary to analyze the data gap between RGB-only
image matching and the cross-modal cases. Specifically,
multi-viewed RGB images of the same target/scene are ex-
tremely cheap and easy to collect, such as directly collecting
from the internet [24] or capturing video frames [35]. Open-
source tools like COLMAP [33, 34] are widely used to gen-
erate precise matching labels, such as depths and camera
poses. These good datasets give birth to advanced models
for RGB image matching [26, 30, 32]. However, captur-
ing a large number of multimodal images of the same scene
is laborsome, since some imaging devices should be gath-
ered for shooting together. This limits the scale of avail-
able image pairs. Moreover, the matching labels cannot be
directly obtained by tools, which are often labeled man-
ually [18, 20, 27], or approximated from camera calibra-
tions [38, 46]. We conclude representative public datasets
in Tab. 1. It shows that these multimodal datasets exhibit
significant variability from each other, and are all limited by
the scale and scene coverage. This impedes us from training
a unified matching model for multiple cross-modal cases.

Recently, data scale-up has shown great success in gen-
eral vision tasks [46, 47]. They typically enlarge the train-
ing set by generating pseudo labels from huge wild RGB
images. In contrast, our challenges lie in getting numer-
ous paired images of different modalities and rich scenarios.
For such purposes, we propose a data engine to generate
multiple pseudo modalities from cheap RGB image pairs.
On this basis, we can generate a high-quality dataset for
cross-view and cross-modality image matching, that may
fill the data gap for the universal matching community and
will encourage more excellent matching techniques.

3. Cross-Modal Generation with Data Engine

In this paper, we contribute to exploring a unified image
matching framework for all possible image modalities by
generating a large multimodal matching dataset. To achieve
this, several key challenges we will face:

- How to obtain a large scale of image pairs with viewpoint
and modality changes, and ensure the rich diversity.

- How to freely generate dense labels of matching for those
image pairs, such as depths and camera poses.

- How to ensure the balance of different modalities in terms
of scale and scene coverage.

Next, we will introduce a data engine to alleviate these con-
cerns. It mainly benefits from the powerful ability of re-
cent generative methods [14, 15]. The proposed engine can
freely produce various pseudo modalities from real RGB
image pairs, whose matching labels and scene diversity
would be well inherited by the generated data.
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Figure 3. Overview of the Proposed MINIMA Pipeline: Trained Once to Achieve Any Cross-modal Matching Tasks. Wherein the
Data Engine is to generate a large multimodal matching dataset, supporting the training of matching models to obtain cross-modal ability.

3.1. Advantages of Cross-Modal Generation

The ideal strategy is to capture real images of multiple
modalities in the wild. But obviously, it is impractical to
arrange multiple imaging systems together. Additionally,
it is more troublesome to obtain dense labels for raw im-
age pairs, such as depth and pose information. Another
common strategy [5, 6, 51] involves augmenting existing
aligned image pairs by randomly generating homography
matrices to simulate geometric distortions. However, this is
still limited by the small scale of the used dataset in diver-
sity. The synthetic deformations are not consistent with real
viewpoint changes, resulting in weak generalization of the
trained model; i.e., it can only work for the test set separated
from the same dataset as the training set [6, 51].

To this end, we try to generate pseudo modalities to ob-
tain a large-scale multimodal dataset, which may help to
train a unified matching model for multiple cross-modal
cases. Cross-modal generation from multi-viewed RGB im-
ages has distinct advantages. a) Cheap: Those RGB images
are easy to collect, such as capturing from the internet [24]
or video frames [35]. This allows us to avoid capturing raw
multimodal images in the wild. b) Flexible: We can ob-
tain any pseudo modality we want by only giving some real
image pairs as guidance. With cheap RGB images, we can
freely define the scale and scene of the target modality to
generate. This helps us to obtain sufficient multimodal im-
age pairs and ensure the balance of scale and scene diversity
among different modalities, preventing model bias toward
specific modalities. c) High-quality: First, the generated
images have the same resolution as RGB, breaking the lim-
its of real sensors such as infrared or depth. Second, the
matching labels of RGB images can be easily obtained by
open-source tools [33, 34]. Those accurate and dense labels
can be directly inherited by the generated data.

3.2. Scaling Up from MegaDepth

There are many RGB image matching benchmarks, rep-
resented by MegaDepth (outdoor) [24] and ScanNet (in-
door) [4]. These datasets contain millions of image pairs
with depth and pose information, which are widely used
and have facilitated the development of advanced matching
pipelines [8, 9, 26, 41]. Here we choose MegaDepth [24] as
the basic dataset because: i) Multimodal perception tasks
are typically performed outdoors, and also, the correspond-
ing datasets [20] are from outdoor scenes. ii) MegaDepth
demonstrates strong generalization capabilities due to its
rich scene coverage and accurate labeling, making it a
popular choice for training the models of existing meth-
ods [8, 9, 41] to test their generalization. iii) The synthetic
MegaDepth makes it convenient to fine-tune those advanced
matching methods. Obviously, we can also generate from
videos as GIM [35]. However, GIM uses several times the
scale of images but merely achieves slight gains in outdoor
performance. Considering the high computational cost of
generative models, using long videos is not economical.

3.3. Details of Our Data Engine

We subsequently introduce how to use our data engine to
generate different modalities from the public MegaDepth
dataset. Here we consider the target modalities as com-
monly used Infrared, Depth, Event, Normal, and two Artis-
tic Styles. Each modality is combined with RGB to con-
struct a cross-modal pair. Actually, we can combine any
two of these modalities to form a matching pair if needed,
and any other new modalities we want can also be added.

As depicted in Fig. 3, our data engine consists of three
parts: Source Data, Guidance Data, and Generative Mod-
els. The source data is multi-viewed RGB images that we
want to scale up, i.e., MegaDepth. The guidance data is real
image pairs of our target cross-modality, mainly for fine-
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tuning the generative models. Here, we use publicly aligned
data introduced in Tab. 1. As for generative models, we first
leverage existing models to directly obtain corresponding
modalities for convenience, since recent generative methods
have achieved great success in image style transfer [14, 43]
and depth or normal generation [3, 47]. As for other modal-
ities, such as infrared, we use the guidance data to fine-tune
advanced generative models [14]. Details are as follows:
Infrared: Transferring RGB to infrared is challenging due
to the significant variations in their imaging systems, mak-
ing existing works hard to produce satisfying results [18].
To this end, we turn to a diffusion-based model for help.
We use StyleBooth [14] as the basis due to its remarkable
performance in style transfer. StyleBooth was originally
used to generate artistic styles controlled by an image or
text description. In our study, we fine-tuned it using aligned
RGB-IR image pairs from the LLVIP [18] and M3FD [27]
datasets. We then implement the style tuner with LoRA [17]
of rank 256 and standardize the resolution as 1024× 1024
for both input and output. We fine-tune it on a single GPU
for 210k steps with a fixed lr = 1× 10−4 and batch size 2.
Depth: We directly use DepthAnything V2 [47] of the of-
ficial model (the large one) to generate high-quality depth
images, due to the outstanding performance of monocular
depth estimation and the zero-shot ability.
Event: The imaging principle of an event camera is sim-
ple, which has independent pixels that respond to bright-
ness changes in their log photocurrent L .

= log(I). Specif-
ically, an event ek

.
= (xk, tk, pk) is triggered at pixel

xk
.
= (xk, yk)

⊤ and at time tk as soon as the brightness
increment reaches a temporal contrast threshold ±C, i.e.,

△L(xk, tk)
.
= L(xk, tk)− L(xk, tk −△tk), (1)

with △L(xk, tk) = pkC, where C > 0, △tk is the time
elapsed since the last event at the same pixel, and the polar-
ity pk is the sign of the brightness change [11, 25]. In our
study, we randomly set C ∈ [0.05, 0.5], pk = ±1 as sug-
gested in [13] to simulate varied sensors and give a random
slight motion to compute the event responses.
Normal: The surface normal images are directly generated
with DSINE [3], an advanced approach that utilizes the per-
pixel ray direction and recasts surface normal estimation as
relative rotation estimation between pixels.
Artistic: Our artistic styles include oil paint and sketch,
which are implemented with open-source models, i.e., Paint
Transformer [28] and Anime2Sketch [43], respectively.
Each of them is selected for the stylistic specialization.

With the above settings, we can obtain our data engine
{Fθi}Ki=1 corresponding to above K = 6 models. On this
basis, and for a pair of RGB images {A0, B0}, we will
create two image sets A = {Ai}Ki=1, B = {Bi}Ki=1 of

To meet the resolution, we upscale the longer side of each image to
1024 pixels, then the short side is padded with zero.

K modality types. Since our source data MegaDepth [24]
contains 40M image pairs for image matching, we will
create over 480M cross-modal image pairs in total, with
{A0, Bi}Ki=1 or {Ai, B0}Ki=1. We term the new dataset as
MD-syn. Notably, we can also create any modality pair,
such as Infrared-Event, if needed. The training and testing
sets are split similarly to the original MegaDepth.

4. Modality Invariant Image Matching Model
After constructing MD-syn, the training of our Modality In-
variant Image MAtching (MINIMA) is easy and clear. As
shown in Fig. 3, it consists of the following two stages:
• Stage 1: Pre-train advanced matching models on multi-

view RGB data until they are converged.
• Stage 2: Fine-tune on randomly selected cross-modal im-

age pairs with a small learning rate.
We adopt a pre-training and then fine-tuning strategy for

the following reasons. First, training from scratch on MD-
syn is challenging due to the high variance among different
modalities. This requires extensive iterations for conver-
gence. By contrast, training on the RGB dataset is easy. The
pre-trained models can provide good matching priors for the
multimodal matching task, making it converge rapidly (ver-
ified in our supplementary). In addition, the training on the
RGB dataset is well studied [9, 26, 41], whose officially
trained models can directly support our fine-tuning.

Since MegaDepth has given birth to numerous match-
ing methods with the taxonomy of sparse, semi-dense,
and dense matching, we use three representative models
from them as our basic models, i.e., LightGlue (LG) [26],
LoFTR [37], and RoMa [9]. We will fine-tune them
and release our three models, termed as MINIMALG,
MINIMALoFTR, and MINIMARoMa. Those models will be
evaluated with in-domain and zero-shot matching on syn-
thetic and real cross-modal datasets.

5. Experiments
5.1. Implementation Details
We directly use the official models of LightGlue [26],
LoFTR [37] and RoMa [9] as the pre-trained models, and
then fine-tune them with our MD-syn. All the models are
trained on 4 RTX 3090 GPUs, with batch sizes being 32, 8,
and 12, respectively. Based on the pre-trained models, we
first individually fine-tune for each modality. The unified
model is fine-tuned on randomly selected modality pairs
in each iteration, which is used for the generalization abil-
ity test. Notably, we only use RGB-IR, RGB-Depth, RGB-
Normal modality pairs for training, which is sufficient to
achieve satisfying performance.
Datasets. The used datasets include our synthetic MD-
syn and 5 multimodal datasets of real images, which con-
tain 19 cross-modal cases in total. In particular, 1) MD-
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Table 2. Full Results on Our Synthetic Dataset. The AUC of the pose error in percentage is reported. The best and second of each
category are masked as Bold and Underline, respectively.

Category Method
RGB-IR RGB-Depth RGB-Normal RGB-Event RGB-Sketch RGB-Paint

@5◦ @10◦ @20◦ @5◦ @10◦ @20◦ @5◦ @10◦ @20◦ @5◦ @10◦ @20◦ @5◦ @10◦ @20◦ @5◦ @10◦ @20◦

Sparse

SuperGlue [32] 7.49 17.51 33.54 3.06 6.94 13.70 11.53 24.42 41.85 10.38 23.48 41.63 21.52 37.99 56.17 11.35 24.15 42.51
LightGlue (LG) [26] 7.64 17.73 32.86 1.19 2.87 6.42 12.32 24.93 41.86 10.11 22.40 39.33 26.77 44.47 62.00 13.93 27.99 46.16
ReDFeat [6] 2.75 8.56 20.90 2.20 6.36 15.25 2.56 7.25 17.79 0.00 0.00 0.00 5.26 13.91 29.01 2.73 7.32 17.83
GIMLG [35] 8.40 18.88 33.20 0.00 0.00 0.12 12.03 23.93 38.53 6.75 14.19 23.81 28.80 46.82 63.94 13.18 26.84 43.45
MINIMALG 14.74 30.24 49.22 16.19 32.53 51.76 20.47 37.33 56.17 19.00 36.27 54.97 27.51 45.71 63.77 16.39 32.85 51.65

Semi-Dense

LoFTR [37] 5.44 12.58 24.28 0.13 0.44 1.88 5.72 12.07 23.14 4.90 12.43 26.45 37.81 54.82 69.52 5.93 12.22 22.19
XoFTR [38] 17.85 32.21 49.53 12.82 23.10 36.02 22.74 38.35 54.71 33.33 51.61 67.49 44.18 61.39 75.07 3.73 7.54 14.48
ELoFTR [41] 6.73 14.59 27.36 0.25 0.79 3.32 11.20 21.67 36.86 9.25 20.39 37.56 43.86 61.09 74.84 14.09 25.11 39.44
GIMLoFTR [35] 2.60 6.79 15.50 0.00 0.04 0.27 0.35 1.06 4.01 0.44 1.43 5.28 17.30 31.82 48.79 4.84 10.64 21.82
MINIMALoFTR 18.07 32.36 48.42 14.70 28.81 46.23 27.65 44.26 59.88 18.14 32.74 49.11 36.07 53.54 68.47 7.79 15.45 27.39

Dense

DKM [8] 15.68 29.46 46.11 0.10 0.38 1.92 23.23 39.28 55.22 10.18 18.14 27.78 56.91 72.25 83.31 29.64 44.73 58.57
GIMDKM [35] 11.23 22.72 37.93 1.42 4.07 10.86 14.09 25.81 40.55 22.86 38.30 53.58 50.89 67.12 79.02 28.22 43.49 58.06
RoMa [9] 20.27 35.99 54.02 10.21 22.75 39.43 40.99 59.48 74.19 40.86 58.87 73.35 58.49 73.90 84.80 41.30 58.36 72.70
MINIMARoMa 24.33 40.94 58.33 29.56 48.58 65.87 47.10 64.48 77.90 43.83 61.48 75.21 59.17 74.30 84.86 40.09 57.21 71.96

Table 3. Evaluation on Real RGB-IR Dataset (METU-VisTIR)
[38] with Pose Estimation. The AUC of the pose error in percent-
age is reported. The average runtime is listed in the last column.

Category Method
Pose estimation AUC

Time
@5◦ @10◦ @20◦ (ms)

Sparse

RIFT [21](TIP 19) 0.05 0.27 0.90 13k
SRIT [23](ISPRS 23) 0.00 0.08 0.37 1.9k
LNIFT [22](TGRS 22) 0.02 0.09 0.43 1.2k
SuperGlue [32](CVPR 20) 4.30 9.26 17.21 86.1
ReDFeat [6](TIP 23) 1.71 4.57 10.85 235.8
LightGlue (LG) [26](ICCV 23) 2.17 5.37 11.21 57.7
GIMLG [35](ICLR 24) 2.43 5.85 10.58 42.9
OmniGlue [19](CVPR 24) 1.48 4.13 10.11 3k
MINIMALG 19.14 37.17 55.51 58.6

Semi-Dense

LoFTR [37](CVPR 21) 2.88 6.94 14.95 61.6
GIMLoFTR [35](ICLR 24) 0.43 1.06 2.99 69.5
ELoFTR [41](CVPR 24) 2.88 7.88 17.72 46.6
XoFTR [38](CVPR 24) 18.47 34.64 51.50 62.7
MINIMALoFTR 15.61 30.84 47.87 71.6

Dense

DKM [8](CVPR 23) 6.76 13.69 22.53 485.3
GIMDKM [35](ICLR 24) 5.08 12.30 23.69 792.2
RoMa [9](CVPR 24) 25.61 48.12 68.37 639.1
MINIMARoMa 37.45 60.70 78.00 633.3

syn splits two scenes for test, which consist of 1500 image
pairs for each cross-modal case following the setting of the
original Megadepth. It contains 6 cross-modal cases: 3 of
them (RGB-IR/-Depth/-Normal) are used for the in-domain
test, while the rest are for zero-shot evaluation. 2) METU-
VisTIR [38] is a real RGB-IR dataset containing 2590 real
image pairs with camera poses attached. 3) DIODE [39] is
a real RGB-Depth/Normal dataset, containing 27858 fully
aligned image pairs. 4) DSEC [40] provides 60 sequences
of RGB-Event videos. Three sequences are selected as our
test set, which generates 100 RGB-Event pairs for testing.

We rectify the frames following the instructions of the au-
thors to obtain aligned image pairs. To test the general-
ization in 5) Remote Sensing and 6) Medical domains, we
use MMIM datasets [20] for evaluation, where the ground
truths are manually labeled matches for homography esti-
mation. The Remote Sensing domain consists of 7 cross-
modal cases such as Optical-SAR, Optical-Map, Optical-
Depth, etc. The Medical domain consists of 6 cross-modal
cases such as Retina, MRI-PET, CT-SPECT, etc.

Evaluation Protocols. The used datasets exhibit different
labels for matching, such as camera poses and 2-D homog-
raphy matrices. For two-view datasets, such as our MD-
syn and METU-VisTIR, the recovered poses by matches
are evaluated to measure the matching accuracy. We report
the area under the curve (AUC) of the pose error at thresh-
olds {5◦, 10◦, 20◦}. As for homography, similar to [37], we
collect the mean projection error of four corner points and
report the AUC under thresholds {3px,5px,10px} for eval-
uation. Notably, for those aligned image pairs, we impose
synthetic homography matrices on one image to imitate de-
formations, which are finished before evaluation to maintain
fairness. Then, we try to recover the homography matrix.
And we uniformly resize all images with their long dimen-
sion equal to 640. All the experiments are performed on a
single RTX 3090 GPU for accuracy and runtime tests. For
all baselines, we employ the same RANSAC [10] settings as
a robust homography or pose estimator for fair comparison.

Baselines. Following [41], we select representative meth-
ods from the matching pipelines of sparse, semi-dense,
and dense matching. 1) For sparse keypoint detection
and matching methods, we choose SuperGlue [32], Light-
Glue (LG) [26], OmniGlue [19], and LG-based GIM [35]
for comparison. All of them (including our MINIMALG)
use SuperPoint as the keypoint detector (the maximum
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Table 4. Evaluation on Real RGB-Depth Dataset (DIODE) [39]
with Homography Estimation. The AUC of the projective error
in percentage is reported.

Category Method
Homo. estimation AUC

@3px @5px @10px

Sparse

SuperGlue [32](CVPR 20) 1.77 6.83 21.15
ReDFeat [6](TIP 23) 1.01 4.58 16.30
LightGlue (LG) [26](ICCV 23) 0.79 3.30 11.26
GIMLG [35](ICLR 24) 0.30 1.14 3.65
MINIMALG 8.71 26.80 55.97

Semi-Dense

LoFTR [37](CVPR 21) 0.97 4.20 15.16
GIMLoFTR [35](ICLR 24) 0.00 0.25 1.15
ELoFTR [41](CVPR 24) 0.82 4.09 16.69
XoFTR [38](CVPR 24) 11.03 27.24 51.60
MINIMALoFTR 5.35 18.65 44.85

Dense

DKM [8](CVPR 23) 1.29 4.23 11.78
GIMDKM [35](ICLR 24) 1.90 6.34 17.96
RoMa [9](CVPR 24) 9.21 24.64 49.31
MINIMARoMa 28.98 50.88 72.54

number of extracted keypoints is set as 2048). We also
take ReDFeat [6] into account as it is a deep method
designed for multimodal image matching. In addition,
three handcrafted multimodal matching methods, includ-
ing RIFT [21], SRIT [23], LNIFT [22], are also used.
However, we only test them (including OmniGlue) on
the real RGB-IR dataset due to their poor accuracy and
huge time costs. 2) Semi-dense matching methods include
LoFTR [37], ELoFTR [41], XoFTR [38], and GIMLoFTR,
where XoFTR is tailored for RGB-IR image matching. 3)
As for dense matching, DKM [8], GIMDKM [35] and recent
SOTA matcher RoMa [9] are used for comparison.

5.2. Evaluate on Our MD-syn
We first test the matching methods on MD-syn, a multi-
modal image matching dataset synthesized by our data en-
gine. Tab. 2 reports the qualitative results. It shows that our
MINIMA can largely enhance the cross-modal ability of the
baselines. However, we achieve weak advantages for RGB-
Sketch and RGB-Paint since these two artistic modalities
are more similar to RGB. As the table revealed, GIM shows
poor generalization for multimodal cases, since it is over-
fitted on RGB videos. ReDFeat performs not well on new
scenes and even fails in the event case. As for the LoFTR se-
ries, the original LoFTR and ELoFTR are worse than Super-
Glue and LG. Because edge or shape information is more
crucial for multimodal image matching, it is difficult for
semi-dense methods to build matches among textureless ar-
eas. XoFTR achieves competitive results, as it is pre-trained
on sufficient multi-spectral image pairs and equipped with
many advanced designs. As for dense matching, DKM and
GIMDKM perform poorly on four cross-modal cases due to
the huge modality gaps among them. The original RoMa

exhibits good generalization, mainly because of the use of
DINOv2 [31] that has seen numerous types of images dur-
ing pre-training. Our MINIMA still obtains significant en-
hancement over RoMa.

5.3. In Domain Image Matching
We next conduct in-domain tests, i.e., training on synthetic
data but testing on real data of the same modality. Two real
datasets are used, including RGB-IR (METU-VisTIR [38])
for pose estimation and RGB-Depth (DIODE [39]) for ho-
mography estimation. The results are in Tab. 3 and Tab. 4.

For the RGB-IR test, our MINIMALG enhances sparse
matching, with AUC increasing over 400%. Mostly, it
even beats the SOTA semi-dense method XoFTR. As for
semi-dense matching, XoFTR achieves the best perfor-
mance. This is attributed to its pre-training on sufficient
multi-spectral image pairs, the use of an effective data aug-
mentation strategy, and specific designs incorporated in
both the training and matching stages. In dense matching,
our MINIMA combined with RoMa outperforms all other
pipelines consistently with large margins. The runtime of
each method is also listed. The results show that sparse and
semi-dense methods (except for handcrafted methods, ReD-
Feat, and OmniGlue) are often more efficient due to their
fewer points to match. ELoFTR is faster than the sparse
methods due to its efficient designs. This trend is consistent
with existing works [9, 41].

The same trends are obtained in the RGB-Depth match-
ing as in Tab. 4. To be specific, our semi-dense method
is worse than XoFTR. That is because depth data is more
challenging, and our MINIMA is based on LoFTR, a rep-
resentative but old model without any fancy designs. But
we largely enhance the original LoFTR from 4.2 to 18.65
@5px. The overall performance on all real cross-modal data
is concluded in Fig. 1, which reveals the promising gener-
alization of our MINIMA.

5.4. Zero-shot Matching for Unseen Modality
We next extend to zero-shot matching. 1) Medical tasks
consist of 6 modality pairs such as Retina, CT-SPECT,
etc. 2) Remote Sensing tasks consist of 7 cases such as
Optical-SAR, Optical-Map, etc. 3) RGB-Event case is from
DSEC [40]. 1) and 2) are both from MMIM [20] datasets.

The quantitative results are outlined in Tab. 5. For med-
ical scenes, almost all the methods have close accuracy
since the datasets are either too easy or too difficult. But
our MINIMALG still exhibits a few advantages. As for re-
mote sensing cases, our MINIMA achieves large gains for
sparse and dense matching. While the semi-dense matcher
MINIMALoFTR falls behind XoFTR for the same reason.
As for the RGB-Event matching, the task is extremely chal-
lenging due to the large modality gap. Despite this, our pro-
posed MINIMA performs good capacity for matching them.
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Table 5. Zero-shot Matching on Real Dataset with Homography Estimation. The AUC of the corner error in percentage is reported.
The best and second of each category are masked as Bold and Underline, respectively.

Category Method
Medical Remote Sensing RGB-Event

@3px @5px @10px @3px @5px @10px @3px @5px @10px

Sparse

SuperGlue [32] 30.72 36.18 44.66 18.34 27.47 45.59 0.00 0.67 8.00
LightGlue (LG) [26] 35.47 42.37 49.48 16.22 27.51 44.62 0.00 0.67 7.02
ReDFeat [6] 38.55 44.26 50.93 15.99 23.95 43.72 0.55 0.97 6.07
GIMLG [35] 24.32 27.88 33.84 11.09 17.44 27.18 0.57 1.08 5.54
MINIMALG 37.95 44.08 52.50 23.53 38.40 58.74 0.52 2.27 12.82

Semi-Dense

LoFTR [37] 38.42 43.89 50.13 24.13 33.80 50.79 0.00 0.00 3.59
XoFTR [38] 39.67 45.60 52.32 27.35 39.58 56.63 0.00 1.37 12.64
ELoFTR [41] 34.57 41.66 49.08 16.45 29.65 46.74 0.64 1.34 7.78
GIMLoFTR [35] 39.51 44.40 48.94 17.96 27.41 37.29 0.00 0.55 1.19
MINIMALoFTR 39.67 45.33 52.77 23.32 35.18 56.81 0.81 2.49 11.75

Dense

DKM [8] 39.43 45.00 51.78 26.44 35.82 51.20 0.00 0.00 0.00
GIMDKM [35] 37.78 43.46 48.87 21.19 30.28 47.68 0.00 0.66 7.04
RoMa [9] 39.62 45.13 53.75 29.24 40.50 57.84 0.85 1.69 10.71
MINIMARoMa 39.17 45.92 57.55 32.55 44.68 64.38 0.54 3.51 17.07

Table 6. Ablation Studies. Test on Synthetic RGB-IR, Real RGB-
IR, and Real RGB-Depth data, with different training settings.

Training Strategy Syn RGB-IR Rel RGB-IR Rel RGB-D
AUC@10◦ AUC@10◦ AUC@10px

Basic Model: LoFTR (LT) [37] 12.58 6.94 15.16

(1) Train from scratch on syn IR 23.63 21.41 30.04
(2) LT + real IR 6.28 9.78 32.93
(3) LT + syn IR 29.43 29.55 39.23
(4) LT + syn Depth 17.30 15.12 36.06
(5) LT + syn IR/Depth/Normal 32.36 30.84 44.85

Some qualitative results are shown in Fig. 2, which demon-
strate that our MINIMA can establish a high number and
ratio of correct matches for real cross-modal image pairs.

5.5. Ablation Studies

In this part, we conduct ablation studies to analyze the su-
periority of our MINIMA. The results on synthetic RGB-
IR, real RGB-IR, and real RGB-Depth data are reported
in Tab. 6. We use LoFTR (LT) as the basic model, which
serves as the pre-trained model for (2)-(5). (1) Directly train
LT on synthetic RGB-IR from scratch. (2) Fine-tune LT on
real RGB-IR datasets (LLVIP and M3FD). (3) Fine-tune LT
only with our synthetic RGB-IR. (4) Fine-tune LT only with
our synthetic RGB-Depth. (5) Fine-tune LT on mixed data
of our synthetic RGB-IR, RGB-Depth, and RGB-Normal.
The results of (1) and (3) reveal that training from scratch is
worse than fine-tuning. (2) and (3) demonstrate the advan-
tages of our synthetic data against real datasets. (4) reveals
that only fine-tuning on synthetic RGB-Depth can well gen-
eralize to other cross-modal cases, even better than test (2)
on real RGB-IR data. (5) and (3) reveal that different syn-
thetic data can cooperate for better performance. Our full
model can largely enhance the generalization ability.

5.6. Discussion on Possible Limitations

Our objective is to generate pseudo modalities to form a
large multimodal dataset, which would produce two possi-
ble limitations: i) The gap between real and pseudo modal-
ity. ii) The fake information during generation. Fortunately,
these two possible limitations have little impact on our task.
First, multimodal images intrinsically vary in pixel intensity
distributions [44]. This property is well exhibited in our
generated modalities (see the suppl.), which plays an im-
portant role in training a general matching model. Existing
diffusion-based methods [14, 15] can generate high-quality
images of the target modality, making the pseudo modal-
ity much closer to the real. Extensive experiments verify
the high quality of our generated data. As for the generated
fake information, it can well imitate the multimodal cases,
e.g. the target is visible in infrared but not in RGB, which
may help to enhance the robustness of the trained model.

6. Conclusion

This paper presents a unified matching framework, named
MINIMA, for any cross-modal cases. It is achieved by fill-
ing the data gap using an effective data engine that freely
scales up cheap RGB data into a large multimodal one. The
constructed MD-syn dataset contains rich scenarios and pre-
cise match labels, and supports the training of any advanced
matching models, significantly improving cross-modal per-
formance and zero-shot ability in unseen cross-modal cases.
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