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Abstract. Dense feature matching aims to estimate all correspondences
between two images of a 3D scene and has recently been established as
the gold standard due to its high accuracy and robustness. However,
existing dense matchers still fail or perform poorly for many hard real-
world scenarios, and high-precision models are often slow, limiting their
applicability. In this paper, we attack these weaknesses on a wide front
through a series of systematic improvements that together yield a sig-
nificantly better model. In particular, we construct a novel matching
architecture and loss, which, combined with a curated diverse training
distribution, enables our model to solve many complex matching tasks.
We further make training faster through a decoupled two-stage matching-
then-refinement pipeline, and at the same time, significantly reduce re-
finement memory usage through a custom CUDA kernel. Finally, we
leverage the recent DINOv3 foundation model along with multiple other
insights to make the model more robust and unbiased. In our extensive
set of experiments, we show that the resulting novel matcher sets a new
state-of-the-art, being significantly more accurate than its predecessorsE
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1 Introduction

Dense matching is the task of matching every pixel of image I4 € R¥ Axwhxs
with image IP € RE”XW®X3 in terms of a warp WA=EB ¢ RH*xW"x2 4nq
a confidence mask pA~8 € [0, 1]HAXWAX1. In dense feature matching, the as-
sumption is that the pixels in both images are observations of 3D points from
the same scene. In this case, for a perfect matcher, the confidence pA~% is 1
for pixels corresponding to a 3D point in the scene that is observable from both
views, i.e., that are co-visible, and 0 for occluded pixels.

Feature matching is a fundamental task in Computer Vision, as many down-
stream tasks, e.g., visual localization [31}37,/46] and 3D reconstruction [19}/20}
26),139}|42], rely on precise and trustworthy correspondences in order to func-
tion robustly. Traditionally, these methods relied on sparse matches established

* Code is available publicly at |https://github.com/Parskatt/RoMaV2,
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purely through descriptor similarity. In the last couple of years, these detector-
descriptor methods have been gradually replaced by learning-based matchers
that consider pairs of images when establishing the correspondences, allowing
the networks to not only consider visual similarity but also the spatial context.

ScanNet1500 FlyingThings3D

MegaDepth1500 AerialMegaDepth

MapFree
—— RoMav2 —— RoMa —— UFM

(a) Radar chart of perfor- (b) Qualitative results. Below each image pair we visualize the
mance on benchmarks. Fur- dense warp by coloring each pixel by the RGB value from its es-
ther details on these experiments timated corresponding location in the opposite image. Brighter
can be found in Section values mean lower warp confidence as output by the model.

Fig. 1: Quantitative and Qualitative results. RoMa v2 outperforms previous
dense matchers on a wide range of pose estimation and dense matching tasks, as shown
in Fig. We show a snapshot of results across different benchmarks in Fig.

This development in feature matching has been driven by the introduction
of several challenging benchmarks, such as MegaDepth-1500 , ScanNet-
1500 , WxBS and the recurring Image Matching Challenge at CVPR .
These benchmarks are currently dominated by detector-free methods, such as
dense feature matchers and feed-forward reconstruction models .

One notable dense matcher is RoMa , which has proven robust to extreme
photometric changes, including different modalities, due to using features from
a frozen foundation model for the matching instead of learning features from
scratch. However, RoMa still struggles in many challenging scenarios. For exam-
ple, the recent RUBIK benchmark highlights its weakness under extreme
viewpoint changes. Additionally, RoMa has a significant runtime and memory
footprint, limiting its applicability for large-scale tasks or resource-constrained
settings. Recently, UFM showed that dense matching can be made signifi-
cantly faster than in RoMa. However, UFM requires finetuning of the pretrained
feature extracting backbone, which leads to worse performance on datasets with
extreme appearance changes such as WxBS. Furthermore, UFM performs worse
than RoMa on benchmarks that require subpixel precision, such as MegaDepth-
1500 .

Motivated by the different trade-offs in RoMa and UFM, in this paper we
address the challenge of combining their respective strengths, i.e., developing a
dense feature matcher that is both robust to extreme changes in viewpoint and
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appearance, applicable to a wide range of real-world scenarios, all while main-
taining subpixel precision and a practical runtime and memory footprint. To this
end, we introduce RoMa v2, which builds on RoMa and features several improve-
ments to increase robustness while simultaneously reducing the computational
cost. RoMa v2 achieves state-of-the-art results on a wide range of benchmarks,
as seen in Figure Qualitative examples from the benchmarks are visualized
in Figure

In summary, our main contributions are:

1. A novel matching objective, combining warp and correlation-based losses,
which enables multi-view context to be learned in the coarse matcher of
RoMa, described in Section

2. Faster and less memory intensive refiners than in RoMa, described in Sec-
tion [3.3] and ablated in Table Rl

3. A custom mixture of wide- and small-baseline datasets in the training data,
that helps balance robustness to extreme viewpoints while maintaining sub-
pixel performance across a wide range of difficult matching tasks, detailed
in Section [3.41

4. Prediction of pixel-wise error covariance that can be used downstream in
refinement of estimated geometry, as demonstrated in Section 4.8

5. We experimentally verify that these improvements significantly reduce the
runtime compared to baseline RoMa, while matching or outperforming both
RoMa and UFM on their respective strong-points across a wide range of
benchmarks in Section 4l

2 Related Work

Feature Matching. Traditionally, feature matching has been dominated by
the sparse paradigm, where keypoints are first detected separately in each im-
age, and then matched by a sparse feature matcher. While early approaches
relied on similarity between local descriptors, the recent trend is instead to rely
on a learned matcher that jointly considers the keypoints and descriptors in each
image. Notable recent works in this area include SuperGlue [36], LightGlue [24]
and LoMa [29], which all use an attention-based approach for solving the optimal
assignment. Common among the sparse methods is the reliance on salient image
regions, where repeatable keypoints can be detected. In contrast, LoFTR [45|
takes a detector-free approach by matching through attention on learned fea-
tures, resulting in a semi-dense matching where even non-salient points can be
matched. In DKM [11], the matching is performed on a pyramid of feature maps,
enabling pixel-dense matches. In a follow-up work, RoMa [12]| further improves
on this method by using a frozen foundation model to encode the coarse match-
ing features, making it significantly more robust to extreme appearance changes.
Recently, UFM [56] was introduced as a more lightweight dense matcher, where
the training of wide-baseline dense matching is unified with the related task of
optical flow.
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Fig.2: Overview of RoMa v2. We estimate bidirectional dense image warps
W = {WA?E ¢ REXWX2 yyB=A ¢ RHXWX21 and warp confidences p = {p2~% ¢
REXWX1 nBA o RHXWXIY hetween two input images using a two-stage pipeline
consisting of a matching and refinement stage. Unlike recent SotA dense matchers, we
additionally predict a precision matrix X~ = {(271)A47 8 ¢ RE*Wx2x2 (5-1)B=4 ¢
RH*Wx2X21 'The coarse matcher is a Multi-view Transformer that takes in frozen
DINOv3 |41] foundation model features from image I# € R¥*W >3 and 17 € RF*Wx3,
Its internals are further illustrated in Figure[3] and explained in detail in Section
The refiners are fine-grained UNet-like CNN models that, conditioned on the previous
warp and confidence, produce displacements and delta confidences. Additionally, they
predict a full 2 x 2 precision matrix per pixel, which is visualized as ‘271‘_1/4. The
refiners are further illustrated in Figure [4| and explained in more detail in Section

Feed-forward Reconstruction. Recovering 3D structure and camera param-
eters from images, or Structure-from-Motion (SfM) [14], has traditionally relied
on sequential pipelines such as Bundler [42] and COLMAP 39|, where point
correspondences obtained through image matching play a central role. Recently,
learning-based SfM methods have emerged, and many now incorporate match-
ing within a feed-forward architecture. DUSt3R [51] and MASt3R [21] directly
regress point maps from image pairs; and VGGT [50] and MapAnything [18] ex-
tend this paradigm to longer sequences. While these models can produce coarse
correspondences, they struggle to yield accurate high-resolution dense matches.
While our architecture is loosely inspired by these approaches, we retain an
explicit dense matching formulation that provides subpixel-accurate correspon-
dences.

3 Method

In this section, we outline our proposed method. We begin by discussing our
two-stage matching-then-refinement architecture in Section [3.1] and proceed to
discuss its two parts in Sections and respectively. In Section [3.4] we
describe the training data used and in Section we explain the method used
to make RoMa v2 more robust to changes in image resolution.

3.1 Architecture

We take inspiration from previous works [12,/56] and divide the dense matching
task into a matching step and a refinement step. Intuitively, these two tasks entail
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first finding an approximate or coarse match for each pixel, and, conditioned on
this, refining the matching to sub-pixel accuracy. An overview of the architecture
is shown in Figure [2| and the respective components in Figure |3| and Figure

While some previous works, e.g. [11lf12], decouple gradients between matchers
and refiners but still train both jointly, we instead opt for a two-stage training
paradigm inspired by UFM [56]. This enables rapid experimentation. We next
go into detail on the matcher in Section followed by the refinement in Sec-
tion [3.3]

3.2 Matcher

..............................................
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Fig. 3: Coarse matcher. We use a frozen DINOv3 feature extractor in the coarse
matching stage. DINOv3 features from both input images are input to a Multi-view
Transformer utilizing alternating Attention. Dense Prediction Transformer (DPT) [32]
heads output coarse warps W between the images and confidences p for 4x downsam-
pled resolution.

An overview of the coarse matcher is shown in Figure [3] We upgrade the
DINOv2 [30] encoder used in RoMa to the newer DINOv3 [41]. Inspired by
RoMa [12]|, we compare the encoders (frozen) by training a single linear layer
on the features followed by a kernel nearest neighbor matcher. As is shown in
Table |1} we find that DINOv3 is more robust than its predecessor despite its
slightly larger patch size (16 vs. 14). This is also supported by Table As in
RoMa, but unlike UFM, we freeze the encoder weights.

While RoMa is robust and generalizes well, one of its main weaknesses is the
lack of multi-view context in the matcher, which relies solely on Gaussian Process
(GP) [33] regression combined with a single-view Transformer decoder to classify
warp bins. A naive approach would be to add a Multi-view Transformer to RoMa
before the GP, however, we found that in practice the gradients through the GP
were not sufficiently informative to yield improvements, and caused stability
issues during training.

To remedy this, we replace the Gaussian Process with a simple single-headed
Attention mechanism. Additionally, we add an auxiliary target, Lnrr, to mini-
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mize the negative log-likelihood of the best matching patch in image B for each
patch in image A. We first compute the similarity between all patches in image
A and image B to form a similarity matrix S € RM*N  where M and N are the
number of patches in image A and B respectively. The loss Lnry, is computed
by first applying Softmax over the second dimension of § and then selecting the
most similar pairs for all patches in A, i.e.

M
Ly = Y —log(Softmax(Sp)n-) (1)

m=1

where n* is the index of the patch closest to the GT warp for patch m. This
approach can be seen as a dense directional version of, e.g. LoOF TR [45]. However,
we still use a regression head, which is trained to minimize the robust regres-
sion loss between its predicted warp and the ground truth warp. The full coarse
matching pipeline independently tokenizes the input images using DINOv3 ViT-
L, and then applies a ViT-B Multi-view Transformer. Following VGGT [50|, we
alternate between frame-wise and global Attention. In contrast to VGGT [50],
we only use RoPE [44] for the frame-wise Attention. The final token embeddings,
Softmax(S)z?, where ¥ are position embeddings as in RoMa, and DINOv3 fea-
tures, are jointly processed by a Dense Prediction Transformer (DPT) [32] head
to predict the warp and confidence. Further details on the matcher architecture
are given in the supplementary material.

Matching Loss: We use the same overlap loss Loverlap, and weighting fac-
tor (A = 0.1), as in RoMa. However, we replace the classification-by-regression
term from the matching loss for the robust regression term Ly, used in the
refinement loss. Finally, we add our proposed Lnr1, and obtain:

Ematcher = £NLL + £warp (eratchcru PGT) + )\ﬁoverlap(pematchcra PGT)' (2)

In contrast to UFM, our matching objective incorporates the auxiliary target
LnLL- We compare these architectures in Table [2] by training on a subset of the
data using the training setup outlined below and evaluating on holdout scenes
from Hypersim [34]. We find that the RoMa v2 setup works significantly better.

Table 1: Robustness of frozen fea- Table 2: Comparing RoMa v2 and
tures. End-point-error (EPE) for a linear =~ UFM matching architectures on Hy-
probe on MegaDepth. Robustness is the persim |34]. Measured in PCK (higher is

share of matches with error below 32px. better).
Method EPE | Robustness % 1 Method | PCK@ — 1px 1 3px T 5px 1
DINOv2 27.1 77.0 UFM 11.2 48.3 674

DINOv3 19.0 86.4 RoMa v2 30.5 76.7 86.7
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Coarse Matching Training: We start by training the coarse matcher for
300k steps of batch size 128, resulting in approximately 38M pairs seen through-
out training. We use a learning rate of 4 - 1074,

3.3 Refiners
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Fig. 4: Refiner internals. The coarse matcher predicts at a resolution 4x smaller
than the original image size. The refiners output at the original resolution.

After the matcher has finished training, we freeze it and run it in inference
mode, producing a coarse warp for the refiners to refine. We train the refiners
for 300k steps of batch size 64, resulting in a total of approximately 19M pairs.
Like the matcher, we use a learning rate of 4 - 1074,

Architecture: As the matcher predicts at stride 4, in contrast to RoMa’s
stride 14, we only need to refine at strides < 4. We thus construct three re-
finers at strides {4,2, 1}, respectively. These follow a similar architecture as in
RoMa [12] with some efficiency improvements. First, we find that the local corre-
lation implementation used in RoMa uses a large amount of memory, especially
at high resolution. To remedy this we write a custom CUDA kernel as a PyTorch
extension, which significantly reduces the memory consumption (cf. Table. We
further change all channel dimensions to be powers of two, which further boosts
performance. Further details about the refiners are given in the appendix.

Predictive Covariance: In addition to predicted overlap, it is often useful
to have access to a numerical estimate of the expected error. While predictive
uncertainty has been previously studied [16}38}/40}|48L[55}59], state-of-the-art
matchers such as RoMa [12] or UFM [56] do not provide any such estimate. To
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remedy this, we predict a pixel-wise Gaussian uncertainty of the 2D residuals,
rg = Wé—l»—)B _ Wé?B c RH><W><27 (3)

through a 2 x 2 precision matrix Py € REXWX2X2 where Ea_l(h,w) = 0, i.e.,
E;l(h,w) is positive definite. We ensure this by constraining the network to
predict the three elements 211, 221, 220 and mapping these to Cholesky factors
as l11 = Softplus(z11) + 1076, Iy = 221, la2 = Softplus(zg2) + 107¢, where
Softplus(-) = In(1 + exp(+)). The lower triangular matrix is composed from the
l21 l22
Y1 = LLT. To learn 211, 221, 222 We directly train the model to minimize the
negative log-likelihood

factors as L = and then the covariance matrix is formed from this as

1 1
Loprec(r) = —log N (r|0, %) = érTE_lr —5 logdet(X~1) +log(27)  (4)

To ensure stability, we only train the model to predict this covariance for covisible
regions where ||r|| < 8 pixels. We detach the residuals ry before the loss.

We predict the precision in a hierarchical fashion from stride 4 up to stride
1, and use the fact that information is additive in the precision parameterization
to predict our final precision matrix as 3, 1 > i>i AEe_j 1. We find empirically
that our covariance improves performance in downstream tasks (cf. Table ,
and that it qualitatively behaves as one would expect in Figure[7}

B!as x (px) —— Bias x (px)
% 0.14 Blasy(px) o 0.1 Biasy(px)
| ©
Bl 2
c 0.00H | ‘ ‘\ A c 0.01 rSosdlaimindvdn, ’\/""'\/"\r,\‘\"“ )
| .w | g
Z_0.11 = _0.1
—0-275 50 100 —0-275 50 100
Training step Training step
(a) Before EMA (b) After EMA

Fig. 5: Subpixel bias of refinement. We observe that models exhibit subpixel fluc-
tuations in their predictions throughout training, leading to bias. We propose a simple
remedy through storing an exponential moving average (EMA).

EMA to remedy bias: During training, we empirically observed that predic-
tions tend to have a small, but noticeable, sub-pixel bias (typically around +0.1
pixels in resolution 640 x 640). At first, this seemed like a data issue, but after
plotting this bias over the course of training we found that it appears almost
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random, see Figure As the bias is seemingly uncorrelated over the course
of training, a simple way to fix it is to use an Exponential Moving Average
(EMA) We found a decay factor of o = 0.999 to work well empirically. After
applying this remedy, we find that the bias in both orientations is substantially
diminished, see Figure We also find improved accuracy, see Table [9}

Refinement Loss: We train the refiners using a combination of three losses.

Following RoMa we use a generalized Charbonnier loss |2] which for each refiner
a/2

reads Lyarp = (i€) (y;‘ﬁ + 12) , where we follow RoMa and set o = 0.5,

c=1073 and i € {4,2,1} is the stride.

For estimating the overlap we follow UFM and RoMa and use a pixel-wise
binary cross-entropy loss as L,y, with the ground truth overlap pgr € {0,1}
being derived from either consistent depth (for MVS style datasets) or from
warp cycle consistency (for flow datasets). Further details on computing ground
truth warps and overlaps are given in the suppl. material. The total refinement
loss is

Lreﬁners = Z Ewarp (I‘e,- ) pGT) +)\ov£ov(p9,; ) pGT) +>\prec£prec(29_ila detaCh(rGi ))a

€S
(5)
where 8 = {1,2,4}, Aoy = 1072, Aprec = 1075,

3.4 Data

We train RoMa v2 on a mix of wide and small baseline two-view datasets, a
summary of which is presented in Table 3] Our mix is inspired by UFM [56], and
significantly more diverse than RoMa [12|, which is only trained on MegaDepth.
In particular, the inclusion of the Aerial datasets AerialMD [49] and Blend-
edMVS [53], enable our proposed model to be significantly more robust to large
rotations and air-to-ground viewpoint changes. The inclusion of small-baseline
datasets, like FlyingThings3D [27]|, makes RoMa v2 significantly better at pre-
dicting fine-grained details. We qualitatively compare RoMa v2 to RoMa on
fine-grained prediction on the FlyingThings3D dataset in Figure We also
find that our data mixture enables us to predict textureless surfaces significantly
better than RoMa, particularly in Autonomous Driving (AD) scenarios, despite
only training on the very small-scale dataset VKITTI2 [6]/13]. We demonstrate
this for a randomly selected pair from the NuScenes dataset |7] in Figure

3.5 Resolution

We find that some elementary key changes make matching and refinement robust
to the choice of resolution.

** See |17] for discussion regarding different variants.
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W W S
(a) Left: RoMa warp for small baseline pair. (b) Left: RoMa warp for large-baseline pair with

Note the missing warp for the guitar in the bot- texture-poor road surfaces, with warp missing for
tom right. Right: RoMa v2 warp. almost the entire road. Right: RoMa v2 warp.

Fig. 6: Qualitative Comparison. RoMa v2 is significantly better than RoMa at
capturing small objects with dynamic motion (a), and for texture-less scenes (b)

Table 3: Dataset mixture for RoMa v2. The top part contains wide-baseline
datasets, while the bottom part contains small-baseline datasets. The weight is propor-
tional to the probability of sampling an image pair from the respective dataset. Further
details about the datasets are provided in the supplementary.

Datasets Type / GT Source Weight NeScenes
MegaDepth Outdoor / MVS 1 169
AerialMD Aerial / MVS 1 124
BlendedM Aerial / Mesh 1 493
Hypersim Indoor / Graphics 1 393
TartanAir v Outdoor / Graphics 1 46
Map-Free Object-centric / MVS 1 397
ScanNet++ v2 Indoor / Mesh 1 856
UnrealStereo4k Outdoor / Graphics  0.01 8
Virtual KITTI 27]6}[13] Outdoor / Graphics  0.01 5
FlyingThings3D W Outdoor / Graphics 0.5 2239
Total 5069

Coarse Matching: Following DINOv3 we use RoPE on a normal-
ized grid, rather than a pixel grid. This ensures that distances are always in
distribution, even when changing resolution significantly.

Secondly, we find that the absolute position encodings used for the match
embeddings need to be of low enough frequency to ensure that their interpolation
is unproblematic . Compared to RoMa, which initializes the scale to w = 8
and lets it be trained, we set it fixed to w = 1. It is possible that the high
frequency of the position embeddings is the cause of the issue that requires
UFM to be run at a fixed resolution of 420 x 560 during inference.

Refinement: Ensuring resolution robustness for the refiners is non-trivial, as
convolution is tied to the pixel grid. We find that the approach used in RoMa,
whereby the input displacement is rescaled relative to a canonical resolution
generalizes best.
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Training: We train the coarse matcher on a mix of resolutions and aspect
ratios, specifically: {512 x 512, 592 x 448, 624 x 416, 688 x 384, 448 x 592, 416 x
624, 384 x 688}. The refiners are trained exclusively with size 640 x 640.

4 Experiments

The qualitative improvements of RoMa v2 as shown in Figures and [6D]
are confirmed by the quantitative results from extensive experiments, listed in
this section.

4.1 Relative Pose Estimation

We compare RoMa v2 to state-of-the-art matchers and feed-forward 3D recon-
struction methods on relative pose estimation. For sampling correspondences we
follow RoMa and compute bidirectional warps from which we sample correspon-
dences from a thresholded distribution where we set

f’AHB = maX(lpA’_’B >0.05> PAHB)~ (6)
We use a coarse resolution of 800 x 800 and a fine resolution of 1024 x 1024.
Similarly, we sample a balanced subset of matches using their kernel density
estimate approach.

We report results on MegaDepth-1500 [22}/45] and ScanNet-1500 |9,36] in Ta-
ble 4l RoMa v2 consistently outperforms all prior matchers on both benchmarks.
On MegaDepth, which demands accurate sub-pixel correspondences, RoMa v2
also surpasses all 3D reconstruction methods. On ScanNet, RoMa v2 achieves
performance that is on par with VGGT and MASt3R.

4.2 Visual Localization

We evaluate visual localization on Map-free [1] and InLoc [46] in Table |5} For
Map-free, we use the validation set and metric monocular depth from DA3 [23].
We use the HLoc [35] pipeline to evaluate on InLoc [46]. RoMa v2 significantly
outperforms RoMa on both benchmarks. In fact, RoMa v2 tops the public leader-
board for InLoc setting a new SotA.

4.3 Dense Matching

We evaluate dense matching performance in Table[6and Table[7]on a wide array
of datasets and compare with state-of-the-art dense matchers RoMa and UFM.
For RoMa and RoMa v2, we directly feed the 640 x 640 images into the model,
while for UFM we first resize the image to their suggested inference resolution
560 x 420 and then bilinearly upsample the predictions back to 640 x 640, as
their precision degrades significantly for higher resolutions.

RoMa v2 consistently outperforms previous methods across all 6 datasets.
Notably, we simultaneously beat UFM on its own benchmark, TA-WB, and
RoMa on MegaDepth, on which it is exclusively trained, while having 84% lower
EPE compared to RoMa on the challenging AerialMegaDepth benchmark.
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Table 4: SotA comparison on MegaDepth-1500 |22,45| and ScanNet-1500 |9,
36]. The top part contains feed-forward 3D reconstruction models, while the bottom
part contains feature matchers.

Method
AUCQ@ —

MASt3R |21] Ecovias
VGGTT [50] overas
Reloc3r |10] cveri2s

MegaDepth ScanNet
5° 10° 20° 5° 10° 20°
42.4 61.5 76.9 33.6 56.8 74.1

33.5 52.9 70.0 33.9 55.2 73.4
49.6 67.9 81.2 34.8 58.4 75.6

LoFTR [45] cveri21 52.8 69.2 81.2 22.1 40.8 57.6
DKM [11] cveri2s 60.4 74.9 85.1 29.4 50.7 68.3
LightGlue [24] iccv2s 51.0 68.1 80.7 17.8 34.0 52.0
RoMa [12] cvprras 62.6 76.7 86.3 31.8 53.4 70.9
UFMT [56] Newtps2s  41.5 57.9 72.4 31.3 54.1 72.0

RoMa v2

fOur reproduced numbers.

62.8 77.0 86.6 33.6 56.2 73.8

Table 5: Visual Localization. Comparison to RoMa on Map-free |1] and InLoc [46].

Method  Map-free InLoc
Prec. AUC DUC1 DUC2
RoMa 59.7 84.4 60.6/79.3/89.9 66.4/83.2/87.8

RoMa v2 73.3 89.6 67.7/84.3/94.4 73.3/86.3/90.8

4.4 Ablations and Runtime Comparisons

In Table [§|we compare the runtime of RoMa v2 with RoMa and UFM. As can be
seen from the table, we improve the throughput significantly compared to RoMa,
running 1.7x faster. Compared to UFM our model is slightly slower, however
with a much smaller memory footprint. In Tab. [9] we ablate the refiner EMA
using the same metrics as in Tab. [4f in Tab. [10| we ablate the backbone.

4.5 Multi-Modal Matching on WxBS

We evaluate the robustness of RoMa v2 on the extremely challenging WxBS
benchmark [28]. This benchmark consists of hand-labeled correspondences be-

Table 6: Dense matching performance. Images are resized to 640 x 640.

TA-WB

Method|pnp |10k 1 3px 1 5px 1

MegaDepth
EPE | 1px 1 3px 1 5px T

ScanNet++ v2
EPE | 1px 1 3px 1 5px T

RoMa
UFM
RoMa v2

60.61 35.1 52.6 56.2
15.85 31.3 655 75.1
13.82 67.7 81.8 85.8

2.34 748 93.7 96.4
3.15 55.3 88.0 93.7
1.47 79.6 94.7 96.7

27.52 20.2 42.8 53.6
6.93 314 67.7 80.0
4.00 45.5 77.3 86.6
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Table 7: Further dense matching performance. Images are resized to 640 x 640.

Method FlyingThings3D AerialMegaDepth MapFree

EPE | 1px 1 3px 1 5px T EPE | 1px 1 3px 1 5px T EPE | 1px 1 3px 1 5px 1
RoMa 5.68 78.0 86.6 89.2| 25.05 39.0 65.0 73.9] 8.55 458 72.3 80.9
UFM 1.33 834 939 96.1| 17.44 293 61.6 73.8/ 3.59 31.6 66.7 81.7
RoMa v2| 0.93 89.4 95.2 96.8| 4.12 55.9 81.1 87.9| 2.03 55.4 84.9 92.7

Table 8: Runtime and memory. Benchmarking on 640 x 640" images with a batch
size of 8 on an H200. RoMa v2 is 1.7x faster than RoMa with similar memory footprint.
K indicates the custom CUDA kernel for the local correlation operation.

Method Throughput (pairs/s) 1 Mem. (GB) |
UFM 43.0 16.2
RoMa 18.5 4.7
RoMa v2 (w/o K) 30.3 5.6
RoMa v2 (w/ K) 30.9 4.8

TWe use 644 x 644 for RoMa and UFM due to patch size 14.

tween images taken with extreme changes in either viewpoint, illumination,
modality, or all three, which measures the generalizability of the matcher to
out-of-distribution downstream tasks. Results are presented in Table We
observe that the performance of RoMa v2 is significantly higher than UFM,
but slightly lower than RoMa. Investigating the cause of this we found that
RoMa v2 and UFM both struggle with the IR-to-RGB multi-modal subset of
WxBS.

4.6 Astronaut to Satellite Image Matching

We introduce a new benchmark, SatAst, for matching satellite images to images
taken by astronauts from the International Space Station. Prior work on this
modality has focused on the retrieval task of searching a database of satellite
images for the image content of a given astronaut image |3H543]. We take 39 cor-
responding image pairs from EarthMatch [3] to create SatAst and hand-annotate
10 accurate correspondences for each pair. Further, we include 90 degree rotated
copies of the satellite images, yielding a total of 156 image pairs. Given estimated
correspondences from a model, we use RANSAC to obtain a homography and
compute AUC@10px of the reprojection error of the annotated ground-truth
correspondences using this homography.

SatAst is difficult, the most challenging aspects being i) satellite images are
OOD for most matchers (including RoMa v2), ii) large scale changes and iii)
large in-plane rotations. We compare RoMa v2 against previous dense methods
and present results in Table More information about the benchmark is found
in the supplementary material.
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Table 9: EMA ablation. Refiner EMA im- Table 10: Backbone ablation. We compare

proves results specifically on benchmarks that using DINOv2 vs DINOv3 in the coarse matcher,
require subpixel precision, such as Mega-1500. skipping the refiners.
Mega-1500 1 SN-1500 1 Backbone WxBS Hypersim

w/o EMA (614, 75.8, 85.7) (33.6,56.1,73.5) DINOv2 35.6  78.1
EMA (62.8, 77.0, 86.6) (33.6, 56.2, 73.8) DINOv3 342  79.2

Table 11: SotA comparison on the WxBS [28], SatAst, and RUBIK |25]
benchmarks. mAA, AUC at 10px, and success ratio, respectively (higher is better).

Method WxBS (mAA@10px) SatAst (AUCQ10px) RUBIK (Success %)

RoMa 60.8 23.5 47.3
UFM 42.3 1.8 53.1
RoMa v2 55.4 37.0 57.3

4.7 Matching across Geometric Challenges on RUBIK

We evaluate RoMa v2 on RUBIK |25|, a subset of NuScenes [7], and report the
success ratio (rotation error less than 5° and translation error less than 2m) in
Tab. We set a new SotA of 57.3, beating the previous leader DUSt3R (54.8).

4.8 Covariance Estimate

While most robust pose estimation pipelines assume identically distributed resid-
uals, our predictive covariance can be used to reweight residuals. To highlight the
usefulness, we perform an experiment leveraging the covariance-weighted resid-
uals. First, only as post-processing, refining the output of a classic point-based
RANSAC. Second, we compare with using it to reweight the residuals used for
scoring inside RANSAC. For the experiment, we consider image pairs sampled
from the HyperSim [34] dataset. In Table [12| we show that we gain significant
improvements on 3D pose error metrics. In particular, we improve by &~ 20 points
on AUCQ@1. Further experimental details can be found in the supplementary ma-
terial. In Figure[7] we show a qualitative example of the predicted covariances. In
the right image, we have applied a linear kernel to simulate motion blur, yielding
larger covariances, especially in the blur direction.

4.9 Importance of Subpixel Accuracy for MegaDepth-1500

In Section we claimed that subpixel accuracy is critical for high benchmark
results on MegaDepth-1500. To give evidence for this, we compute epipolar error
histograms for RoMa v2 and UFM. Using these, we get a deterministic quantile
mapping as

TRoMav2 — UFM = QUFM (FRoMa v2(T"RoMa v2)) (7)

where @ is the residual quantile function of UFM and F' is the CDF of RoMa
v2. We then simulate a less precise RoMa v2 by perturbing its predictions using
the mapping. Results are shown in Table
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Table 12: Impact of predictive co-
variance on Hypersim . Measured
in AUC (higher is better). We use the pre-
dicted covariance to weight the residuals
in the model refinement.

Method | AUC@ — 1°13°15° 1 Fig.7: Qualitative example of co-
RoMa v2 (w/o £~ 1) 549 79.5 85.0 variances. Predicted covariance for ran-
RoMa v2 (w/ ¥~ ! Refine) 75.8 89.0 92.6

domly sampled keypoints with simulated

RoMa v2 (w/ S~ ! RANSAC + Refine) 76.4 89.3 92.8 . . . .
motion blur in the right image.

Table 13: Impact of subpixel accuracy.

Method MegaDepth-1500
UFM 41.5 57.9 724
RoMa v2 62.8 77.0 86.6

RoMa v2 (Perturb.) 46.3 63.7 77.4

5 Limitations and Future Work

Compared to RoMa, our model is slightly less robust to extreme changes in
modality, such as in WxBS. However, we are significantly more robust to these
changes than UFM, as indicated by Table Exploring the trade-offs between
generalization and performance is an interesting direction for future work.

6 Conclusion

We have introduced RoMa v2, a new dense feature matcher capable of matching
harder pairs, with better (i.e., more precise) predictions, with faster runtime
than its predecessor, leading to denser matches (i.e., more correct matches).
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