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Abstract

Dense image correspondence is central to many applications, such as visual
odometry, 3D reconstruction, object association, and re-identification.
Historically, dense correspondence has been tackled separately for wide-
baseline scenarios and optical flow estimation, despite the common goal
of matching content between two images.

In this thesis, we develop a Unified Flow & Matching model (UFM), which
is trained on unified data for pixels that are co-visible in both source and
target images. UFM uses a simple, generic transformer architecture that
directly regresses the (u; v) flow. It is easier to train and more accurate
for large flows compared to the typical coarse-to-fine cost volumes in prior
work. UFM is 28% more accurate than state-of-the-art flow methods
(Unimatch), while also having 62% less error and 6.7x faster than dense
wide-baseline matchers (RoMa). UFM is the first to demonstrate that
unified training can outperform specialized approaches across both do-
mains. This result enables fast, general-purpose correspondence and opens
new directions for multi-modal, long-range, and real-time correspondence
tasks.
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Chapter 1

Introduction

Dense correspondence estimation, which determines where each pixel in one image

appears in another, is a core task in computer vision with wide-ranging applica-

tions, including visual odometry [45, 47, 58], 3D reconstruction [13, 34, 53], object

association [36], place recognition [30, 32, 49], and image warping [71]. Despite

its importance, existing methods are typically developed for two separate domains:

optical �ow, which addresses small displacements between temporally adjacent frames,

and wide-baseline matching, which handles large viewpoint or scene changes. This

division has led to task-speci�c models that perform well in one domain but fail to

generalize to the other. As a result, these models often break down in real-world

scenarios where both small and large motion may co-occur, highlighting the need for

uni�ed approaches that bridge this gap.

Existing dense correspondence estimation algorithms have been separated into

di�erent tasks. For example, optical �ow typically assumes small baselines between

the two images, but allows for a dynamic scene, and so often relies on motion priors

for temporal consistency. In contrast, wide-baseline matching assumes a static scene

but allows for signi�cant changes in viewpoint [37] and time [59], and often requires

invariant geometric and semantic cues [72]. Despite these di�erences, both tasks

fundamentally aim to establish correspondences between images. This shared objective

suggests that they are not inherently separate problems, but rather variations of the

same challenge that can be approached within a uni�ed framework.

We are inspired by prior attempts at unifying such correspondence tasks [60, 78],

1



1. Introduction

but thus far, none provide a generic solution that outperforms or is on par with

specialized solutions. Our experiments suggest that existing work in optical �ow

and dense wide-baseline matching su�ers from biased architectures that are either

ine�cient when learning from large data or do not have their output format designed

for dense, high-resolution output. We aim to answer the question: can we develop

a uni�ed model that bene�ts from shared training on both optical �ow

and wide-baseline matching data? Speci�cally, what architecture, data, loss, and

training scheme do we need to unify �ow & matching?

In this work, we scaled a transformer-based regression model over a comprehensive

training set of 12 datasets spanning both optical �ow and wide-baseline matching. We

sample image pairs from our dataset based on covisible content and train exclusively

on these regions. We designed a custom geometric sampler with explicit control over

viewpoint di�erences and a �ltering pipeline to ensure co-visibility. By restricting

supervision to co-visible regions, we discourage the network from relying on global 3D

structure alone and encourage correspondence estimation grounded in visual evidence.

We found that this simple approach leads to a generalizable and e�cient model for

both optical �ow and wide-baseline matching that surpasses most state-of-the-art on

its own, achieving further gains with standard re�nement techniques.

Finally, to spur further research on correspondence in challenging wide-baseline

scenarios, we build a novel dataset for evaluation by holding out environments

from the TartanAir-Visual Odometry benchmark [68], using our custom geometric

sampler to curate challenging image pairs. Our TartanAir-Wide Baseline (TA-WB)

benchmark is a challenging and well-controlled dataset for evaluating dense wide-

baseline correspondence.

In summary, our contributions are:

1. For the �rst time, we demonstrate that unifying the training of both optical

�ow and wide-baseline estimation bene�ts both domains. Our Uni�ed Flow &

Matching model (UFM) achieves state-of-the-art performance on benchmarks

from both tasks.

2. We �nd that a generic transformer architecture models uni�ed data better. The

simplicity and e�ciency of our architecture allows adding existing re�nement

techniques for further improvement.

2



1. Introduction

Figure 1.1: UFM (Uni�ed Flow & Matching) uni�es dense pixel correspondence
tasks such as optical �ow and wide-baseline matching. We visualize sets of 2� 2 grids,
where the top 2 images are the input, and the bottom 2 are images warped with
forward & backward �ow. UFM is able to match across a wide range of baselines,
including extreme ones with little co-visible overlap.

3. We introduce a new benchmark, TartanAir Wide-baseline (TA-WB), which

evaluates dense correspondence at challenging viewpoint changes.

3



Chapter 2

Related Work

2.1 Optical Flow Methods

Optical �ow prediction aims to establish dense, pixel-wise motion vectors between

temporally adjacent frames. Except for early exploration of optimization-based

formulations, current methods are mostly learning-based. Most work has evolved

around specialized architectures including cost volumes [20, 23, 54, 55, 57], coarse-to-

�ne paradigms [4, 5, 9, 19, 55, 75], and recurrent structures [20, 21, 22, 23, 55, 57, 75].

RAFT [ 57] is one of the most representative works along these ideas. It employs a

multi-resolution cost volume between all pairs of patches and a recurrent structure to

update the �ow prediction iteratively. It has many derivative works [20, 54, 69, 79].

SEA-RAFT [69] is the current state-of-the-art that simpli�es RAFT with a regressed

initial hypothesis and a multi-modal training objective. Other approaches tried to

move beyond these paradigms. FlowFormer [20] uses the transformer architecture

to aggregate the cost volume into compact latent tokens for e�cient processing.

GMFlow [73] casts optical �ow into a global matching problem [73, 74, 79] and

replaced the costly iterative re�nement with a global correlation layer.

In developing a foundation model for generic correspondence prediction, we

observed that the specialized architectures of classical optical �ow methods struggle

with diverse, wide-baseline data, even when trained on it. In contrast, we show that

a generic transformer-based regression architecture with su�cient data serves as a

robust and generalizable prior. Moreover, it can be e�ectively combined with these

4



2. Related Work

re�nement techniques to improve performance further.

2.2 Dense Wide-Baseline Methods

Dense wide-baseline matchers suppress their sparse counterparts since DKM [14],

which �rst obtains a robust, coarse match from patch features and uses regressive

warp-re�ners to upsample the prediction resolution. RoMa [15] builds upon DKM

by using a frozen image foundation model (DINOv2 [46]) for its coarse matching

and uses separate convolution-based encoders to provide �ne details to warp-re�ners.

Despite being robust and accurate, both methods have a heavy architecture that

limits their application to compute-limited scenarios. We show that our method can

achieve similar robustness and accuracy while being about 6� faster.

These methods [14, 15, 41, 61, 62] also include a covisibility mask estimator (some

call it �certainty� or �matchability�) that helps to exclude matches in occluded or

out-of-view regions. This mask is usually directly trained with the ground truth

target. We extended this paradigm by computing co-visibility masks for dynamic

datasets.

2.3 Unifying Correspondence

Several works exist in treating correspondence as a uni�ed task. GLUNet [60] is the

�rst work showing that geometric, optical �ow, and semantic correspondence tasks

can be solved by a uni�ed network. RGM [78] is the most recent work that scaled

a RAFT-like architecture on a comprehensive dataset and obtained state-of-the-art

zero-shot performance. However, they failed to show that the generalist model,

trained on all data, outperforms the specialized model, trained on in-domain data

only. Alternative to modeling correspondence densely, COTR [27] took a formulation

that predicts one pixel location over each query point, and tested on both optical �ow

and pose estimation tasks. This formulation is prohibitively expensive for dense �ow,

and while sparse matches can be interpolated, the resulting performance degrades

signi�cantly. In contrast, our work trained a transformer-based architecture that

directly regresses dense optical �ow and shows mutual bene�t between optical �ow

5



2. Related Work

and wide-baseline data.

2.4 Scaling Correspondence

Recent works have also tried to expand the training dataset for correspondence.

Besides the standard optical �ow datasets [6, 12, 33, 39, 42, 43], we see a trend in

using static wide-baseline matching datasets to pretrain optical �ow networks. For

example, MatchFlow [11] pretrained on GIM [52], an auto-annotation pipeline that

extracts matches from distant frames in real-world videos. Similarly, SEA-RAFT [69]

pretrains on TartanAir [68] and observed improved generalization. Existing work

in wide-baseline matching [18, 28, 64] has also expanded the dataset towards more

modalities such as satellite, IR, depth, event, and medical. Although they have shown

successful matching between challenging modalities, they do not show that scaling

with additional data helps improve the original RGB-RGB matching.

Recent advancements in end-to-end learning have also encouraged scaling a

generic architecture for 3D reconstruction and correspondence [26, 29, 31, 45, 65, 67].

Perceiver IO [24] shows its architecture can solve diverse vision tasks, including

optical �ow. CroCoV2 [70] also shows that optical �ow can be directly regressed from

its backbone pre-trained on the cross-image-completion task. However, CroCoV2

stopped at low resolution and both methods required a sliding window method to

infer at high resolution, which failed to capture correspondences across windows.

Furthermore, CroCoV2 does not train the two-view transformer from scratch to

directly regress �ow. More recent follow-up MASt3R [34] �netuned DUSt3R [67]

to output pixel-wise feature descriptors and proposed a fast reciprocal matching to

decode sparse matches e�ciently. However, this paradigm does not provide dense

matches and is prohibitively slow without subsampling.

6



Chapter 3

Uni�ed Flow & Matching Model

3.1 UFM Architecture

Given two imagesI 1; I 2 2 R3�H�W as input, our Uni�ed Flow and Matching (UFM)

model (Figure 3.1) predicts the visually grounded dense correspondences and covisi-

bility:

f� 1; C1g = f UF M (I 1; I 2) (3.1)

where � 1 2 R2�H�W is a forward pixel displacement map (�ow) which maps each

[u; v] position in I 1 to a continuous position inI 2 and C1 2 R1�H�W is a binary mask,

where each value indicates if the [u; v] position in I1 is visible in I2.

In particular, UFM employs a simple end-to-end transformer with a CNN head to

directly regress the �ow value, unlike prior methods [15, 69, 74] that �rst construct

an initial solution at the patch level and then progressively upsample to the pixel

level. We empirically �nd the paradigm used in prior methods to yield suboptimal

accuracy, as shown in Section B.5. Beyond accuracy, direct �ow regression o�ers

additional advantages: (1) Performing attention at the patch level is fast for �ow

prediction, while the DPT [48] enables predictions directly at the pixel level. (2)

Structural simplicity enables easy optimization and potential for additional simple

pixel-level re�nements without a huge impact on e�ciency. We elaborate on the

end-to-end transformer further below.
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3. Uni�ed Flow & Matching Model

Figure 3.1: The UFM Architecture: Two images are encoded by a shared DINOv2
encoder into patch features, concatenated, and then processed by 12 self-attention
transformer layers. Intermediate tokens are decoded by separate DPT heads to regress
pixel displacement and covisibility maps, representing correspondence and visibility
across views.

3.1.1 Feature Encoding

Amongst various image encoders, we �nd DINOv2 ViT-L [46] to be the most optimal.

DINOv2 takes as input images and predicts patch tokensFE 2 R1024�H=14�W=14 . Given

the two sets of patch tokens, we fuse them with a view index positional encoding

unique to each view and then apply 12 successive layers of self-attention. While other

prior methods [34, 67, 70] employ cross-attention blocks, which in theory have the

same compute requirement as our design, we �nd that the self-attention transformer

is better accelerated by Flash-Attention [8] due to its longer sequence length. This

leads to better training and inference e�ciency. Also, we empirically �nd that both

types of transformers have similar performance in terms of �ow regression.

3.1.2 Predicting Flow & Covisibility

After the self-attention transformer is applied, we employ two separate DPT heads

which take as input the encoded patch tokens fromI 1 and respectively predict

the �ow � 1 and logits for the covisibility mask C logits
1 . We empirically �nd that

employing a single DPT head for both �ow and covisibility prediction leads to

degraded performance. The DPT inputs the output features from the DINOv2 image

encoder and the self-attention transformer's 6th, 9th, and 12th layer features. The
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