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Abstract

We present a novel method for local image feature

matching. Instead of performing image feature detection,

description, and matching sequentially, we propose to first

establish pixel-wise dense matches at a coarse level and

later refine the good matches at a fine level. In contrast

to dense methods that use a cost volume to search corre-

spondences, we use self and cross attention layers in Trans-

former to obtain feature descriptors that are conditioned on

both images. The global receptive field provided by Trans-

former enables our method to produce dense matches in

low-texture areas, where feature detectors usually strug-

gle to produce repeatable interest points. The experiments

on indoor and outdoor datasets show that LoFTR outper-

forms state-of-the-art methods by a large margin. LoFTR

also ranks first on two public benchmarks of visual local-

ization among the published methods. Code is available at

our project page: https://zju3dv.github.io/loftr/.

1. Introduction

Local feature matching between images is the corner-

stone of many 3D computer vision tasks, including structure

from motion (SfM), simultaneous localization and mapping

(SLAM), visual localization, etc. Given two images to be

matched, most existing matching methods consist of three

separate phases: feature detection, feature description, and

feature matching. In the detection phase, salient points like

corners are first detected as interest points from each im-

age. Local descriptors are then extracted around neigh-

borhood regions of these interest points. The feature de-

tection and description phases produce two sets of interest

points with descriptors, the point-to-point correspondences

of which are later found by nearest neighbor search or more

sophisticated matching algorithms.

The use of a feature detector reduces the search space of

matching, and the resulted sparse correspondences are suffi-

cient for most tasks, e.g., camera pose estimation. However,

a feature detector may fail to extract enough interest points
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Figure 1: Comparison between the proposed method

LoFTR and the detector-based method SuperGlue [37].

This example demonstrates that LoFTR is capable of find-

ing correspondences on the texture-less wall and the floor

with repetitive patterns, where detector-based methods

struggle to find repeatable interest points.1

that are repeatable between images due to various factors

such as poor texture, repetitive patterns, viewpoint change,

illumination variation, and motion blur. This issue is espe-

cially prominent in indoor environments, where low-texture

regions or repetitive patterns sometimes occupy most areas

in the field of view. Fig. 1 shows an example. Without re-

peatable interest points, it is impossible to find correct cor-

respondences even with perfect descriptors.

Several recent works [34, 33, 19] have attempted to rem-

edy this problem by establishing pixel-wise dense matches.

Matches with high confidence scores can be selected from

the dense matches, and thus feature detection is avoided.

However, the dense features extracted by convolutional neu-

ral networks (CNNs) in these works have limited receptive

field which may not distinguish indistinctive regions. In-

stead, humans find correspondences in these indistinctive

regions not only based on the local neighborhood, but with

a larger global context. For example, low-texture regions in

1Only the inlier matches after RANSAC are shown. The green color

indicates a match with epipolar error smaller than 5 × 10
−4 (in the nor-

malized image coordinates).

8922



Fig. 1 can be distinguished according to their relative po-

sitions to the edges. This observation tells us that a large

receptive field in the feature extraction network is crucial.

Motivated by the above observations, we propose Lo-

cal Feature TRansformer (LoFTR), a novel detector-free

approach to local feature matching. Inspired by seminal

work SuperGlue [37], we use Transformer [48] with self

and cross attention layers to process (transform) the dense

local features extracted from the convolutional backbone.

Dense matches are first extracted between the two sets of

transformed features at a low feature resolution (1/8 of the

image dimension). Matches with high confidence are se-

lected from these dense matches and later refined to a sub-

pixel level with a correlation-based approach. The global

receptive field and positional encoding of Transformer en-

able the transformed feature representations to be context-

and position-dependent. By interleaving the self and cross

attention layers multiple times, LoFTR learns the densely-

arranged globally-consented matching priors exhibited in

the ground-truth matches. A linear transformer is also

adopted to reduce the computational complexity to a man-

ageable level.

We evaluate the proposed method on several image

matching and camera pose estimation tasks with indoor and

outdoor datasets. The experiments show that LoFTR out-

performs detector-based and detector-free feature matching

baselines by a large margin. LoFTR also achieves state-

of-the-art performance and ranks first among the published

methods on two public benchmarks of visual localization.

Compared to detector-based baseline methods, LoFTR can

produce high-quality matches even in indistinctive regions

with low-textures, motion blur, or repetitive patterns.

2. Related Work

Detector-based Local Feature Matching. Detector-based

methods have been the dominant approach for local fea-

ture matching. Before the age of deep learning, many

renowned works in the traditional hand-crafted local fea-

tures have achieved good performances. SIFT [26] and

ORB [35] are arguably the most successful hand-crafted

local features and are widely adopted in many 3D com-

puter vision tasks. The performance on large viewpoint

and illumination changes of local features can be signif-

icantly improved with learning-based methods. Notably,

LIFT [51] and MagicPoint [8] are among the first success-

ful learning-based local features. They adopt the detector-

based design in hand-crafted methods and achieve good

performance. SuperPoint [9] builds upon MagicPoint and

proposes a self-supervised training method through homo-

graphic adaptation. Many learning-based local features

along this line [32, 11, 25, 28, 47] also adopt the detector-

based design.

The above-mentioned local features use the nearest

neighbor search to find matches between the extracted in-

terest points. Recently, SuperGlue [37] proposes a learning-

based approach for local feature matching. SuperGlue ac-

cepts two sets of interest points with their descriptors as

input and learns their matches with a graph neural net-

work (GNN), which is a general form of Transformers [16].

Since the priors in feature matching can be learned with a

data-driven approach, SuperGlue achieves impressive per-

formance and sets the new state of the art in local feature

matching. However, being a detector-dependent method,

it has the fundamental drawback of being unable to detect

repeatable interest points in indistinctive regions. The at-

tention range in SuperGlue is also limited to the detected

interest points only. Our work is inspired by SuperGlue in

terms of using self and cross attention in GNN for message

passing between two sets of descriptors, but we propose a

detector-free design to avoid the drawbacks of feature de-

tectors. We also use an efficient variant of the attention lay-

ers in Transformer to reduce the computation costs.

Detector-free Local Feature Matching. Detector-free

methods remove the feature detector phase and directly pro-

duce dense descriptors or dense feature matches. The idea

of dense features matching dates back to SIFT Flow [23].

[6, 39] are the first learning-based approaches to learn pixel-

wise feature descriptors with the contrastive loss. Similar to

the detector-based methods, the nearest neighbor search is

usually used as a post-processing step to match the dense

descriptors. NCNet [34] proposed a different approach by

directly learning the dense correspondences in an end-to-

end manner. It constructs 4D cost volumes to enumer-

ate all the possible matches between the images and uses

4D convolutions to regularize the cost volume and enforce

neighborhood consensus among all the matches. Sparse

NCNet [33] improves upon NCNet and makes it more ef-

ficient with sparse convolutions. Concurrently with our

work, DRC-Net [19] follows this line of work and proposes

a coarse-to-fine approach to produce dense matches with

higher accuracy. Although all the possible matches are con-

sidered in the 4D cost volume, the receptive field of 4D con-

volution is still limited to each matches’ neighborhood area.

Apart from neighborhood consensus, our work focuses on

achieving global consensus between matches with the help

of the global receptive field in Transformers, which is not

exploited in NCNet and its follow-up works. [24] proposes

a dense matching pipeline for SfM with endoscopy videos.

The recent line of research [46, 45, 44, 15] that focuses on

bridging the task of local feature matching and optical flow

estimation, is also related to our work.

Transformers in Vision Related Tasks. Transformer [48]

has become the de facto standard for sequence modeling

in natural language processing (NLP) due to their simplic-
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Figure 2: Overview of the proposed method. LoFTR has four components: 1. A local feature CNN extracts the coarse-level

feature maps F̃A and F̃B , together with the fine-level feature maps F̂A and F̂B from the image pair IA and IB (Section

3.1). 2. The coarse feature maps are flattened to 1-D vectors and added with the positional encoding. The added features

are then processed by the Local Feature TRansformer (LoFTR) module, which has Nc self-attention and cross-attention

layers (Section 3.2). 3. A differentiable matching layer is used to match the transformed features, which ends up with a

confidence matrix Pc. The matches in Pc are selected according to the confidence threshold and mutual-nearest-neighbor

criteria, yielding the coarse-level match prediction Mc (Section 3.3). 4. For every selected coarse prediction (̃i, j̃) ∈ Mc, a

local window with size w × w is cropped from the fine-level feature map. Coarse matches will be refined within this local

window to a sub-pixel level as the final match prediction Mf (Section 3.4).

ity and computation efficiency. Recently, Transformers are

also getting more attention in computer vision tasks, such as

image classification [10], object detection [3] and seman-

tic segmentation [49]. Concurrently with our work, [20]

proposes to use Transformer for disparity estimation. The

computation cost of the vanilla Transformer grows quadrat-

ically as the length of input sequences due to the multipli-

cation between query and key vectors. Many efficient vari-

ants [42, 18, 17, 5] are proposed recently in the context of

processing long language sequences. Since no assumption

of the input data is made in these works, they are also well

suited for processing images.

3. Methods

Given the image pair IA and IB , the existing local fea-

ture matching methods use a feature detector to extract in-

terest points. We propose to tackle the repeatability issue of

feature detectors with a detector-free design. An overview

of the proposed method LoFTR is presented in Fig. 2.

3.1. Local Feature Extraction

We use a standard convolutional architecture with

FPN [22] (denoted as the local feature CNN) to extract

multi-level features from both images. We use F̃A and F̃B

to denote the coarse-level features at 1/8 of the original im-

age dimension, and F̂A and F̂B the fine-level features at 1/2
of the original image dimension.

Convolutional Neural Networks (CNNs) possess the in-

ductive bias of translation equivariance and locality, which

are well suited for local feature extraction. The downsam-

pling introduced by the CNN also reduces the input length

of the LoFTR module, which is crucial to ensure a manage-

able computation cost.

3.2. Local Feature Transformer (LoFTR) Module

After the local feature extraction, F̃A and F̃B are passed

through the LoFTR module to extract position and context

dependent local features. Intuitively, the LoFTR module

transforms the features into feature representations that are

easy to match. We denote the transformed features as F̃A
tr

and F̃B
tr .

Preliminaries: Transformer [48]. We first briefly intro-

duce the Transformer here as background. A Transformer

encoder is composed of sequentially connected encoder lay-

ers. Fig. 3(a) shows the architecture of an encoder layer.

The key element in the encoder layer is the attention
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K
<latexit sha1_base64="Ydi9DQswQh3789ZwUOHtqUP9KR8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsceCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip2R6UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasKan3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1W9m6rbvK7Ua3kcRTiDc7gED26hDvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwBsQGM1A==</latexit>

V

<latexit sha1_base64="wyhfSbGISndIuhB6pYtAQnanJrI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsceCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip2RyUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasKan3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1W9m6rbvK7Ua3kcRTiDc7gED26hDvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwBqW2Mzw==</latexit>

Q
<latexit sha1_base64="aVetB5EXBB9JZ00ye6Q1GtusioY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Koko9ljwInhpwX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut7O2vrG5tV3YKe7u7R8clo6OWzpOFcMmi0WsOgHVKLjEpuFGYCdRSKNAYDsY38789hMqzWP5YCYJ+hEdSh5yRo2VGvf9UtmtuHOQVeLlpAw56v3SV28QszRCaZigWnc9NzF+RpXhTOC02Es1JpSN6RC7lkoaofaz+aFTcm6VAQljZUsaMld/T2Q00noSBbYzomakl72Z+J/XTU1Y9TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZoQ/CWX14lrcuKd11xG1flWjWPowCncAYX4MEN1OAO6tAEBgjP8ApvzqPz4rw7H4vWNSefOYE/cD5/AKBVjMk=</latexit>

K
<latexit sha1_base64="Ydi9DQswQh3789ZwUOHtqUP9KR8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsceCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip2R6UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasKan3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1W9m6rbvK7Ua3kcRTiDc7gED26hDvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwBsQGM1A==</latexit>

V

<latexit sha1_base64="8BCOj5rRBg4HCb8uPe4wjybi6gM=">AAAB83icbVDLSsNAFL3xWeur6tJNsAgVoSSi2GXBjcsK9gFNKJPJpB06mQnzEErob7hxoYhbf8adf+O0zUJbD1w4nHMv994TZYwq7Xnfztr6xubWdmmnvLu3f3BYOTruKGEkJm0smJC9CCnCKCdtTTUjvUwSlEaMdKPx3czvPhGpqOCPepKRMEVDThOKkbZSQJipBTgW+uLSH1SqXt2bw10lfkGqUKA1qHwFscAmJVxjhpTq+16mwxxJTTEj03JgFMkQHqMh6VvKUUpUmM9vnrrnVondREhbXLtz9fdEjlKlJmlkO1OkR2rZm4n/eX2jk0aYU54ZTTheLEoMc7VwZwG4MZUEazaxBGFJ7a0uHiGJsLYxlW0I/vLLq6RzVfdv6t7DdbXZKOIowSmcQQ18uIUm3EML2oAhg2d4hTfHOC/Ou/OxaF1zipkT+APn8wfi+5Dl</latexit>

elu(·) + 1
<latexit sha1_base64="8BCOj5rRBg4HCb8uPe4wjybi6gM=">AAAB83icbVDLSsNAFL3xWeur6tJNsAgVoSSi2GXBjcsK9gFNKJPJpB06mQnzEErob7hxoYhbf8adf+O0zUJbD1w4nHMv994TZYwq7Xnfztr6xubWdmmnvLu3f3BYOTruKGEkJm0smJC9CCnCKCdtTTUjvUwSlEaMdKPx3czvPhGpqOCPepKRMEVDThOKkbZSQJipBTgW+uLSH1SqXt2bw10lfkGqUKA1qHwFscAmJVxjhpTq+16mwxxJTTEj03JgFMkQHqMh6VvKUUpUmM9vnrrnVondREhbXLtz9fdEjlKlJmlkO1OkR2rZm4n/eX2jk0aYU54ZTTheLEoMc7VwZwG4MZUEazaxBGFJ7a0uHiGJsLYxlW0I/vLLq6RzVfdv6t7DdbXZKOIowSmcQQ18uIUm3EML2oAhg2d4hTfHOC/Ou/OxaF1zipkT+APn8wfi+5Dl</latexit>

elu(·) + 1

<latexit sha1_base64="NAHOtIgEQtavlY0G60hJVcJtZF0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSLUS0lEsceCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/nbX1jc2t7cJOcXdv/+CwdHTcMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2d++4lrI2L1iJOE+xEdKhEKRtFKDxV60S+V3ao7B1klXk7KkKPRL331BjFLI66QSWpM13MT9DOqUTDJp8VeanhC2ZgOeddSRSNu/Gx+6pScW2VAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw5qfCZWkyBVbLApTSTAms7/JQGjOUE4soUwLeythI6opQ5tO0YbgLb+8SlqXVe+66t5fleu1PI4CnMIZVMCDG6jDHTSgCQyG8Ayv8OZI58V5dz4WrWtOPnMCf+B8/gCG+41E</latexit>

(a)

<latexit sha1_base64="BULFK08EE3/qJaWSR6G8iw1H+5Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSLUS0lEsceCF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPx7cxvP6HSPJaPZpKgH9Gh5CFn1FjpoRJc9Etlt+rOQVaJl5My5Gj0S1+9QczSCKVhgmrd9dzE+BlVhjOB02Iv1ZhQNqZD7FoqaYTaz+anTsm5VQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc1Yc3PuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadog3BW355lbQuq9511b2/KtdreRwFOIUzqIAHN1CHO2hAExgM4Rle4c0Rzovz7nwsWtecfOYE/sD5/AGIgI1F</latexit>

(b)

<latexit sha1_base64="SMXWLN4fAamBJ8whz7/XI0gMaIk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSLUS0lEsceCF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/nbX1jc2t7cJOcXdv/+CwdHTcMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2d++4lrI2L1iJOE+xEdKhEKRtFKDxV20S+V3ao7B1klXk7KkKPRL331BjFLI66QSWpM13MT9DOqUTDJp8VeanhC2ZgOeddSRSNu/Gx+6pScW2VAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw5qfCZWkyBVbLApTSTAms7/JQGjOUE4soUwLeythI6opQ5tO0YbgLb+8SlqXVe+66t5fleu1PI4CnMIZVMCDG6jDHTSgCQyG8Ayv8OZI58V5dz4WrWtOPnMCf+B8/gCKBY1G</latexit>

(c)

<latexit sha1_base64="4XUGxwNURwmnEZdHAYd77F3yrjU=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4Koko9iIUvHhswX5AG8JmO2mXbjZxdyOU0j/hxYMiXv073vw3btsctPXBwOO9GWbmhang2rjut7O2vrG5tV3YKe7u7R8clo6OWzrJFMMmS0SiOiHVKLjEpuFGYCdVSONQYDsc3c389hMqzRP5YMYp+jEdSB5xRo2VOo3bdtCIAh6Uym7FnYOsEi8nZchRD0pfvX7CshilYYJq3fXc1PgTqgxnAqfFXqYxpWxEB9i1VNIYtT+Z3zsl51bpkyhRtqQhc/X3xITGWo/j0HbG1Az1sjcT//O6mYmq/oTLNDMo2WJRlAliEjJ7nvS5QmbE2BLKFLe3EjakijJjIyraELzll1dJ67LiXVfcxlW5Vs3jKMApnMEFeHADNbiHOjSBgYBneIU359F5cd6dj0XrmpPPnMAfOJ8/adiPhw==</latexit>

Q = WQfi
<latexit sha1_base64="NFLzNNQxUfcVflQnMcUwpbaP+HI=">AAAB73icbVBNSwMxEJ34WetX1aOXYBE8lV1R7EUoeBF6qWA/oF2WbJptY7PZNckKZemf8OJBEa/+HW/+G9N2D9r6YODx3gwz84JEcG0c5xutrK6tb2wWtorbO7t7+6WDw5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g9HN1G8/MaV5LO/NOGFeRAaSh5wSY6VO/brt10P/wS+VnYozA14mbk7KkKPhl756/ZimEZOGCqJ113US42VEGU4FmxR7qWYJoSMyYF1LJYmY9rLZvRN8apU+DmNlSxo8U39PZCTSehwFtjMiZqgXvan4n9dNTVj1Mi6T1DBJ54vCVGAT4+nzuM8Vo0aMLSFUcXsrpkOiCDU2oqINwV18eZm0zivuZcW5uyjXqnkcBTiGEzgDF66gBrfQgCZQEPAMr/CGHtELekcf89YVlM8cwR+gzx9Y8I98</latexit>

K = WKfj
<latexit sha1_base64="8HhSfiQ1YEjRG3PALXyrVmoLveQ=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4Koko9iIUvHisYNNCG8Jmu2nXbnbj7kYooX/CiwdFvPp3vPlv3LY5aOuDgcd7M8zMi1LOtHHdb2dldW19Y7O0Vd7e2d3brxwc+lpmitAWkVyqToQ15UzQlmGG006qKE4iTtvR6Gbqt5+o0kyKezNOaZDggWAxI9hYqeNft0M/Dh/CStWtuTOgZeIVpAoFmmHlq9eXJEuoMIRjrbuem5ogx8owwumk3Ms0TTEZ4QHtWipwQnWQz+6doFOr9FEslS1h0Ez9PZHjROtxEtnOBJuhXvSm4n9eNzNxPciZSDNDBZkvijOOjETT51GfKUoMH1uCiWL2VkSGWGFibERlG4K3+PIy8c9r3mXNvbuoNupFHCU4hhM4Aw+uoAG30IQWEODwDK/w5jw6L8678zFvXXGKmSP4A+fzB3q2j5I=</latexit>

V = WV fj

<latexit sha1_base64="YxgTbE4Tg2Dm9Lslt6jOsGRRbvU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsceCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipOR6UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasKan3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1W9m6rbvK7Ua3kcRTiDc7gED26hDvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwBzEmM5g==</latexit>

h

<latexit sha1_base64="U1rdFGwGh0pcwnJ90JyafWom9uc="></latexit>

Concat

<latexit sha1_base64="PhpH5+dpLtKsiBxC1lbrw82me1Y="></latexit>

MatMul

<latexit sha1_base64="PhpH5+dpLtKsiBxC1lbrw82me1Y="></latexit>

MatMul

<latexit sha1_base64="PhpH5+dpLtKsiBxC1lbrw82me1Y="></latexit>

MatMul

<latexit sha1_base64="PhpH5+dpLtKsiBxC1lbrw82me1Y="></latexit>

MatMul

<latexit sha1_base64="lC7cP4gSkeboFw+jM4J7tCJKb/U="></latexit>

Softmax

<latexit sha1_base64="f4jXYSUiJn4KudYnZNr5TSSFBPI="></latexit>

fi
<latexit sha1_base64="XHptQbu2aN/FQZticJn/tr7CI8o="></latexit>

fj

<latexit sha1_base64="f4jXYSUiJn4KudYnZNr5TSSFBPI="></latexit>

fi

<latexit sha1_base64="TAABLtYdTuqDTFnOGcGO7GJUajc=">AAAB+HicbVDLSgNBEOz1GeMjqx69DAbBU9gNiB4jXjx4iGAekCxhdjKbDJl9MNMrrCFf4sWDIl79FG/+jbPJHjSxYKCo6u7pLj+RQqPjfFtr6xubW9ulnfLu3v5BxT48aus4VYy3WCxj1fWp5lJEvIUCJe8mitPQl7zjT25yv/PIlRZx9IBZwr2QjiIRCEbRSAO7co3Io5yTO5pxNbCrTs2Zg6wStyBVKNAc2F/9YczS0Axhkmrdc50EvSlVKJjks3I/1TyhbEJHvGdoREOuvel88Rk5M8qQBLEyL0IyV393TGmodRb6pjKkONbLXi7+5/VSDK68qYiS1FzHFh8FqSQYkzwFMhSKM5SZIZQpYXYlbEwVZWiyKpsQ3OWTV0m7XnMvas59vdpoFHGU4ARO4RxcuIQG3EITWsAghWd4hTfryXqx3q2PRemaVfQcwx9Ynz+qjZMU</latexit>

Attention Layer
<latexit sha1_base64="dBKBSog7S9HuDKyipGTcDMGUarc=">AAAB+HicbVBNT8JAEJ3iF+IHVY9eNoKJJ9KSGDmSyMEjJgIm0DTbZQsbtttmd0uCDb/EiweN8epP8ea/cYEeFHzJJC/vzWRmXpBwprTjfFuFre2d3b3ifung8Oi4bJ+cdlWcSkI7JOaxfAywopwJ2tFMc/qYSIqjgNNeMLld+L0plYrF4kHPEupFeCRYyAjWRvLtcrXlTwaaRVShlj+t+nbFqTlLoE3i5qQCOdq+/TUYxiSNqNCEY6X6rpNoL8NSM8LpvDRIFU0wmeAR7RsqsNnkZcvD5+jSKEMUxtKU0Gip/p7IcKTULApMZ4T1WK17C/E/r5/qsOFlTCSppoKsFoUpRzpGixTQkElKNJ8Zgolk5lZExlhiok1WJROCu/7yJunWa+51zbmvV5qNPI4inMMFXIELN9CEO2hDBwik8Ayv8GY9WS/Wu/Wxai1Y+cwZ/IH1+QN2u5JG</latexit>

Dk ×Dv

<latexit sha1_base64="nkvCLAreyMro5M9CC3ZOHe1LSyI=">AAAB+HicbVBNT8JAEJ3iF+IHVY9eNoKJJ9KSGDmSePFEMBEwgabZLlvYsN3W3a0JNvwSLx40xqs/xZv/xgV6UPAlk7y8N5OZeUHCmdKO820VNja3tneKu6W9/YPDsn103FVxKgntkJjH8j7AinImaEczzel9IimOAk57weR67vceqVQsFnd6mlAvwiPBQkawNpJvl6st/2GgWUQVavmTqm9XnJqzAFonbk4qkKPt21+DYUzSiApNOFaq7zqJ9jIsNSOczkqDVNEEkwke0b6hAptNXrY4fIbOjTJEYSxNCY0W6u+JDEdKTaPAdEZYj9WqNxf/8/qpDhtexkSSairIclGYcqRjNE8BDZmkRPOpIZhIZm5FZIwlJtpkVTIhuKsvr5NuveZe1pzbeqXZyOMowimcwQW4cAVNuIE2dIBACs/wCm/Wk/VivVsfy9aClc+cwB9Ynz+OTpJV</latexit>

Nq ×Nk

<latexit sha1_base64="us089y29wdz+cA7jZv34rWkHHmo=">AAACEHicbVBLSgNBFOzxG+Nvoks3jcHgKswERFcSyMaFSATzgcwQejo9SZP+DN09Sgi5hHu3egV34tYbeAOPYSeZhUkseFBUveI9KkoY1cbzvp219Y3Nre3cTn53b//g0C0cNbVMFSYNLJlU7QhpwqggDUMNI+1EEcQjRlrRsDb1W49EaSrFgxklJOSoL2hMMTJW6rqFGjJB6damkQpKd1Lxrlv0yt4McJX4GSmCDPWu+xP0JE45EQYzpHXH9xITjpEyFDMyyQepJgnCQ9QnHUsF4kSH49nrE3hmlR6MpbIjDJypfxNjxLUe8chucmQGetmbiv95ndTEV+GYiiQ1ROD5oThl0Eg47QH2qCLYsJElCCtqf4V4gBTCxra1cEVQTGJrTPK2Gn+5iFXSrJT9i7J3XylWr7OScuAEnIJz4INLUAU3oA4aAIMn8AJewZvz7Lw7H87nfHXNyTLHYAHO1y9e75yc</latexit>

Cat&Linear&Norm

<latexit sha1_base64="07FK7xSW8qBFutnd9obD/b2ZSTs=">AAACEXicbVDLSsNAFJ3UV62vWpdugkVxY0kKoispCMWVVLAPaEOZTG7aoZOZMDNRS+hXuHerv+BO3PoF/oGf4fSxsK0HLhzOuZdzOX7MqNKO821lVlbX1jeym7mt7Z3dvfx+oaFEIgnUiWBCtnysgFEOdU01g1YsAUc+g6Y/uB77zQeQigp+r4cxeBHucRpSgrWRuvlCFSA4qwr5iGXQObkVMurmi07JmcBeJu6MFNEMtW7+pxMIkkTANWFYqbbrxNpLsdSUMBjlOomCGJMB7kHbUI4jUF46+X1kHxslsEMhzXBtT9S/FymOlBpGvtmMsO6rRW8s/ue1Ex1eeinlcaKBk2lQmDBbC3tchB1QCUSzoSGYSGp+tUkfS0y0qWsuhVMCoTFGOVONu1jEMmmUS+55ybkrFytXs5Ky6BAdoVPkogtUQTeohuqIoCf0gl7Rm/VsvVsf1ud0NWPNbg7QHKyvX1o/nSc=</latexit>

Feed-Forward&Norm

<latexit sha1_base64="C0y8xmW2B+t4PdH2qwF/9HwQ3J4=">AAACAHicbVBNS8NAEJ3Ur1q/qh69BIvgqSQF0ZNUvHisaD+gDWWzmbRLN5uwuxFK6MW7V/0L3sSr/8R/4M9w2+ZgWx8MPN6bYWaen3CmtON8W4W19Y3NreJ2aWd3b/+gfHjUUnEqKTZpzGPZ8YlCzgQ2NdMcO4lEEvkc2/7oduq3n1AqFotHPU7Qi8hAsJBRoo30cBME/XLFqToz2KvEzUkFcjT65Z9eENM0QqEpJ0p1XSfRXkakZpTjpNRLFSaEjsgAu4YKEqHystmpE/vMKIEdxtKU0PZM/TuRkUipceSbzojooVr2puJ/XjfV4ZWXMZGkGgWdLwpTbuvYnv5tB0wi1XxsCKGSmVttOiSSUG3SWdgiGMXQGJOSicZdDmKVtGpV96Lq3Ncq9es8pCKcwCmcgwuXUIc7aEATKAzgBV7hzXq23q0P63PeWrDymWNYgPX1C5z1ltU=</latexit>

Add

Figure 3: Encoder layer and attention layer in LoFTR.

(a) Transformer encoder layer. h represents the multiple

heads of attention. (b) Vanilla dot-product attention with

O(N2) complexity. (c) Linear attention layer with O(N)
complexity. The scale factor is omitted for simplicity.

layer. The input vectors for an attention layer are conven-

tionally named query, key, and value. Analogous to infor-

mation retrieval, the query vector Q retrieves information

from the value vector V , according to the attention weight

computed from the dot product of Q and the key vector K
corresponding to each value V . The computation graph of

the attention layer is presented in Fig. 3(b). Formally, the

attention layer is denoted as:

Attention(Q,K, V ) = softmax(QKT )V.

Intuitively, the attention operation selects the relevant infor-

mation by measuring the similarity between the query ele-

ment and each key element. The output vector is the sum

of the value vectors weighted by the similarity scores. As a

result, the relevant information is extracted from the value

vector if the similarity is high. This process is also called

“message passing” in Graph Neural Network.

Linear Transformer. Denoting the length of Q and K as

N and their feature dimension as D, the dot product be-

tween Q and K in the Transformer introduces computation

cost that grows quadratically (O(N2)) with the length of

the input sequence. Directly applying the vanilla version of

Transformer in the context of local feature matching is im-

practical even when the input length is reduced by the local

feature CNN. To remedy this problem, we propose to use

an efficient variant of the vanilla attention layer in Trans-

former. Linear Transformer [17] proposes to reduce the

computation complexity of Transformer to O(N) by sub-

stituting the exponential kernel used in the original atten-

tion layer with an alternative kernel function sim(Q,K) =
φ(Q) · φ(K)T ,where φ(·) = elu(·) + 1. This operation is

illustrated by the computation graph in Fig. 3(c). Utilizing
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Figure 4: Illustration of the receptive field of (a) Convolu-

tions and (b) Transformers. Assume that the objective is

to establish a connection between the L and R elements to

extract their joint feature representation. Due to the local-

connectivity of convolutions, many convolution layers need

to be stacked together in order to achieve this connection.

The global receptive field of Transformers enables this con-

nection to be established through only one attention layer.

(c) Visualization of the attention weights and transformed

dense features. We use PCA to reduce the dimension of the

transformed features F̃A
tr and F̃B

tr and visualize the results

with RGB color. Zoom in for details.

the associativity property of matrix products, the multipli-

cation between φ(K)T and V can be carried out first. Since

D ≪ N , the computation cost is reduced to O(N).

Positional Encoding. We use the 2D extension of the

standard positional encoding in Transformers following

DETR [3]. Different from DETR, we only add them to the

backbone output once. We leave the formal definition of

the positional encoding in the supplementary material. In-

tuitively, the positional encoding gives each element unique

position information in the sinusoidal format. By adding

the position encoding to F̃A and F̃B , the transformed fea-

tures will become position-dependent, which is crucial to

the ability of LoFTR to produce matches in indistinctive re-

gions. As shown in the bottom row of Fig. 4(c), although

the input RGB color is homogeneous on the white walls,

the transformed features F̃A
tr and F̃B

tr are unique for each

position demonstrated by the smooth color gradients. More

visualizations are provided in Fig. 6.

Self-attention and Cross-attention Layers. For self-

attention layers, the input features fi and fj (shown in

Fig. 3) are the same (either F̃A or F̃B). For cross-attention

layers, the input features fi and fj are either (F̃A and

F̃B) or (F̃B and F̃A) depending on the direction of cross-

attention. Following [37], we interleave the self and cross

attention layers in the LoFTR module by Nc times. The

attention weights of the self and cross attention layers in

LoFTR are visualized in the first two rows of Fig. 4(c).
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3.3. Establishing Coarselevel Matches

Two types of differentiable matching layers can be ap-

plied in LoFTR, either with an optimal transport (OT) layer

as in [37] or with a dual-softmax operator [34, 47]. The

score matrix S between the transformed features is first cal-

culated by S (i, j) = 1
τ
· 〈F̃A

tr (i), F̃
B
tr (j)〉. When matching

with OT, −S can be used as the cost matrix of the partial

assignment problem as in [37]. We can also apply softmax

on both dimensions (referred to as dual-softmax in the fol-

lowing) of S to obtain the probability of soft mutual nearest

neighbor matching. Formally, when using dual-softmax, the

matching probability Pc is obtained by:

Pc(i, j) = softmax (S (i, ·))j · softmax (S (·, j))i .

Match Selection. Based on the confidence matrix Pc, we

select matches with confidence higher than a threshold of

θc, and further enforce the mutual nearest neighbor (MNN)

criteria, which filters possible outlier coarse matches. We

denote the coarse-level match predictions as:

Mc = {
(

ĩ, j̃
)

| ∀
(

ĩ, j̃
)

∈ MNN(Pc) , Pc

(

ĩ, j̃
)

≥ θc}.

3.4. CoarsetoFine Module

After establishing coarse matches, these matches are re-

fined to the original image resolution with the coarse-to-

fine module. Inspired by [50], we use a correlation-based

approach for this purpose. For every coarse match (̃i, j̃),
we first locate its position (̂i, ĵ) at fine-level feature maps

F̂A and F̂B , and then crop two sets of local windows of

size w × w. A smaller LoFTR module then transforms the

cropped features within each window by Nf times, yielding

two transformed local feature maps F̂A
tr (̂i) and F̂B

tr (ĵ) cen-

tered at î and ĵ, respectively. Then, we correlate the center

vector of F̂A
tr (̂i) with all vectors in F̂B

tr (ĵ) and thus produce

a heatmap that represents the matching probability of each

pixel in the neighborhood of ĵ with î. By computing ex-

pectation over the probability distribution, we get the final

position ĵ′ with sub-pixel accuracy on IB . Gathering all the

matches {(̂i, ĵ′)} produces the final fine-level matches Mf .

3.5. Supervision

The final loss consists of the losses for the coarse-level

and the fine-level: L = Lc + Lf .

Coarse-level Supervision. The loss function for the

coarse-level is the negative log-likelihood loss over the con-

fidence matrix Pc returned by either the optimal trans-

port layer or the dual-softmax operator. We follow Super-

Glue [37] to use camera poses and depth maps to compute

the ground-truth labels for the confidence matrix during

training. We define the ground-truth coarse matches Mgt
c as

the mutual nearest neighbors of the two sets of 1/8-resolution

grids. The distance between two grids is measured by the

re-projection distance of their central locations. More de-

tails are provided in the supplementary. With the optimal

transport layer, we use the same loss formulation as in [37].

When using dual-softmax for matching, we minimize the

negative log-likelihood loss over the grids in Mgt
c :

Lc = −
1

|Mgt
c |

∑

(̃i,j̃)∈M
gt
c

logPc

(

ĩ, j̃
)

.

Fine-level Supervision. We use the ℓ2 loss for fine-level

refinement. Following [50], for each query point î, we

also measure its uncertainty by calculating the total variance

σ2(̂i) of the corresponding heatmap. The target is to opti-

mize the refined position that has low uncertainty, resulting

in the final weighted loss function:

Lf =
1

|Mf |

∑

(̂i,ĵ′)∈Mf

1

σ2(̂i)

∥

∥

∥
ĵ′ − ĵ′gt

∥

∥

∥

2
,

in which ĵ′gt is calculated by warping each î from F̂A
tr (̂i) to

F̂B
tr (ĵ) with the ground-truth camera pose and depth. We

ignore (̂i, ĵ′) if the warped location of î falls out of the local

window of F̂B
tr (ĵ) when calculating Lf . The gradient is not

backpropagated through σ2(̂i) during training.

3.6. Implementation Details

We train the indoor model of LoFTR on the ScanNet [7]

dataset and the outdoor model on the MegaDepth [21] fol-

lowing [37]. On ScanNet, the model is trained using Adam

with an initial learning rate of 1 × 10−3 and a batch size

of 64. It converges after 24 hours of training on 64 GTX

1080Ti GPUs. The local feature CNN uses a modified ver-

sion of ResNet-18 [12] as the backbone. The entire model

is trained end-to-end with randomly initialized weights. Nc

is set to 4 and Nf is 1. θc is chosen to 0.2. Window size

w is equal to 5. F̃A
tr and F̃B

tr are upsampled and concate-

nated with F̂A and F̂B before passing through the fine-level

LoFTR in the implementation. The full model with dual-

softmax matching runs at 116 ms for a 640×480 image pair

on an RTX 2080Ti. Under the optimal transport setup, we

use three sinkhorn iterations, and the model runs at 130 ms.

We refer readers to the supplementary material for more de-

tails of training and timing analyses.

4. Experiments

4.1. Homography Estimation

In the first experiment, we evaluate LoFTR on the widely

adopted HPatches dataset [1] for homography estimation.

HPatches contains 52 sequences under significant illumina-

tion changes and 56 sequences that exhibit large variation

in viewpoints.
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Category Method
Homography est. AUC

#matches
@3px @5px @10px

Detector-based

D2Net [11]+NN 23.2 35.9 53.6 0.2K

R2D2 [32]+NN 50.6 63.9 76.8 0.5K

DISK [47]+NN 52.3 64.9 78.9 1.1K

SP [9]+SuperGlue [37] 53.9 68.3 81.7 0.6K

Detector-free

Sparse-NCNet [33] 48.9 54.2 67.1 1.0K

DRC-Net [19] 50.6 56.2 68.3 1.0K

LoFTR-DS 65.9 75.6 84.6 1.0K

Table 1: Homography estimation on HPatches [7]. The

AUC of the corner error in percentage is reported. The

suffix DS indicates the differentiable matching with dual-

softmax.

Evaluation protocol. In every test sequence, one reference

image is paired with the rest five images. All images are re-

sized with shorter dimensions equal to 480. For each image

pair, we extract a set of matches with LoFTR trained on

MegaDepth [21]. We use OpenCV to compute the homog-

raphy estimation with RANSAC as the robust estimator. To

make a fair comparison to methods that produce different

numbers of matches, we compute the corner error between

the images warped with the estimated Ĥ and the ground-

truth H as a correctness identifier as in [9]. Following [37],

we report the area under the cumulative curve (AUC) of the

corner error up to threshold values of 3, 5, and 10 pixels, re-

spectively. We report the results of LoFTR with a maximum

of 1K output matches.

Baseline methods. We compare LoFTR with three cate-

gories of methods: 1) detector-based local features includ-

ing R2D2 [32], D2Net [11], and DISK [47], 2) a detector-

based local feature matcher, i.e., SuperGlue [37] on top of

SuperPoint [9] features, and 3) detector-free matchers in-

cluding Sparse-NCNet [33] and DRC-Net [19]. For local

features, we extract a maximum of 2K features with which

we extract mutual nearest neighbors as the final matches.

For methods directly outputting matches, we restrict a max-

imum of 1K matches, same as LoFTR. We use the default

hyperparameters in the original implementations for all the

baselines.

Results. Tab. 1 shows that LoFTR notably outperforms

other baselines under all error thresholds by a significant

margin. Specifically, the performance gap between LoFTR

and other methods increases with a stricter correctness

threshold. We attribute the top performance to the larger

number of match candidates provided by the detector-free

design and the global receptive field brought by the Trans-

former. Moreover, the coarse-to-fine module also con-

tributes to the estimation accuracy by refining matches to

a sub-pixel level.

4.2. Relative Pose Estimation

Datasets. We use ScanNet [7] and MegaDepth [21] to

demonstrate the effectiveness of LoFTR for pose estimation

Category Method
Pose estimation AUC

@5° @10° @20°

Detector-based

ORB [35]+GMS [2] 5.21 13.65 25.36

D2-Net [11]+NN 5.25 14.53 27.96

ContextDesc [27]+Ratio Test [26] 6.64 15.01 25.75

SP [9]+NN 9.43 21.53 36.40

SP [9]+PointCN [52] 11.40 25.47 41.41

SP [9]+OANet [53] 11.76 26.90 43.85

SP [9]+SuperGlue [37] 16.16 33.81 51.84

Detector-free

DRC-Net † [19] 7.69 17.93 30.49

LoFTR-OT† 16.88 33.62 50.62

LoFTR-OT 21.51 40.39 57.96

LoFTR-DS 22.06 40.8 57.62

Table 2: Evaluation on ScanNet [7] for indoor pose es-

timation. The AUC of the pose error in percentage is re-

ported. LoFTR improves the state-of-the-art methods by

a large margin. †indicates models trained on MegaDepth.

The suffixes OT and DS indicate differentiable matching

with optimal transport and dual-softmax, respectively.

Category Method
Pose estimation AUC

@5° @10° @20°

Detector-based SP [9]+SuperGlue [37] 42.18 61.16 75.96

Detector-free

DRC-Net [19] 27.01 42.96 58.31

LoFTR-OT 50.31 67.14 79.93

LoFTR-DS 52.8 69.19 81.18

Table 3: Evaluation on MegaDepth [21] for outdoor pose

estimation. Matching with LoFTR results in better perfor-

mance in the outdoor pose estimation task.

in indoor and outdoor scenes, respectively.

ScanNet contains 1613 monocular sequences with

ground truth poses and depth maps. Following the proce-

dure from SuperGlue [37], we sample 230M image pairs

for training, with overlap scores between 0.4 and 0.8. We

evaluate our method on the 1500 testing pairs from [37].

All images and depth maps are resized to 640 × 480. This

dataset contains image pairs with wide baselines and exten-

sive texture-less regions.

MegaDepth consists of 1M internet images of 196 differ-

ent outdoor scenes. The authors also provide sparse recon-

struction from COLMAP [40] and depth maps computed

from multi-view stereo. We follow DISK [47] to only use

the scenes of “Sacre Coeur” and “St. Peter’s Square” for

validation, from which we sample 1500 pairs for a fair com-

parison. Images are resized such that their longer dimen-

sions are equal to 840 for training and 1200 for validation.

The key challenge on MegaDepth is matching under ex-

treme viewpoint changes and repetitive patterns.

Evaluation protocol. Following [37], we report the AUC

of the pose error at thresholds (5◦, 10◦, 20◦), where the pose

error is defined as the maximum of angular error in rota-

tion and translation. To recover the camera pose, we solve

the essential matrix from predicted matches with RANSAC.

We don’t compare the matching precisions between LoFTR

and other detector-based methods due to the lack of a well-
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Method
Day Night

(0.25m,2°) / (0.5m,5°) / (1.0m,10°)

Local Feature Evaluation on Night-time Queries

R2D2 [32]+NN - 71.2 / 86.9 / 98.9

LISRD [31]+SP [9]+AdaLam [4] - 73.3 / 86.9 / 97.9

ISRF [29]+NN - 69.1 / 87.4 / 98.4

SP [9]+SuperGlue [37] - 73.3 / 88.0 / 98.4

LoFTR-DS - 72.8 / 88.5 / 99.0

Full Visual Localization with HLoc

SP [9]+SuperGlue [37] 89.8 / 96.1 / 99.4 77.0 / 90.6 / 100.0

LoFTR-OT 88.7 / 95.6 / 99.0 78.5 / 90.6 / 99.0

Table 4: Visual localization evaluation on the Aachen

Day-Night [54] benchmark v1.1. The evaluation results

on both the local feature evaluation track and the full visual

localization track are reported.

defined metric (e.g., matching score or recall [13, 30]) for

detector-free image matching methods. We consider DRC-

Net [19] as the state-of-the-art method in detector-free ap-

proaches [34, 33].

Results of indoor pose estimation. LoFTR achieves the

best performance in pose accuracy compared to all com-

petitors (see Tab. 2 and Fig. 5). Pairing LoFTR with opti-

mal transport or dual-softmax as the differentiable matching

layer achieves comparable performance. Since the released

model of DRC-Net† is trained on MegaDepth, we provide

the results of LoFTR† trained on MegaDepth for a fair com-

parison. LoFTR† also outperforms DRC-Net† by a large

margin in this evaluation (see Fig. 5), which demonstrates

the generalizability of our model across datasets.

Results of Outdoor Pose Estimation. As shown in Tab. 3,

LoFTR outperforms the detector-free method DRC-Net by

61% at AUC@10°, demonstrating the effectiveness of the

Transformer. For SuperGlue, we use the setup from the

open-sourced localization toolbox HLoc [36]. LoFTR out-

performs SuperGlue by a large margin (13% at AUC@10°),

which demonstrates the effectiveness of the detector-free

design. Different from indoor scenes, LoFTR-DS performs

better than LoFTR-OT on MegaDepth. More qualitative re-

sults can be found in Fig. 5.

4.3. Visual Localization

Visual Localization. Besides achieving competitive per-

formance for relative pose estimation, LoFTR can also ben-

efit visual localization, which is the task to estimate the 6-

DoF poses of given images with respect to the correspond-

ing 3D scene model. We evaluate LoFTR on the Long-Term

Visual Localization Benchmark [43] (referred to as Vis-

Loc benchmark in the following). It focuses on benchmark-

ing visual localization methods under varying conditions,

e.g., day-night changes, scene geometry changes, and in-

door scenes with plenty of texture-less areas. Thus, the vi-

sual localization task relies on highly robust image match-

ing methods.

Method
DUC1 DUC2

(0.25m,10°) / (0.5m,10°) / (1.0m,10°)

ISRF [29] 39.4 / 58.1 / 70.2 41.2 / 61.1 / 69.5

KAPTURE [14]+R2D2 [32] 41.4 / 60.1 / 73.7 47.3 / 67.2 / 73.3

HLoc [36]+SP [9]+SuperGlue [37] 49.0 / 68.7 / 80.8 53.4 / 77.1 / 82.4

HLoc [36]+LoFTR-OT 47.5 / 72.2 / 84.8 54.2 / 74.8 / 85.5

Table 5: Visual localization evaluation on the InLoc [41]

benchmark.

Method
Pose estimation AUC

@5° @10° @20°

1) replace LoFTR with convolution 14.98 32.04 49.92

2) 1/16 coarse-resolution + 1/4 fine-resolution 16.75 34.82 54.0

3) positional encoding per layer 18.02 35.64 52.77

4) larger model with Nc = 8, Nf = 2 20.87 40.23 57.56

Full (Nc = 4, Nf = 1) 20.06 40.8 57.62

Table 6: Ablation study. Five variants of LoFTR are

trained and evaluated both on the ScanNet dataset.

Evaluation. We evaluate LoFTR on two tracks of VisLoc

that consist of several challenges. First, the “visual local-

ization for handheld devices” track requires a full localiza-

tion pipeline. It benchmarks on two datasets, the Aachen-

Day-Night dataset [38, 54] concerning outdoor scenes and

the InLoc [41] dataset concerning indoor scenes. We

use open-sourced localization pipeline HLoc [36] with the

matches extracted by LoFTR. Second, the “local features

for long-term localization” track provides a fixed localiza-

tion pipeline to evaluate the local feature extractors them-

selves and optionally the matchers. This track uses the

Aachen v1.1 dataset [54]. We provide the implementation

details of testing LoFTR on VisLoc in the supplementary

material.

Results. We provide evaluation results of LoFTR in Tab. 4

and Tab. 5. We have evaluated LoFTR pairing with either

the optimal transport layer or the dual-softmax operator and

report the one with better results. LoFTR-DS outperforms

all baselines in the local feature challenge track, showing

its robustness under day-night changes. Then, for the vi-

sual localization for handheld devices track, LoFTR-OT

outperforms all published methods on the challenging In-

Loc dataset, which contains extensive appearance changes,

more texture-less areas, symmetric and repetitive elements.

We attribute the prominence to the use of the Transformer

and the optimal transport layer, taking advantage of global

information and jointly bringing global consensus into the

final matches. The detector-free design also plays a criti-

cal role, preventing the repeatability problem of detector-

based methods in low-texture regions. LoFTR-OT performs

on par with the state-of-the-art method SuperPoint + Su-

perGlue on night queries of the Aachen v1.1 dataset and

slightly worse on the day queries.
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Figure 5: Qualitative results. LoFTR is compared to SuperGlue [37] and DRC-Net [19] in indoor and outdoor environ-

ments. LoFTR obtains more correct matches and fewer mismatches, successfully coping with low-texture regions and large

viewpoint and illumination changes. The red color indicates epipolar error beyond 5× 10−4 for indoor scenes and 1× 10−4

for outdoor scenes (in the normalized image coordinates). More qualitative results can be found on the project webpage.
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Figure 6: Visualization of self and cross attention weights and the transformed features. In the first two examples, the

query point from the low-texture region is able to aggregate the surrounding global information flexibly. For instance, the

point on the chair is looking at the edge of the chair. In the last two examples, the query point from the distinctive region can

also utilize the richer information from other regions. The feature visualization with PCA further shows that LoFTR learns a

position-dependent feature representation.

4.4. Understanding LoFTR

Ablation Study. To fully understand the different modules

in LoFTR, we evaluate five different variants with results

shown in Tab. 6: 1) Replacing the LoFTR module by con-

volution with a comparable number of parameters results in

a significant drop in AUC as expected. 2) Using a smaller

version of LoFTR with 1/16 and 1/4 resolution feature maps at

the coarse and fine level, respectively, results in a running

time of 104 ms and a degraded pose estimation accuracy. 3)

Using DETR-style [3] Transformer architecture which has

positional encoding at each layer, leads to a noticeably de-

clined result. 4) Increasing the model capacity by doubling

the number of LoFTR layers to Nc = 8 and Nf = 2 barely

changes the results. We conduct these experiments using

the same training and evaluation protocol as indoor pose

estimation on ScanNet with an optimal transport layer for

matching.

Visualizing Attention. We visualize the attention weights

in Fig. 6.

5. Conclusion

This paper presents a novel detector-free matching ap-

proach, named LoFTR, that can establish accurate semi-

dense matches with Transformers in a coarse-to-fine man-

ner. The proposed LoFTR module uses the self and cross

attention layers in Transformers to transform the local fea-

tures to be context- and position-dependent, which is crucial

for LoFTR to obtain high-quality matches on indistinctive

regions with low-texture or repetitive patterns. Our exper-

iments show that LoFTR achieves state-of-the-art perfor-

mances on relative pose estimation and visual localization

on multiple datasets. We believe that LoFTR provides a new

direction for detector-free methods in local image feature

matching and can be extended to more challenging scenar-

ios, e.g., matching images with severe seasonal changes.
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