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Abstract— Local feature extraction constitutes a foundational
module crucial for numerous downstream tasks of computer
vision. Its primary challenge lies in the generation of dis-
criminative feature representations. Prior methodologies have
employed contrastive learning within their pipelines, yet have
encountered limitations stemming from inherent conflicts within
their training data, including the ambiguity of negative samples
and the distortion of positive samples. In this study, we propose
a semantic-guided negative-sample-free method for local feature
learning, denoted as SNF-Feat. Our framework entails dense
patch-level representation learning without reliance on nega-
tive samples, aiming to ensure that descriptors derived from
transformed views of the same local area exhibit predictive
capability towards each other. To assess the impact of positive
sample distortion, we harness high-level semantic information
to derive point-wise loss weights. Furthermore, we establish
a self-supervised feature learning paradigm that extends our
utilization of datasets. Experimental results demonstrate the
superior performance of our method across a range of typical
datasets and tasks in comparison to state-of-the-art approaches.

I. INTRODUCTION

Local feature extraction serves as a foundational com-
ponent for numerous downstream tasks in computer vi-
sion, such as visual localization, SLAM (Simultaneous
Localization And Mapping), and SfM (Structure-from-
Motion)[1][2][3]. A local feature encompasses both a key-
point’s spatial location within the image and a descriptor, a
representation vector encoding the local patch information
surrounding the keypoint.[4]

Researchers have identified the ”describe-then-detect”
pipeline[5][6] as optimal for feature learning, wherein dis-
criminative descriptors are first generated for all points,
followed by the detection of keypoints exhibiting high
discrimination and repeatability. Consequently, descriptor
generation emerges as the primary challenge. We anticipate
that identical descriptors characterize the same local areas
across various images, while different descriptors distinguish
disparate local areas. State-of-the-art (SOTA) methodolo-
gies often employ contrastive learning as their foundational
approach[7], necessitating pairs of positive and negative
samples. Nevertheless, their efficacy is hindered by inherent
conflicts within the training data, including the ambiguity of
negative sample pairs and the distortion of positive ones.

In contrastive-learning-based methods, descriptor learning
necessitates triplet training samples. For instance, consid-
ering a feature point p1 in I1 as the anchor point, along
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Fig. 1. Features extracted by SNF-Feat. Many of our features are situated
within regions of high uniqueness and distinctiveness, thereby endowing our
feature with superior matching capabilities.

with the transformation information between I1 and I2,
we can ascertain its corresponding point p2+ in I2 as the
positive point, and designate another point p2− in I2 as the
negative point. For the triplet (p1,p2+,p2−), descriptors
(d1,d2+,d2−) are derived from descriptor sets. To foster
the acquisition of discriminative descriptors, these method-
ologies aim to minimize the distance between d1 and d2+,
while simultaneously maximizing the distance between d1

and d2−. [8]
SOTA methodologies contend that negative samples are

crucial to avert model collapse. Nevertheless, in typical
scenes, local patches surrounding p1 and hand-crafted p2−
may exhibit a degree of similarity, such as certain cyclic
structural components depicted on the left in Figure 2.
This inherent ambiguity introduces false negatives, poten-
tially leading to model degradation. Given the difficulty
in establishing a definitive criterion for discerning entirely
dissimilar point pairs, we naturally contemplate the omission
of negative samples.

Recent studies indicate that negative samples are not
indispensable for image-level representation learning. Grill et
al.[9] and Chen et al.[10] have demonstrated that solely uti-
lizing positive samples can forestall model collapse through
certain training strategies. In this paper, we propose a
dense patch-level representation learning approach devoid
of negative samples for descriptor training. Our aim is
that descriptors of image patches from transformed views
of the same area can exhibit predictive capability towards
each other, obviating the need for blind assignment of
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Ambiguity of Negative Samples Distortion of Positive Samples

Fig. 2. Illustration of negative ambiguity and positive distortion. True negative samples exhibit markedly distinct appearances compared to the anchor
sample, whereas false negatives, although differing in spatial location from the anchor, are challenging to differentiate from the anchor. Good positive
samples maintain the structural integrity of the anchor, whereas distorted positive samples seldom exhibit meaningful structural coherence.

negative pairs. We employ a stop-gradient mechanism to
mitigate model collapse. Experimental results demonstrate
that our method achieves comparable accuracy and superior
efficiency compared to methods that necessitate negative
samples.

Another concern that has been insufficiently addressed
is the distortion of positive samples. Representation learn-
ing mandates that positive sample pairs originate from
widely varied viewpoints, environmental conditions, or self-
supervised transformations. However, such random variations
can potentially distort the scene structure, thereby diminish-
ing positive confidence and potentially impairing optimiza-
tion, as illustrated on the right in Figure 2. Consequently,
we endeavor to assess the semantic consistency of synthetic
image pairs using a real-time off-the-shelf semantic parsing
model and incorporate weights into our prediction loss to
mitigate the impact of distorted positive samples. Experimen-
tal findings demonstrate that semantic assistance enhances
the performance of our negative-sample-free model.

SOTA methodologies traditionally rely on externally mea-
sured camera poses and scene depth maps to establish
positive correspondences, yet the stringent requirement for
precise ground truth imposes limitations on their dataset
utilization capabilities. In this study, we employ random
homography matrices to generate synthetic image pairs as
positive samples, enabling us to utilize diverse image datasets
and facilitate self-supervised feature learning, thereby en-
hancing the generalization ability of our model.

In summary, our contributions are as follow:

• We propose a negative-sample-free representation learn-
ing method aimed at extracting discriminative local
features, thereby circumventing ambiguous point cor-
respondences.

• We leverage high-level semantic information to con-
struct consistency weights for the foundational loss,
enabling the assessment of positive sample distortion
for robust training.

• We establish a self-supervised feature learning frame-

work applicable to widely-distributed datasets. Experi-
mental results demonstrate the outstanding performance
of our method across challenging vision tasks.

II. RELATED WORK

A. Local Feature Learning

Early deep feature detectors initially mimicked hand-
crafted features, adhering to the detect-then-describe
pipeline[11][12][13], which seemed intuitive. These de-
tectors attempted to replace detection or/and description
modules using Convolutional Neural Networks (CNNs).
SuperPoint[3] devised a detect-and-describe pipeline where
detection and description share the encoder while main-
taining independent decoders. ALIKE[14] proposed a partly
differentiable keypoint detection module.

Keypoints are primarily regarded as distinguishable points,
prompting the adoption of the describe-then-detect pipeline.
D2-Net[5] utilized a triplet loss for training the description
module and generated a score map from descriptors in a
non-learnable manner. ASLFeat[7] improved upon D2-net
by incorporating deformable convolution layers to enhance
keypoint localization. R2D2[15] introduced an additional
indirect repeatable loss. Policy gradient techniques are used
by DISK[16] to tackle the issue of discreteness encountered
during the selection of sparse keypoints. CAPS[17] and
PosFeat[6] designed an epipolar loss for weakly supervised
descriptor learning. PUW-Feat[18] devised a progressive and
unified pipeline for description and detection, aiming to en-
hance training robustness, and simplified keypoint learning.

In the describe-then-detect paradigm, keypoints learning
modules can capture a wealth of high-level information,
rendering them more accurate and robust, thus becoming
the mainstream of local feature learning. However, despite
their advantages, SOTA methods still rely on negative sample
pairs, which may introduce harmful ambiguity.

B. Representation Learning

The feature descriptor, serving as the core task in our local
feature learning method, can be viewed as a dense patch-
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level instance of representation learning. Contrastive learning
emerged as an early solution to representation learning,
wherein it attracts positive sample pairs while repulsing nega-
tive sample pairs[19]. Notably, SimCLR[20] simply treats all
other samples in the current batch as negative samples, thus
requiring a large batch size for optimal performance. On the
other hand, Moco[21] constructs a dynamic dictionary with a
queue to store historical negative samples and transforms one
branch into a momentum encoder to maintain inter-sample
consistency.

Certain methods aim to avoid explicit utilization of neg-
ative samples. For instance, SwAV[22] simultaneously clus-
ters all historical samples while enforcing consistency be-
tween cluster assignments from different views of the same
image, with cluster centers implicitly playing the negative
role.

More recently, researchers have discovered that negative
samples can be completely disregarded in representation
learning. BYOL[9] exclusively employs positive samples to
train discriminative representations with the assistance of a
momentum encoder. SimSiam[10] has demonstrated that a
simple ”stop-gradient” strategy can prevent model collapse
in negative-sample-free learning. However, these approaches
are predominantly focused on the image-level.

III. PROPOSED METHOD

In this part, we elaborate on our method, SNF-Feat. Our
model constitutes a deep neural network that receives an
RGB image I as input and produces both a dense descriptor
map D and a keypoint score map S. We commence by
presenting our network architecture and its utilization across
various stages in Section III-A. The fundamental negative-
sample-free training pipeline is elucidated in Section III-
B. Furthermore, we introduce the semantic-guided loss for
robust training in Section III-C. Lastly, Section III-D delves
into the implementation specifics of our dataset and the
settings of training parameters. The comprehensive training
pipeline is illustrated in Figure 3.

A. Network Architecture

Our network comprises three modules: the encoder, pro-
jector Fpj , and predictor Fpd. Throughout the training
process, all these modules are utilized; however, during
deployment, only the encoder remains relevant. The encoder
consists of two components: a descriptor encoder Fd and
a keypoint encoder Fk, which undergo training in two
distinct stages. The descriptor encoder represents our primary
challenge and is pivotal to our methodology.

During the descriptor training stage, when presented with
a pair of images (I1 ∈ Rh1×w1×3, I2 ∈ Rh2×w2×3) depicting
the same scene along with their corresponding points set C,
the description encoder generates dense representation maps

D1 = L2-norm(Fd(I1) ∈ Rh1×w1×cd) (1)

D2 = L2-norm(Fd(I2) ∈ Rh2×w2×cd) (2)

They can be interpreted as descriptors encapsulating infor-
mation about the local patches surrounding each pixel within
the images.

Subsequently, the projector Fpj , implemented as a Mul-
tilayer Perceptron (MLP), is utilized to map the dense
descriptors into a latent space

G1 = Fpj(D1) ∈ Rh1×w1×cg (3)

G2 = Fpj(D2) ∈ Rh2×w2×cg . (4)

Finally, we employ another MLP, known as the predictor
Fpd, to facilitate the mutual prediction of corresponding
feature representations

Z1 = Fpd(G1) ∈ Rh1×w1×cz (5)

Z2 = Fpd(G2) ∈ Rh2×w2×cz (6)

During the detection training stage, we require pairs of
images (I1, I2) along with the correspondence C as the input.
Utilizing these inputs, we generate descriptor maps (D1, D2)
through the description encoder. Subsequently, we employ
the keypoint encoder Fk, a shallow CNN branch, to produce
keypoint score maps

S1 = Fk(D1) ∈ Rh1×w1×1 (7)

S2 = Fk(D2) ∈ Rh2×w2×1 (8)

which encapsulate the confidence levels associated with each
point on the images, thereby serving as effective feature
keypoints.

B. None-Negative Loss

Initially, let’s focus on the descriptor training stage.
We commence with a single RGB image I1 as input. Sub-

sequently, a homography matrix H is randomly generated
and applied to I1 to yield a transformed image I2, along with
a dense correspondence set C. Importantly, our approach is
self-supervised, obviating the need for external ground truth
such as poses or depth maps.

Let’s assume we have a point pi
1 in I1 as the anchor point.

By referencing C, we can ascertain its corresponding point pi
2

in I2. These points represent the 2D projection of the same
spatial point pi, albeit observed from different viewpoints
and environmental conditions. Consequently, descriptors di

1

and di
2 are obtained for pi

1 and pi
2, respectively, from D1

and D2. Our objective in this paper is for descriptors di
1

and di
2 to predict each other, thereby eliminating the need

for exhaustive mining of negative sample pairs to learn
discriminative local feature representations.

The descriptor loss of a certain point pi is

Ld(p
i) = 1− 1

2
[cosim(zi

1, stopgrad(gi
2))

+ cosim(zi
2, stopgrad(gi

1))],
(9)

Here we don’t directly utilize the original descriptors them-
selves for mutual prediction. Instead, we manipulate the out-
puts of the projector and predictor modules gi

1 ⊂ G1, g
i
2 ⊂

G2 and zi
1 ⊂ Z1, z

i
2 ⊂ Z2. The cosine similarity metric,
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Fig. 3. SNF-Feat Training Pipeline. During the descriptor training phase, we employ a Siamese network architecture in conjunction with an auxiliary
predictor, stop-gradient strategy, and semantic-assistance. We anticipate that corresponding descriptors will exhibit predictive capabilities towards one
another. Our descriptor loss function is symmetric, albeit only half is depicted in the figure for enhanced clarity. In the detector training phase, we optimize
the keypoint score maps based on the values derived from the descriptor loss.

denoted as cosim, serves as the evaluation criterion for mu-
tual prediction accuracy. The primary strategy employed is
stopgrad, which involves treating the object of this operation
as a constant to halt the backward gradient flow[10], thereby
ensuring the effective functioning of the model.

Subsequently, we can establish the fundamental structure
of the descriptor loss:

Ld =
1

|C|
∑
pi∈C

Ld(p
i). (10)

During the initial stage, we exclusively train the de-
scriptor encoder while disregarding the keypoint encoder.
Once the description training converges, we freeze the de-
scriptor encoder and proceed to train the keypoint encoder.
As previously discussed, the descriptor loss value serves
as an indicator of the matching capability of each point,
with corresponding point pairs sharing identical loss values.
Consequently, we can construct the training target for score
maps using descriptor loss values. Subsequently, we optimize
the keypoint encoder with respect to this target to extract
discriminative and repeatable keypoints.

The keypoint score loss is

Lk =
1

|C|
∑
pi∈C

√
(
1

2
(si1 + si2)− (1− Ld(p

i)))2 (11)

where si1 ⊂ S1 is the keypoint score of pi
1 in I1, si2 ⊂ S2 is

the keypoint score of pi
2 in I2 and Ld(p

i) is the descriptor
loss value of the shared spatial point pi.

C. Semantic Consistency Weights

Various transformations between positive image pairs have
the potential to distort the underlying scene structure, and
in some cases, may even obliterate it, particularly with the
random homography transformations utilized in this study.
Put differently, the reliability of positive pairs cannot be

strictly guaranteed, and such distortion may exacerbate per-
formance degradation. To address this issue, we propose the
incorporation of a semantic consistency metric as weights
on the basic loss to assess the reliability of positive sample
pairs.

To implement this, we introduce a pretrained off-the-
shelf semantic parsing model Fsm with the same backbone
architecture as our encoder. However, we exclude the final
classification head layer and upsample the output to match
the resolution of the input image. During each training
iteration, the image pair is simultaneously processed with
Fsm and the descriptor encoder.

M1 = Fsm(I1) ∈ Rh1×w1×cm (12)

M2 = Fsm(I1) ∈ Rh2×w2×cm (13)

Subsequently, we compute the point-wise Jensen-Shannon
divergence[23] between M1 and M2 based on the the corre-
spondence set C:

w(pi) = 1− JS(mi
1||m

i
2). (14)

where mi
1 ⊂ M1 and mi

2 ⊂ M2 are the semantic parsing
outputs of the spatial point pi in I1 and I2. A high w(pi)
indicates that the semantic parsing model identifies the
consistency of the inner structure between pi

1 and pi
2, thereby

affirming the reliability of this positive point pair. It is worth
noting that although the upper bound of the Jensen-Shannon
divergence is ln 2, we select 1 as the threshold for our
semantic weights. This decision is made to constrain the
diversity of weights, ensuring that the semantic model merely
serves as an assisting component.

Finally we can build the complete format of our descriptor
loss with semantic-guided weights

L̂d =
∑
pi∈C

w(pi)∑
pi∈C

w(pi)
Ld(p

i). (15)
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Hence points exhibiting higher semantic consistency assume
greater importance in loss computation.

It’s important to note that the semantic weights are ex-
clusively utilized during the description training stage. Once
this stage converges, indicating that the description encoder
has effectively acquired the ability to produce discriminative
feature representations, we revert to employing the basic
descriptor loss value as the target during the detection
training stage.

D. Implementation Details

Network Details. For the crucial description encoder
module, we implement a novel real-time network architecture
called NDNet[25]. We omit its classification head layer and
upsample the output to match the resolution of the input
image, resulting in a dense descriptor map with cd = 256.
The semantic parsing model shares the same structure as
the description encoder and cm = 256, but is initialized
with weights pretrained by a semantic segmentation task.
The projector consists of a 3-layer MLP with cg = 128. The
first two layers incorporate batch normalization and ReLU
activation functions, while the final layer includes only batch
normalization. The predictor is constructed as a 2-layer MLP
featuring a bottleneck structure with cz = 128. Only the
first layer includes batch normalization and ReLU activation
functions. Finally, the detection encoder is comprised of a 3-
layer shallow CNN. A Sigmoid activation function is applied
to the output of the detection encoder to confine the keypoint
scores within the range [0, 1].

Training Details. We utilize Microsoft COCO[24] dataset,
renowned for its wide distribution, to ensure the general-
ization ability of our model. Input images are randomly
cropped to a uniform shape of 256 × 256. We implement
a random homography matrix generation tool. Furthermore,
we employ colorjitter and gaussion blur to simulate environ-
ment changes. We utilize the SGD optimizer with Nesterov
momentum set at 0.9 and weight decay at 1e-4. The initial
learning rate is set to 2e-4 and decreases exponentially at a
rate of 0.9. Our model is trained on two NVIDIA RTX-4090
GPUs. During the description training stage, convergence is
achieved after 150 epochs, while the detection training stage
converges within 30 epochs.

Deployment. During deployment on real downstream
tasks, only the description encoder and keypoint encoder
are utilized. It’s important to normalize descriptors using L2
normalization. Additionally, non-maximum suppression is
applied to the keypoint score map, followed by the extraction
of points with high scores as final feature points.

IV. EVALUATION

We compare our method with SOTA methods, they can be
categorized into three types:

• Detect-Then/And-Describe Methods: HesAffNet[26]
with HardNet++[27], SIFT[4] with ContextDesc[13],
SIFT with CAPS[17], SuperPoint[3]

• Describe-then-Detect Methods: R2D2[15], D2-Net[5],
ASLFeat[7], DISK[16], and PosFeat [6]

TABLE I
MMASCORE RESULTS FROM DIFFERENT METHODS ON THE HPATCHES

DATASET.

Methods
MMAScore

Overall
MMAScore
Illumination

MMAScore
Viewpoint

HAN + HN++ 0.628 0.636 0.620
SIFT + ContextDesc 0.641 0.623 0.659

SIFT + CAPS 0.694 0.765 0.626
SuperPoint 0.660 0.725 0.597

R2D2 0.691 0.727 0.656
D2-Net 0.529 0.607 0.454

ASLFeat 0.736 0.791 0.683
DISK 0.771 0.820 0.725

PosFeat 0.736 0.819 0.657
SNF-Feat(Ours) 0.794 0.887 0.704

• Matcher methods: SuperGlue[28] + SuperPoint, Sparse-
NCNet[29], LoFTR[30], Patch2Pix[31], CoAM[32]

For experiment results tables in this section, red means
this result is the best result in this metric, green means the
second best.

A. Feature Matching

In this experiment, we assess the performance of our
method through a standard feature matching task conducted
on the Hpatches[33] dataset. This dataset comprises 116
sequences, each consisting of 6 images with known ho-
mography matrices. The diversity within each sequence is
categorized into two aspects: illumination and viewpoint
variations. For every sequence, we designate the first image
as the reference, matching the remaining images against it.

Our evaluation metric, mean matching accuracy MMA[34],
quantifies the ratio of correct matches to possible matches.
We vary the matching threshold Thm from 1 pixel to
10 pixels, and compute a weighted sum of MMA across
different thresholds[6] to derive an overall evaluation.

MMAScore =

10∑
Thm=1

[(2− 0.1Thm) ·MMA@Thm]

10∑
Thm=1

(2− 0.1Thm)

(16)
Results. As depicted in Figure 4 and summarized in Table

I, our SNF-Feat achieves SOTA performance on the Hpatches
dataset. When confronted with illumination changes, SNF-
Feat surpasses all previous methods, showcasing its robust-
ness to challenging environmental variations. In the face of
viewpoint changes, only DISK[16] exhibits superior perfor-
mance to our method. However, it’s important to note that
DISK relies on camera pose transformations and dense depth
maps, which are pre-computed by a resource-intensive SfM
tool to establish pixel-to-pixel correspondences. Additionally,
DISK employs exhaustive reinforcement learning for training
keypoint locations. In contrast, our method does not require
external supervision or reinforcement learning, making it
simpler to train and transfer to other datasets, thereby of-
fering superior deployment performance.
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Fig. 4. MMA results of different methods on various matching thresholds in the Hpatches dataset with viewpoint and illumination change.

TABLE II
ABLATION EXPERIMENTS OF SNF-FEAT

Negative Sampling
Strategy

Semantic
Guiding MMAScore Mem/GB

random ✗ 0.665 23.8
hardest ✗ 0.776 29.9
hardest ✓ 0.787 39.8
none ✗ 0.762 16.8
none ✓ 0.794 26.7

B. Ablation Study

Building upon the feature matching experiment conducted
on the Hpatches dataset, we delve deeper into understanding
the contributions of non-negative learning and semantic-
guided strategies within our method. For comparison pur-
poses, we train our network using four alternative pipelines:

• Utilizing random-negative sampling strategy.
• Employing hardest negative sampling strategy, a com-

mon approach in SOTA methods.
• Integrating hardest negative sampling strategy with

semantic-guided weights.
• Employing non-negative strategy without semantic-

guided weights.
All other design aspects and hyperparameters remain con-
stant across these pipelines. We evaluate the MMAScore
and GPU memory usage using the same input batch size
to provide a comprehensive comparison.

Results The ablation experiments presented in Table II
demonstrate that our method effectively prevents model
collapse without relying on negative sample pairs. When
compared with the random-negative sampling method, our
approach achieves superior accuracy by circumventing the
disruptive effects of false-negative samples. Although the
hardest-negative sampling method surpasses simple negative-
free method in terms of matching ability metric, it’s notewor-
thy that our method doesn’t necessitate the extensive similar-
ity matrix with a size of O(n2) required by hardest-negative
mining, thereby conserving training costs. Furthermore, our

TABLE III
VISUAL LOCALIZATION RESULTS OF DIFFERENT METHODS ON THE

AACHEN-DAY-NIGHT DATASET.

Methods (0.5m, 2◦) (1m, 5◦) (5m, 10◦)
SuperPoint 73.9 78.1 90.5

R2D2 76.5 90.2 100
D2-Net 74.8 87.0 99.8

ASLFeat 81.4 89.7 100
PosFeat 80.2 89.5 100

SuperGlue +
SuperPoint 79.2 90.7 100

Sparse-NCNet 76.3 85.0 98.3
Patch2Pix 79.4 88.3 100

SNF-Feat(Ours) 81.6 90.5 100

experiments validate that semantic-guided weights enhance
our model’s performance by suppressing the distortion in
random transformed image pairs.

C. Visual Localization

Next, we evaluate SNF-Feat on the Aachen Day-
Night dataset[35] for the visual localization task. This
dataset provides sample codes for evaluating local features
within the context of long-term visual localization. Various
threshold settings are employed for evaluation, including
(0.5m, 2◦), (1m, 5◦), (5m, 10◦).

Results. As illustrated in Table III, SNF-Feat achieves
SOTA performance on the Aachen Day-Night visual local-
ization benchmark. While some methods demonstrate com-
parable or slightly superior accuracy, they are often accom-
panied by certain limitations. For instance, SuperGlue[28]
+ SuperPoint[3] is a heavy and slow mixed method.
ASLFeat[7] requires hardest-negative sampling and imposes
high memory requirements. PosFeat[6] relies on reinforce-
ment keypoint learning, entailing high training costs. There-
fore, our method exhibits the best comprehensive perfor-
mance on the visual localization task.

D. 3D Reconstruction

We assess SNF-Feat on the ETH local feature
benchmark[36] for the 3D-construction task, employing
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TABLE IV
3D RECONSTRUCTION RESULTS FROM DIFFERENT METHODS ON THE

ETH LOCAL FEATURE BENCHMARK.

Subset Method Imgs Pts
Track

Length
Reproj.

Err.

South
Building

SuperPoint 128 159k 7.22 0.94
RFP 128 105k 7.83 0.87

DISK 128 120k 9.89 0.58
PosFeat 128 139k 8.78 0.65

SNF-Feat(Ours) 128 149k 9.69 0.58

Madrid
Metropolis

SIFT + CAPS 860 245k 6.19 1.02
SuperPoint 442 30k 9.06 1.05

D2-Net 510 86k 6.36 1.30
ASLFeat 620 100k 8.80 0.90
PosFeat 407 69k 9.11 0.93
CoAM 708 260k 6.12 1.28

SNF-Feat(Ours) 489 95k 9.14 0.88

Gendar-
menmarkt

SIFT + CAPS 1189 621k 5.35 1.01
SuperPoint 970 95k 7.28 1.05

D2-Net 1049 252k 5.19 1.20
ASLFeat 1060 223k 8.62 0.94
PosFeat 966 241k 8.45 0.99
CoAM 1068 575k 6.69 1.29

SNF-Feat(Ours) 979 240k 8.64 0.95

Tower of
London

SIFT + CAPS 1101 450k 5.83 1.01
SuperPoint 685 53k 8.69 0.95

D2-Net 788 181k 5.40 1.21
ASLFeat 823 230k 12.48 0.92
PosFeat 779 265k 11.59 1.04
CoAM 814 240k 5.82 1.27

SNF-Feat(Ours) 798 256k 12.68 0.96

four metrics: the number of registered images (Imgs.), the
number of sparse points (Pts.), average track length (Track
Length), and mean re-projection error (Reproj. Err.).

Results. On the ETH local feature benchmark, our method
achieves competitive results on the average track length and
mean re-projection error metric, as outlined in Table IV.
Given that our training process solely necessitates positive
sample pairs generated by random homography transfor-
mations, we can leverage widely-distributed datasets. The
incorporation of semantic-guided weights further enhances
the authenticity of our training. Consequently, our model
demonstrates proficiency in handling challenging large-scale
outdoor scenes with diverse content.

V. CONCLUSIONS AND FUTURE WORK

In this paper, we introduce a novel local feature extraction
method, SNF-Feat. By proposing negative-sample-free repre-
sentation learning from image-level to dense patch-level, we
train discriminative feature representations while effectively
preventing model collapse. Consequently, we mitigate the
disturbance caused by potential false-negative samples and
notably reduce memory usage. Furthermore, we incorporate
an off-the-shelf semantic parsing model to enhance the au-
thenticity of our training data while preserving generalization
ability. We accomplish a self-supervised learning paradigm
for the convenience of utilizing any datasets. Experimental
results demonstrate that SNF-Feat outperforms SOTA meth-
ods comprehensively.

In the future, we intend to explore better keypoint local-
ization strategies to enhance the meaningfulness of spatial
components represented by our features.
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