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Segment Anything Model Is a Good Teacher for
Local Feature Learning
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Abstract—Local feature detection and description play an
important role in many computer vision tasks, which are designed
to detect and describe keypoints in any scene and any down-
stream task. Data-driven local feature learning methods need
to rely on pixel-level correspondence for training. However,
a vast number of existing approaches ignored the semantic
information on which humans rely to describe image pixels. In
addition, it is not feasible to enhance generic scene keypoints
detection and description simply by using traditional common
semantic segmentation models because they can only recognize a
limited number of coarse-grained object classes. In this paper, we
propose SAMFeat to introduce SAM (segment anything model),
a foundation model trained on 11 million images, as a teacher to
guide local feature learning. SAMFeat learns additional semantic
information brought by SAM and thus is inspired by higher
performance even with limited training samples. To do so, first,
we construct an auxiliary task of Attention-weighted Seman-
tic Relation Distillation (ASRD), which adaptively distillates
feature relations with category-agnostic semantic information
learned by the SAM encoder into a local feature learning
network, to improve local feature description using semantic
discrimination. Second, we develop a technique called Weakly
Supervised Contrastive Learning Based on Semantic Grouping
(WSC), which utilizes semantic groupings derived from SAM as
weakly supervised signals, to optimize the metric space of local
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descriptors. Third, we design an Edge Attention Guidance (EAG)
to further improve the accuracy of local feature detection and
description by prompting the network to pay more attention
to the edge region guided by SAM. SAMFeat’s performance
on various tasks, such as image matching on HPatches, and
long-term visual localization on Aachen Day-Night showcases
its superiority over previous local features. The release code is
available at https://github.com/vignywang/SAMFeat.

Index Terms—Local feature and descriptor learning, segment
anything model, computer vision.

I. INTRODUCTION

OCAL feature detection and description is a basic task of

computer vision, which is widely used in image matching
[1], structure from motion (SfM) [2], simultaneous localization
and mapping (SLAM) [3], visual localization [4], and image
retrieval [5] tasks. Traditional schemes such as SIFT [6], and
ORB [7] based hand-crafted heuristics are not able to cope
with drastic illumination and viewpoint changes [1]. Under
the wave of deep learning [8], [9], [10], [11], [12], many
data-driven local feature learning methods [13], [14] have
recently achieved excellent performance. While many works
have been done for training local descriptors based on com-
pletely accurate and dense ground truth correspondences [15]
between image pairs, a vast number of these works ignored
the semantic information on which humans rely to describe
image pixels. Even though few previous works adapted the
straightforward idea of using traditional common semantic
segmentation models to facilitate the detection and description
of keypoints, it is not feasible in practice because they can only
recognize a limited number of coarse-grained object categories
and are not competent for keypoint detection and description
in generalized scenarios [16].

Recently, foundation models [17] have revolutionized the
field of artificial intelligence [18]. These models, trained
on billions of examples, presented strong zero-shot gener-
alization capabilities across a variety of downstream tasks.
In this study, we advocate the integration of SAM [16],
a foundation model that is able to segment “anything” in
“any scene”, into the realm of local feature learning. This
synergy enhances the robustness and enriches the supervised
signals available for local feature learning, encompassing high-
level category-agnostic semantics and detailed low-level edge
structure information.

In recent years, works have attempted to introduce pixel-
level semantics of images (i.e. semantic segmentation) into
local feature learning-based visual localization. Some methods
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Fig. 1. (a): Difference between segment anything model and common semantic segmentation model. (b): Schematic diagram of proposed SAMFeat.

utilized semantic information to filter keypoints [19] and
optimize matching [20], while other works utilized semantic
information [21] to guide the learning of keypoints detection
and improve the performance of the local descriptors in
a specific visual localization setting by using feature-level
distillation. However, these visual localization pipelines and
methods are based on common semantic segmentation models
and are difficult to generalize to feature matching tasks. As
shown in Figure 1 (a), this is because, on one hand, common
semantic segmentation can only assign semantics to limited
categories (e.g. cars, streets, people) which is difficult to
generalize to generic scenarios and open world situations [16].
On the other hand, the semantic information for semantic
segmentation is coarse-grained, e.g., pixels of wheels and win-
dows are given the same labels for a car. This is detrimental to
mining the unique discriminative properties of local features.

The recent SAM [16] is a visual foundation model trained
on 11 million images that can segment any objects based on
prompt input. Compared to common semantic segmentation
models, SAM has three unique properties that can be used
to fuel local feature learning. i) SAM is trained on a large
amount of data, and therefore, can segment any object and can
be adapted to any scene rather than being limited to certain
categories and scenes like common semantic segmentation
models. SAM’s robust zero-shot performance could be a
helpful enhancement in learning and describing features in
complex scenes. ii) SAM can obtain fine-grained component-
level semantic segmentation results, thus allowing for more
accurate modeling of semantic relationships between pixels.
In addition, SAM can derive fine-grained category-agnostic
semantic masks that can be used as semantic groupings of
pixels to guide local feature learning. iii) SAM can detect more
detailed edges, whereas edge regions tend to be more prone
to critical points and contain more distinguishing information,
which helps feature learning by providing accurate guidance
in keypoint localization.

In our SAMFeat, we propose three special strategies to boost
the performance of local feature learning based on these three

properties of SAM. First, we construct an auxiliary task of
Attention-weighted Semantic Relation Distillation (ASRD) for
distilling category-agnostic pixel semantic relations learned
by the SAM encoder into a local feature learning network
with attention guide, thus using semantic discriminative to
improve local feature description. Second, we develop a tech-
nique called Weakly Supervised Contrastive Learning Based
on Semantic Grouping (WSC) to optimize the metric space
of local descriptors using SAM-derived semantic groupings
as weakly supervised signals. Third, we design an Edge
Attention Guidance (EAG) to further improve the localization
accuracy and description ability of local features by prompting
the network to pay more attention to the edge region. Since
the SAM model is only used as a teacher during training, our
SAMFeat can efficiently extract local features during inference
without burdening the computational consumption of the SAM
network.

II. RELATED WORK
A. Local Features and Beyond

Early hand-crafted local features have been investigated
for decades and are comprehensively evaluated in [22]. In
the wave of deep learning, many data-driven learnable local
features have been proposed for improving detectors based
on different focuses on [23] and [24], descriptors [25], [26],
[27], [28], and end-to-end detection and description [13], [29],
[30], [31], [32], [33], [34]. Beyond localized features, some
learnable advanced matchers have recently been developed
to replace the traditional nearest neighbor matcher (NN) to
get more accurate matching results. Sparse matchers such as
SuperGlue [35] and LightGlue [36] take off-the-shelf local
features as input to predict matches using a GNN or Trans-
former, however, their time complexity scales quadratically
with the number of keypoints. Dense matchers [37], [38], [39]
compute the correspondence between pixels end-to-end based
on the correlation volume, while they spend more memory and
space consumption than sparse matchers [21]. Recently, some
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works [40], [41] have been devoted to building large-scale
matchers. While they achieved strong performance, the train-
ing data and computational resources required are extremely
high, and the inference speed for real-time applications still
requires improvements. Our work centers on enhancing the
efficiency and performance of an end-to-end generalized local
feature learning approach. We aim to achieve performance
comparable to advanced matchers while only using nearest-
neighbor matching across various downstream tasks. This is
particularly crucial in resource-constrained scenarios demand-
ing high operational efficiency.

B. Segment Anything Model

The Segment Anything Model (SAM) [16] has achieved
remarkable advancements in expanding the scope of segmen-
tation tasks, thereby significantly fostering the evolution of
fundamental models in computer vision. SAM incorporates
prompt learning techniques in the field of NLP to flexibly
implement model building and builds an image engine through
interactive annotations, which performs better in techniques
such as instance analysis, edge detection, object proposal,
and text-to-mask. SAM is specifically designed to address the
challenge of segmenting a wide range of objects in complex
visual scenes. Unlike traditional approaches that focus on
segmenting specific object classes, SAM’s primary objective is
to segment anything, providing a versatile solution for diverse
and challenging scenarios. Many works [42], [43] now build
upon SAM for downstream vision tasks such as zero-shot
camouflaged object detection [44], open-world segmentation
[45], specific niche segmentation [46], etc [47]. Unlike them,
we advocate for the application of SAM to local feature
learning. To the best of our knowledge, our work is the first
to apply SAM to feature learning and matching tasks. There
is, indeed, other newly proposed state-of-the-art work that
incorporates other visual foundation models to tackle feature
learning tasks. For example, ROMA [40] proposed to incorpo-
rate the encoder from DINO-V2 [48] directly into their feature
learning framework and fine-tune it in the training stage.
However, the computational cost for training and inference
of such a method is extremely high, and only knowledge
about the encoded feature can be provided that way. Since
there are needs for high operational efficiency requirements
in real-time local feature matching applications, we choose
not to incorporate SAM directly into the pipeline. To further
leverage the full knowledge from SAM while maintaining high
efficiency and inference speed, we treat SAM as a teacher to
bootstrap local feature learning, thus using SAM only in the
training phase.

C. Semantics in Local Feature Learning

Prior to our work, semantic information had solely been
incorporated into the visual localization task as a means
to mitigate the challenges posed by low-level local features
when dealing with severe image variations. Some early works
incorporated semantic segmentation into the visual localization
pipeline for filtering matching points [49], [50], improving
2D-3D matching [51], [52], and estimating camera position
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Fig. 2. The overview of our SAMFeat: detection head (Det Head) performs
keypoint detection; description head (Des Head) performs feature description;
attention head (Att Head) performs attention learning; edge head performs
edge depiction, and feature distillation head (Distill Head) performs feature-
level distillation. All processes are performed end-to-end.

[53]. Some recent works [21], [54] have attempted to intro-
duce semantics into local feature learning to improve the
performance of visual localization. Based on the assumption
that high-level semantics are insensitive to photometric and
geometric, they enhance the robustness of local descriptors
on semantic categories by distilling features or outputs from
semantic segmentation networks. However, semantic segmen-
tation tasks can only segment certain specific categories
(e.g., visual localization-related street scenes), preventing such
approaches from generalizing to open-world scenarios and
making them effective only on visual localization tasks. In
contrast, we introduce SAM for segmenting any scene as a
distillation object and propose the category-agnostic Attention-
weighted Semantic Relation Distillation (ASRD) scheme to
enable local feature learning to enjoy semantic information in
scenes beyond visual localization. In addition, we also propose
Weakly Supervised Contrastive Learning Based on Semantic
Grouping (WSC) and Edge Attention Guidance (EAG) to
further motivate the performance of local features based on the
special properties of SAM. Based on the above improvements,
our SAMFeat makes it possible for local feature learning to
more fully utilize semantic information and benefit in a wider
range of scenarios.

III. METHODOLOGY
A. Overview

In this section, we provide the detailed methodology pro-
posed in this paper. Specifically, in subsection III-B, we first
introduce the overall structure of the SAMFeat model: this
includes the details of the backbone, three existing heads
(keypoint detection head, attention head, feature description
head) from the baseline model, and the proposed edge head
and the distill head of SAMFeat. Positions, shapes, and
relationships between backbones and heads are explained in
this subsection. In subsection III-C, we introduce the gifts and
knowledge brought by the SAM model and the intuition of
why using them in feature learning and matching tasks. In
the following subsection III-D, we further introduce, in detail,
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Fig. 3. The detailed overview of SAMFeat. SAMFeat takes an image. / as input, which will be fed into the encoder backbone to generate a multi-scale feature
pyramid Cy, Ca, C3, and Cy4. The intermediate features will be used as input to different heads, as described in Sec. III-B, where the detection head (det head)
is for keypoint detection; the description head (des head) for feature description; the attention head (att head) performs attention learning; the edge head for
edge depiction, and the feature distillation head (distill head) for feature-level distillation. The teacher model SAM provides fruitful knowledge, described in
Sec. III-C, including robust features with semantic relationship, edge map, and semantic grouping. This knowledge is used to supervise the training process of
SAMFeat via different losses: detection loss Lge; edge loss L,uq; distillation loss Lgs; description loss Lgey; and Weakly Supervised Contrastive Learning
loss L, described in Sec. III-E. Notice that SAM is only applied in the training phase, while there is no computational cost in the inference phase.

how we use them and the logical flow behind them. In the last
subsection III-E, we explain how we formulate the previous
knowledge from SAM to supervision signals to guide the
training of SAMFeat.

B. Overall Structure

Our SAMFeat uses a backbone for feature extraction, along
with several heads serving different purposes end-to-end. The
simple overview of SAMFeat is shown in Figure 2 and the
detailed network structure is shown in Figure 3.

1) Backbone: We use an eight-layer VGG-style backbone
encoder following [13] to extract feature maps. The encoder
consists of 3 X 3 convolutional layers, relu layers, and max-
pooling layers. For a H x W image I, we concatenate
multiscale feature map outputs on the channel dimension
(Cl c RHXWX64’C2 c R%HX%WX64’C3 c IR%HX%WXIZE’C4 c
R%Hx%lezg) by resizing all spatial feature maps to the size
#H x W, and deliver to different heads that servers different
purposes: the detection head (det head) is for keypoint detec-
tion by outputting the detected keypoints; the description head
(des head) is for feature description by outputting the learned
descriptor; the attention head (att head) performs attention
learning by outputting the attention heatmap; the edge head
is for edge depiction by outputting the learned edge map, and
the feature distillation head (distill head) is for feature-level
distillation by outputting the learned encoded feature.

2) Keypoint Detection Head: We employ four detection
layers to predict keypoint heatmaps at various scales. To inte-
grate these predictions, we upsample the heatmaps to match
the image dimensions of # X w. We then use four learnable
weights to merge the heatmaps from different scales, thereby

predicting the final keypoints and calculating the associated
loss. Each detection head receives direct supervision through
the detector loss, providing a form of deep supervision as
described in [34].

We utilize a weighted binary cross-entropy loss for the
detector due to the significant imbalance between keypoints
and non-keypoints. With the predicted keypoint heatmap H €
R and the pseudo-ground truth label G € R"™", the detector
loss Lge is defined as follows:

Lice(h, g) = —Aglog(h) — (1 — g) log(1 — h), ()
1
Edet = m ; ﬁbce(Hu,v’ GM,V)7 (2)

where the weight A is empirically set to 200.

3) Attention Head: The Attention Head is designed to
generate the attention map A € Rixiw, Specifically, we
obtain C.y by concatenating the feature maps Ci,C,,Cs,
and C4 from the backbone network. Next, C., is aver-
aged across the channel dimension, and an attention map
A is generated from this averaged feature map using a
3 X 3 convolutional layer followed by a softplus activation
function.

The attention map proves to be highly useful in descriptor
optimization, distillation optimization, and matching processes
[55]. In terms of descriptor and distillation optimization, we
provide a detailed analyze of motivation in Section III-B.4
and Section III-D. For matching, attention-weighted local
descriptors are more effective. Regions with high attention
scores in one image are likely to match with similar high-
score regions in another image, reducing the matching space
and enhancing accuracy. These consistent attention scores
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serve as prior information, making local descriptor matching
more efficient and reliable. The Attention Head will be jointly
optimized during the optimization process of both descriptor
generation and feature distillation.

4) Feature Description Head: Initially, we densely extract
descriptors for all pixels to form the set D € T HxWx128. We
then extract descriptors d, a vector with a dimension of 128,
for individual pixels at their respective locations. In accordance
with previous studies [34], we utilize L2 normalization to
obtain the local descriptors, defined as:

D :
d= 3)

1D, jll
where || - || represents the L2 norm and (i, j) denotes the index

position of the local descriptor d.

Inspired by [34] and [55], the descriptor loss splits the
optimization into two parts: the descriptor’s angle and the
consistent attention weight. This differs from the standard
triplet loss, which only focuses on the angle component.
Positive samples have converging attention scores, while neg-
ative samples diverge, leading to a consistent distribution of
attention scores across image pairs. Higher attention scores
significantly influence the gradient, allowing the network
to prioritize more relevant samples and avoid optimizing
descriptors for less informative pixels, like the sky or
grass.

The descriptor Loss is formulated to jointly optimize local
descriptors and consistent attention. Building on previous
research [34], [55], we use the corresponding point sets (P, P’)
obtained from ground-truth camera parameters and depths to
supervise the training of local descriptors. For an image pair
(1,I), dense descriptors D, D’ and attention maps A, A’ are
extracted using our SAMFeat method.

Given a point set P of size M in image I and the correspond-
ing points P’ in image I’, the local descriptors of P, P’ are
denoted by Equation 3 as d; respectively, where i € {1,..., M}.
The corresponding score of the descriptor d; on the attention
map A is denoted as v;. || - || denotes the L2 distance. Thus,
the attention-weighted descriptor is defined as y; = v; - d;. For
y;, its positive distance ||y;||" is defined as:

Iyil™ = Vi - di = v} - I, “4)

and its hardest negative distance ||y;||” is defined as:

il = V- di = . 5)
J

(1., M), j#i

The overall descriptor loss is the sum of the individual
losses:

N Vil T
Laas) = Y w77 maxO. il = lyill” + D, (6)
i=1 ijl e
where v is the attention score corresponding to y, and 7 is a
smoothing factor that adjusts the effect of attention weighting
on the loss. T is set to 15 following [55].

5) Edge Head: The Edge Head is designed to learn edges,
corners, and keypoints information from SAM. The Edge
Map E is generated simply via a convolutional and sigmoid
layer, taking the concatenated features outputted from the

2101

shared backbone. With a simple edge map supervision loss,
SAMFeat is able to mimic and generate accurate edge maps
learned from SAM edge knowledge as shown in Fig 9. To
further utilize the learned edge information, we designed
the Edge Attention Guidance Module that enhanced keypoint
detection. The corresponding learning loss for Edge Map and
the mechanism behind the guidance module will be introduced
with details in Section III-D.3

6) Distill Head: The Distill Head is designed to distil-
late the robust prior feature knowledge from the powerful
SAM backbone for better image and scene understanding and
recognition. The head is constructed by one convolutional
operation, and the learned prior feature will also be fused into
the network by another convolutional operation. Supervision
loss and feature fusion process will be presented with details
in Section III-D.1.

C. Knowledge From SAM

SAM [16] is a newly released visual foundation model for
segmenting any objects and has strong zero-shoot generaliza-
tion due to the fact that it is trained using 11 million images
and 1.1 billion masks. Due to its scale, model distillation [56]
is deployed in this work. We freeze the weights of SAM
and use its output as pseudo-ground truth to guide more
accurate and robust local feature learning. In this subsection,
we introduce how we utilize three gifts from SAM to enhance
our SAMFeat. Shown in Figure 3, we input the image I into
the SAM [16] with frozen parameters and then simply proceed
to produce the following three outputs for guided local feature
learning.

1) Pixel-Wise Representations Relationship: SAM’s image
encoder trained from 11 million images is used to extract
image representations for assigning semantic labels. Thus,
SAM’s robust zero-shot performance is a helpful enhancement
in providing robust and generalized feature representations in
complex scenes. The representation of the encoder outputs
implies a valuable semantic correspondence, i.e., pixels of
the same semantic object are closer together. To eliminate the
effect of specific semantic categories on generalizability, we
adopt relations between representations as distillation targets.
SAM’s encoder outputs F € Rs#sW*C where C is the chan-
nel number for feature map. The pixel-wise representations
relationship can be defined as R € RsHsWxsH5W  where
RG, )) = ey

IFCDl . .

2) Semantic Grouping: We use the automatically generat-
ing masks function' of SAM to obtain fine-grained semantic
groupings. Specifically, it works by sampling single-point
input prompts in a grid over the image, and SAM can
predict multiple masks from each of them. Then, masks
are filtered for quality and deduplicated using non-maximal
suppression [16]. The semantic grouping of the output can be
defined as G € RPXWXN where N is the number of seman-
tic groupings. Notice that semantic grouping differs from
semantic segmentation in that each grouping does not corre-
spond to a specific semantic category (e.g. buildings, car, and
person).

Uhttps://github.com/facebookresearch/segment-anything/
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Fig. 4. Schematic diagrams of Relationship matrix and Attention map.

3) Edge Map: The binary edge map E € RPWX! jg

derived directly® from the segmentation results of SAM, which
highlights the fine-grained object boundaries.

D. SAMFeat

Thanks to the gifts of the foundation model, SAM, we
are able to consider SAM as a knowledgeable teacher with
intermediate products and outputs to guide the learning of
local features. First, we employ Attention-weighted Semantic
Relation Distillation (ASRD) to distill the category-agnostic
semantic relations in the SAM encoder into SAMFeat, thereby
enhancing the expressive power of local features by introduc-
ing semantic distinctiveness. Second, we utilize the high-level
semantic grouping of SAM outputs to construct Weakly
Supervised Contrastive Learning Based on Semantic Grouping
(WSC), which provides cheap and valuable supervision for
local descriptor learning. Third, we design an Edge Attention
Guidance (EAG) to utilize the low-level edge structure dis-
covered by SAM to guide the network to pay more attention
to these edge regions, which are more likely to be detected as
keypoints and rich in discriminative information during local
feature detection and description.

1) Attention-Weighted Semantic Relation Distillation:
SAM aims to obtain the corresponding semantic masks based
on the prompt, so the encoder output representation of SAM is
rich in semantic discriminative information. Unlike semantic
segmentation, SAM does not project pixels to a specified
semantic category, so we resort to distilling the semantics
contained in the encoder by exploiting the relative relationship
between pixels (i.e., pixel representations of the same object
are closer together).

However, not every pixel is equally important for local
feature learning, and forcing the network to learn a large
proportion of background pixels (e.g., the sky) can hinder the
learning of discriminative foreground regions. We therefore
advocate a greater focus on discriminative foreground regions
in the distillation process. In contrast to classical relational
distillation [57], we propose Attention-weighted Semantic
Relation Distillation (ASRD) to guide the distillation process
to focus on valuable relational pairs to further motivate the
transfer of knowledge that facilitates local feature matching.

Specifically, Cj is exported from Conv7 layer and then
imported into the distillation head to get C¢ € RsHXzWx128,
Following the operations reported in Sec. III-C, the semantic

Zhttps://github.com/ymgw55/segment-anything-edge-detection
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Algorithm 1 Attention-Weighted Semantic Relation Distilla-
tion
Input: Image pair I, I; Attention Map A; H = W = 400;
C = 256; SAMFeat’s encoder E; SAM’s encoder E’.
Output: SAMFeat’s Relationship Matrix R; SAM’s Relation-
ship Matrix R’.
1: Given Iy, I, an encoded image feature F € RsHxsWxC
can be obtained via FE.
2: Given I, I, an encoded image feature F’ € R64x64xC
can be obtained via E’.
3: Downsample F' t0 F' goun € RsHsW*C
4: Downsample A t0 Agown € RSH*EW and apply
cross multiplication with itself and apply softmax acti-

vation function to obtain the Attention Weight A, €
REHIWxLHIW

5. Flatten F and F’joun then calculate mean on dim = C
: 11w ' LHlw
to obtain Fpatten € R878" and F' fiatten € R87 S
6: Construct Attention Weighted Relationship Matrix R €
ReHsWXsHEW and R/ e R&HsWXsHsW  from
Friatten and F'riqen respectively, where R(z,j) =

% - Ay (i, ), and same applied for R’
7: return Lgs = |R - R/|.

Fig. 5. Example of Semantic Grouping. Different colored stars represent
sampling points in different semantic groupings.

relation matrix of C¢ can be defined as R’. As shown in
Figure 4, we distill the semantic relation matrix by imposing
L1 loss in order to obtain semantic discriminativeness for
Cj . R’ and R are the corresponding student (SAMFeat) and
teacher (SAM) relation matrix. As shown in Figure 4 (b), we
use the attention map obtained in Section III-B.3 to construct
the weight matrix used to weight the relational distillations.
We flatten the attention map into a 1-dimensional vector Vj,
and then multiply V,4 and the transpose VI of V4 by matrix
multiplication to obtain the weight matrix ¥V, which can be
formally defined as follows:

W =V,yxVy, (N

where the elements of W € Rs#*sW and R correspond to

each other. Attention-weighted Semantic Relation Distillation
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Fig. 6. The Edge Attention Guidance Module (EAGM) takes as input the predicted edge map. E’ from the edge head and the fused multi-scale feature maps
F extracted from the backbone. We first fuse £’ and F through a pixel-wise dot product to generate an edge-oriented feature map F,. Next, we apply various
convolutional transformations to F, to derive the query g, key k, and value v. The attention score is then computed by taking the dot product of the query
and key, followed by applying the softmax function to obtain the attention weights. These weights are used to compute the edge-enhanced feature maps by
combining them with the value feature vector. Finally, the edge-enhanced feature maps are added to F to produce the output feature maps Fragy.

Loss Lgis can be defined as:

SUREGHI) o o Wiy

Lis = Zi,j WD) )
where N is the number of matrix elements, i.e., (§H X 1 W) x
(%H X %W) Since ASRD is category-agnostic, it is possible
to generalize local feature distillation semantic information
to generic scenarios. A detailed pseudo-code is illustrated in
algorithm 1.

2) Weakly Supervised Contrastive Learning Based on
Semantic Grouping: As shown in Figure 5, we use semantic
groupings derived from SAM to construct weakly supervised
contrastive learning to optimize the description space of local
features. Our motivation is very intuitive: i.e., pixels belong-
ing to the same semantic grouping should be closer in the
description space, and on the contrary pixels of different
groupings should be kept at a distance in the description space.
However, since two pixels belonging to the same grouping do
not imply that their descriptors are the closest pair, forcing
them to align will impair the discriminative properties of pixels
within the same grouping. Therefore, semantic grouping can
only provide weakly supervised constraints, and we maintain
the discriminatory nature within the semantic grouping by
setting a margin in optimization. Given the sampling points
set P € R, the positive sample average distance Dist,,s can
be defined as:

®)

J

Dist,o5= ; Zdis(Pi, Pj),where G(i) = G(j) and i # j. (9)

ij

Here dis(P;,P;) means calculate the Euclidean distance
between the local descriptors corresponding to the two sam-
pling points P; and P;. G(-) denotes the indexed semantic
grouping category. J denotes the number of positive samples,
noting that since J is not consistent for each image, we take
the average to denote the positive sample distance. Similarly,
the negative sample average distance Dist,,, can be defined
as:

K
1
Distyey = — ) _ dis(Pi, Py,
ij

where G(i) # G(j). (10)

where K denotes the number of negative samples. Thus, the
final L, loss can be defined as:

Dist o5, M)/ T
Lyse = —log exp(m.aX( = )/ ) , (1D
exp(max(Dist o5, M) + Distpee)/T)

where M is a margin parameter used to protect distinctiveness
within semantic groupings, and T means the temperature
coeflicient.

3) Edge Attention Guidance: Edge regions are more worthy
of the network’s attention than mundane regions. On one hand,
corner and edge points in the edge region are more likely to
be detected as keypoints. On the other hand, the edge region
contains rich information about the geometric structure thus
contributing more to the discriminative nature of the local
descriptor. To enable the network to better capture the details
of edge areas and improve the robustness of descriptors, we
propose, as shown in Figure 6, the Edge Attention Guidance
Module (EAG), which can guide the network to focus on edge
regions. As shown in Figure 3, we first set up an edge head to
predict the edge map E’ and use the SAM output of the edge
map for supervision. The edge loss L4 is denoted as:

HxW

[/edge = Z |E; — Elll

1

12)

We then fuse the predicted edge map E’ into the local feature
detection and description pipeline to bootstrap the network.

Figure 9 visualize the learning outcome of object boundaries
under the guidance of SAM. With our EAG, SAMFeat learns
accurate boundaries and edges effectively and efficiently. This
prior knowledge of boundaries and edges will then aid feature
detection and description.

E. Guidance From SAM

1) Learning Gifts From SAM: As described in
section III-C, The carefully designed architecture enables
SAMFeat to output the learned knowledge under the
supervision of three designed loss modules. Therefore, we
could summarize the guidance loss supervision from SAM
L, as follows:

Eg = Lyis + Eedge + stc~ (13)
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Fig. 7. Comparisons on HPatches dataset with different thresholds Mean Matching Accuracy. Our SAMFeat achieves higher average local feature matching

accuracy than other state-of-the-art methods at all thresholds.
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Fig. 8. Comparisons on the number of Training Samples. SAMFeat utilized
relatively small training samples while achieving the highest performance.

With accurate loss supervision, SAMFeat is able to uti-
lize the learned knowledge in later modules discussed in
section III-D to further aid feature learning and matching tasks.

2) Guided Local Feature Detection: To aid feature detec-
tion in SAMFeat, the predicted edge map E’ from the edge
head is performed with a pixel-wise dot product with the
middle-level encoded feature representation C3, shown in
Figure 3. The product is added to C3 for a residual purpose to
obtain an edge-enhanced feature C3. This feature will be used
to generate a heatmap via the detection head to provide better
local feature detection.

3) Guided Local Feature Description: We filter the edge
features by the predicted edge map and model the features of
the edge region by a self-attention mechanism to encourage
the network to capture the information of the edge region.
Specifically, the predicted edge map E’ from the edge head,
and the multi-scale feature maps F extracted from the back-
bone are fed into the Edge Attention Guidance Module. As
shown in Figure 6, we first fuse £’ and F by applying a
pixel-wise dot product to obtain an edge-oriented feature map
F.. Then we apply different convolutional transformations to
the given F, to get query g, key k, and value v respectively.
We then calculate the attention score using the dot product
between query and key. Next, we use the softmax function
on the attention score to obtain the attention weight, which

Fig. 9. Left: Random images selected from HPatches. Right: Learned edge
boundaries from SAMFeat under the guide of SAM.

is used to calculate the edge-enhanced feature maps with the

value feature vector. Finally, the edge-enhanced feature maps

and the F' are added to obtain the output feature maps Fgaguy-
4) Total Loss: The total loss £ can be defined as:

ﬁ = Eg + ﬁdet + Edex (14)
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L, is the loss function guided by SAM’s knowledge defined in
section III-E, while L., is the cross entropy loss for supervised
keypoint detection and L4 is the attention weighted triplet
loss from MTLDesc [34] for optimizing the local descrip-
tors. Individual weights for each loss are not assigned: each
loss shares equal weights. This independence from hyper-
parameters, again, shows the robustness of SAMFeat.

1V. EXPERIMENTS
A. Implementation

To generate our training data with dense pixel-wise corre-
spondences, we rely on the MegaDepth dataset [15], a rich
resource containing image pairs with known pose and depth
information from 196 diverse scenes. Specifically, we use
MTLDesc [34] 3 released megedepth image and the corre-
spondence ground truth for training. In our experiment, we
meticulously configured the parameters to establish a consis-
tent and efficient training process. Hyper-parameters are set as
follows. The learning rate of 0.001 enables gradual parameter
updates, and the weight decay of 0.0001 helps control model
complexity and mitigate overfitting. With a batch size of
14, our model processes 14 samples per iteration, striking
a balance between computational efficiency and convergence.
M and T are set to 0.07 and 5. Training spans 30 epochs
to ensure comprehensive exposure to the data, with a total
training time of 3.5 hours. By meticulously defining these
parameters and configurations, we establish a robust experi-
mental setup that ensures replicability and accurate evaluation
of our model’s performance. More detailed information about
parameter tuning and ablation experiments can be found in the
later subsections.

B. Image Matching

We evaluate the performance of our method in the image-
matching and homography estimation tasks on the most
popular feature learning and matching benchmark: HPatches
[1]. The HPatches dataset consists of 116 sequences of image
patches extracted from a diverse range of scenes and objects.
Each image patch is associated with ground truth annotations,
including key point locations, descriptors, and corresponding
homographies. We follow the same evaluation protocol for
image matching evaluation as in D2-Net [32], where eight
unreliable scenes are excluded. To ensure an equitable compar-
ison, we align the features extracted by each method through
nearest-neighbor matching. A match is deemed accurate if its
estimated reprojection error is lower than a predetermined
matching threshold. The threshold is systematically varied
from 1 to 10 pixels, and the mean matching accuracy (MMA)
across all pairs is recorded, indicating the proportion of correct
matches relative to potential matches. Subsequently, the area
under the curve (AUC) is computed at S5px based on the
MMA. The comparison between SAMFeat and other state-of-
the-art methods on HPatches image matching is visualized in
Figure 7. The MMA @3, the area under the curve at thresholds
of 2 and 3 against other state-of-the-art methods under each

3https://github.com/vignywang/MTLDesc
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TABLE I

PERFORMANCE COMPARISON ON HPATCHES DATASET AND HOMOGRA-
PHY ESTIMATION. THE TABLE INCLUDES IMAGE MATCHING PERFOR-
MANCE (MMA @3, AUC @2, AUC @5), AND HOMOGRAPHY
ESTIMATION RESULTS (AUC @1, AUC @3, NUMBER OF
MATCHES)

Image Matching

Methods | MMA @3 | AUC @2 | AUC @5
SIFT ;7cv 72012 [599] 50.1 39.5 49.6
HardNet nreqyr7ps72017 [60] 62.1 42.6 56.9
DELF ¢y o017 [61] 50.7 447 48.7
SuperPoint v prw 2018 [13] 65.7 44.1 59.0
Lf-net neurrpsr201s [62] 532 38.7 48.7
ContextDesc ¢y pr/2o19 [28] 63.2 47.2 58.3
D2Net oy pRrrog1g [63] 40.3 19.5 37.8
R2D2 newrrPs/2019 [64] 72.1 434 64.2
DISK Neur1Ps/2020 [14] 72.2 52.3 69.8
ASLFeat ¢y prrog20 165] 72.2 50.1 66.9
LLF v acv72021 [66] 74.0 52.1 66.8
Key.Net 7p anrr2022 [67] 72.1 40.9 56.0
ALIKE 770172022 [68] 70.5 51.7 69.0
MTLDesc A 44772022 [35] 78.7 55.0 71.4
PoSFeat oy pr/ag22 [69] 75.3 50.2 69.2
SED2 v pRrr2o23 [21] 70.6 50.1 64.8
TPR v pRrrag23 [70] 79.8 57.1 73.0
SAMFeat (Ours) 82.2 59.2 74.4
Homography Estimation
Methods | AUC @1 | AUC @3 | # Matches
SuperPoint v prw 2018 [13] 26.3 522 1.1IK
D2Net v pRrr2o1g [63] - 232 0.2K
R2D2 Newr1psiao1g [64] 204 50.6 0.5K
DISK newrrps/2020 [14] 22.1 52.2 1.1IK
SuperGlue v pRr/2g20 [36] - 53.9 0.6K
SiLK ¢y pRrr2g22 [71] 32.0 58.1 1K
XFeat ¢y pRrrogos [72] 34.5 58.5 1K
SAMFeat (Ours) 34.9 58.8 1K

threshold is listed in the left part in Table I. Homography
estimation results on HPatches [1] are shown in the right
part in Table I. To ensure a fair comparison, we follow the
evaluation protocol of [37] and [67], where we compute the
corner error between the images warped by the estimated
homography # and the ground truth homography H as a
measure of correctness, as outlined in Table I. Following the
protocol in [37] and [67], we report the area under the cumu-
lative curve (AUC) of the corner error for a threshold value of
1 and 3, with the number of top matches. SAMFeat achieved
the highest score in various metrics and tasks compared to the
most updated feature learning model in top-tier conferences.

C. Visual Localization

To further validate the efficacy of our approach when
dealing with intricate tasks, we assess its performance in the
area of visual localization. This task involves estimating the
camera’s position within a scene using an image sequence and
serves as an evaluation benchmark for local feature perfor-
mance in long-term localization scenarios, without requiring a
dedicated localization pipeline. We utilize the Aachen Day-
Night v1.1 dataset [4] to showcase the impact on visual
localization tasks. To ensure fairness in the assessment, we
employ a predefined visual localization pipeline* based on

“https://github.com/GrumpyZhou/image-matching-toolbox
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TABLE I

VISUAL LOCALIZATION PERFORMANCE COMPARISON ON AACHEN V1.1.
CATEGORY “L” MEANS LOCAL FEATURE METHODS SPECIFICALLY

DESIGNED FOR VISUAL LOCALIZATION TASKS, AND “G” MEANS
GENERALIZED LOCAL FEATURE METHODS
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TABLE III

EVALUATION ON ETH 3D RECONSTRUCTION BENCHMARK [71]. THE
TopP TWO RESULTS ARE MARKED WITH BOLD (1ST) AND UNDERLINE
(2ND)

ETH benchmark

Category Method

SeLF ryprag [55]
SFD2 ¢y pRriao2s [21]

SIFT rycvri2 6]
SuperPoint ¢y prw1s [31]
D2-Net ¢y prr1g [33]
R2D2 yeurrpsiio [32]
ASLFeat oy p oo [34]
CAPS pocviao [74]

LISRD gccvrao [75] -
DISK Newrrpsiaz [14] -
PoSFeat v pgrros [69] —
MTLDesc g4 a7720 [35] —
TR cvprres [70] -
SAMFeat (Ours)

colmap provided by benchmark.’ This pipeline operates as fol-
lows: Initially, custom features extracted from the database’s
images are employed to construct a structure-from-motion
model. Subsequently, the query images are registered within
this model using the same custom features. For keypoints
matching, we utilize the mutual nearest neighbor approach
to effectively filter out outliers. And we set the number of
features in this experiment to 10000. We tally the num-
ber of accurately localized images under three distinct error
thresholds, namely (0.25m, 2°), (0.5m, 5°), and (Sm, 10°),
signifying the maximum allowable position error in both
meters and degrees. Referring to Table II, we categorize
current state-of-the-art methods into two categories: G con-
tains methods that are designed for general feature learning
tasks; L contains methods that are designed, tuned, and tested
specifically for localization tasks, and they typically perform
poorly outside of specific localization scenarios, as shown
in Table I. SAMFeat achieved the top performance among
all general methods, while also revealing a competitive per-
formance among methods that are designed specifically for
visualization.

D. 3D Reconstruction

We utilize the ETH benchmark [71] to evaluate the perfor-
mance of our method on the 3D reconstruction task. Three
medium-scale datasets from the benchmark are used for this
purpose. We perform exhaustive image matching on all three
collections and apply ratio test filtering with a default threshold
of 0.8 to eliminate incorrect matches. The reconstruction
protocol follows the COLMAP [2] pipeline, which involves
running Structure-from-Motion (SfM) first and then Multi-
View Stereo (MVS) to generate the dense point cloud models.
As shown in Table III, SAMFeat consistently produces the
highest number of registered images and sparse points, along

5 https://www.visuallocalization.net

atasets ) #Reg. #Sparse  Track Reproj.  #Dense
Accuracy @ Thresholds (%) T Datasets Methods Images  Points  Length Error Points
Day Night SuperPoint [31] 438 29K 9.03 1.02px 1.55M
5 5 5 ) D2-Net [33] 495 144k 639  135px  1.46M
0.25m,2°/0.5m,5%/5m, 10 yiadric. | ASLFeat [34] 613 o6k 876  090px  2.00M
_ 75.0/ 868/ 97.6 i irgagés DISK [14] 677 213K 7890  Lldpx  1.87M
S | AWDesc-CA [56] | 864 278K 952 0.96px  1.65M
88.2/960/987 78.0/92.1/99.5 SAMFeat 892 282K 984  093px  1.90M
7221784 /817 194/23.0/27.2 SuperPoint [31] 967 93k 722 1.03px  38IM
87.9/93.6 /968 70.2/84.8/93.7 Gendar- D2-Net [33] 965 310K 555  1.28px  3.15M
‘ ASLFeat [34] 1040 221K 872  1.00px  4.0IM
84.1/91.0/955 63.4/838/92.1 lz‘:;“f“"fk‘ DISK [14] 1218 588K 6.02  098px  3.62M
88.8/953/978 72.3/88.5/942 - IMAZES | AWDesc-CA [56] | 1354 548K 694  095px  3.86M
88.0/954/982 70.7/84.3/94.2 SAMFeat 1370 596K 7.02 0.93px  39IM
SuperPoint [31] 681 52K 8.76 0.96px 2.7TM
82479137959 61.3/838795.3 Tower D2-Net [33] 708 287K 520 134px  2.86M
73.3/ 86.9 /1 97.9 of ASLFeat [34] 821 22K 1252 092px  3.06M
73.8/86.2/97.4 London DISK [14] 985 517K 590  1.02px  3.00M
73.8 / 874 / 98.4 1576 images | AWDesc-CA [56] | 1414 563K  12.88  0.88px  2.89M
7131869 1969 SAMFeat 1443 587K 13.01 084px  29IM
74.3 /1 89.0 / 98.4
90.2 /96.0 / 98.5 75.9/89.5/95.8 TABLE IV

RELATIVE POSE ESTIMATION ACCURACY ON THE SCANNET DATASET.
LEFT: ACCURACY OF ROTATION ESTIMATION; RIGHT: ACCURACY OF
TRANSLATION ESTIMATION. THE TERM djr4me REPRESENTS THE
INTERVAL BETWEEN FRAMES, WITH LARGER FRAME INTER-
VALS CORRESPONDING TO MORE CHALLENGING IMAGE
PAIRS FOR MATCHING

Average Accuracy on ScanNet (%)

Methods D rame=10 | dframe=30 | dframe=60
LF-Net [30] 91.0 152 577 11.6 425 128

SuperPoint [13] | 92.8 14.7 583 134 412158

SAMFeat (Ours) | 985 21.2 68.8 24.0 51.0 23.1

with competitive track length and reprojection error, demon-
strating its robustness and accuracy in 3D reconstruction
tasks.

E. Pose Estimation

We further evaluate the performance of our approach on
the ScanNet [72] pose estimation benchmark. The ScanNet
dataset is a large-scale indoor dataset containing ground truth
poses and depth images, with well-defined splits for training,
validation, and testing across 1613 monocular sequences. We
followed the approach of [30] and randomly sampled 1,000
image pairs from three different frame intervals (10, 30, and
60). We assess the estimated camera poses using angular
deviation for both rotation and translation. Specifically, we
consider a rotation or translation to be correct if the angular
deviation is below 5° and report the average accuracy.

F. Ablation Study

We conduct ablation studies on different aspects to support
our claim and illustrate the necessity of each of our contributed
modules.

1) Ablation on Designed Modules: Table V demonstrates
the efficacy of the components within our network as we pro-
gressively incorporate Attention-weighted Semantic Relation
Distillation (ASRD), Weakly Supervised Contrastive Learning
Based on Semantic Grouping (WSC), and Edge Attention
Guidance (EAG). The effectiveness of each component is
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TABLE V

DETAILED ABLATION STUDY ON SAMFEAT. v DENOTES APPLIED COM-
PONENTS. THE RESULTS OF MMA @2 AND MMA @3 ON HPATCHES,
WITH THE REMOVAL OF EACH COMPONENT INDIVIDUALLY
AND THE SEQUENTIAL APPLICATION OF COMPONENTS, ARE

REPORTED
ASRD EAG WSC MMA @2 MMA @3

63.5 75.7
v 68.1 78.6
v v 68.9 80.9
v v v 70.4 82.2
v v 69.3 81.2
v v 69.1 79.4

TABLE VI

ABLATION TEST ON THE ATTENTION-WEIGHTED SEMANTIC RELATION
DISTILLATION (ASRD). WE COMPARE THE EFFECT OF OUR PRO-
POSED ASRD MODULE AGAINST DIRECT SEMANTIC FEATURE
DISTILLATION FrROM SAM (DSFD) [56], THE CLASSICAL
RELATIONAL KNOWLEDGE DISTILLATION (RKD) [57],

AND DIRECT FEATURE DISTILLATION FROM DINO-V2
LARGE (DINO) [48]. OUR PROPOSED APPROACH
BROUGHT THE MOST POSITIVE EFFECT ON
MATCHING ACCURACY

Module Selected MMA @3
DSFED [57] 76.9
RKD [58] 774
DINO [49] 78.1

ASRD (Ours) 78.6

reflected by the Mean Matching Accuracy at the pixel three
threshold on the HPatches Image Matching task. Our base-
line is trained using SuperPoint [13] structure along with
its detector supervision and attention-weighted triplet loss
[34] for descriptor learning. Following the addition of the
ASRD, the model’s performance notably improves due to
better image feature learning. The introduction of the WSC
further enhances accuracy by augmenting the discriminative
power of descriptors with semantics. It demonstrates superior
performance as it better preserves the inner diversity of objects
by optimizing sample ranks. Lastly, the inclusion of the EAG
bolsters the network’s capability to embed object edge and
boundary information, resulting in further enhancements in
accuracy.

2) Attention-Weighted Semantic Relation Distillation Versus
Direct Semantic Feature Distillation: Table VI highlights the
performance differences between two approaches for distill-
ing image features from the SAM encoder: our proposed
Attention-weighted Semantic Relation Distillation (ASRD)
and Direct Semantic Feature Distillation (DSFD). The effec-
tiveness of these approaches is evaluated using the Mean
Matching Accuracy at the pixel three threshold on the
HPatches Image Matching task. The results demonstrate that
while DSFD achieves a Mean Matching Accuracy (MMA) of
76.9, the ASRD method significantly enhances performance,
achieving an MMA of 78.6. This indicates that ASRD provides
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TABLE VII
ABLATION TEST ON HYPER-PARAMETERS ON WSC

M, T) | MMA @3
0, 1 80.9
0.03, 1 81.2
0.05, 1 80.3
0.07, 1 81.3
0.09, 1 80.8
0.11, 1 80.5
0.07, 3 81.6
0.07, 5 82.2
0.07, 7 82.0
0.07, 9 81.8

TABLE VIII

A QUANTITATIVE ANALYSIS ON THE OVERHEAD TRAINING TIME COSTS
FOR ADDING THE EXTRA L0OSS FUNCTIONS. v MEANS DENOTES
APPLIED LOSS COMPONENTS

ASRD EAG WSC Training time in Hours
3.6
v 4.7
v v 5.1
v v v 6.0

superior feature learning by effectively capturing and distilling
the semantic relationships within the image features.

3) Hyper-Parameters in Weakly Supervised Contrastive
Module: Table VII presents the impact of different hyper-
parameter values on the performance of Weakly Supervised
Contrastive Learning Based on Semantic Grouping (WSC).
Specifically, the margin parameter M is used to maintain
distinctiveness within semantic groupings, while T represents
the temperature coefficient. The effectiveness of these hyper-
parameters is evaluated using the Mean Matching Accuracy at
the pixel three threshold on the HPatches Image Matching task.
The results demonstrate that varying M and T values impact
performance. Notably, the combination of M = 0.07 and
T =5 achieves the highest accuracy, with an MMA of 82.2.
This configuration provides an optimal balance, enhancing
the discriminative power of the descriptors by effectively
preserving the inner diversity of objects.

4) Training Samples: Table 8 provides a comparative anal-
ysis of various methods based on the number of training
samples used and their Mean Matching Accuracy (MMA)
at the pixel three threshold on the HPatches dataset. Despite
being trained on a relatively small dataset of 23,600 images,
SAMFeat achieves an outstanding MMA @3 of 82.2, surpass-
ing all other methods. This result underscores the efficiency
and robustness of SAMFeat in achieving superior performance
with limited training data. For instance, SuperPoint, trained
on 80,000 images, achieves an MMA@3 of 64.5, while
ASLFeat, utilizing a significantly larger dataset of 1,600,000
images, achieves an MMA @3 of 72.3. Similarly, methods
like D2Net and R2D2, despite having access to larger or
comparable training datasets, attain lower MMA@3 scores
of 42.9 and 68.6, respectively. These comparisons highlight
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(a) SAMFeat Matching Results

(b) SAMFeat Keypoint Results
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(c) Baseline Matching Results (d) Baseline Keypoint Results

s AN Y

Fig. 10. A visualization of feature matching (a) and keypoint detection (b) results, and comparison against the baseline approach (¢ and d). Learned and
inspired by SAM’s generalized feature and semantic grouping, our approach is able to learn and pair more valid matches; enhanced by SAM’s edge knowledge,
our approach is also able to detect more valid keypoints along object boundaries, which further helps feature matching. Methods are compared against the

same settings and hyper-parameters.

the effectiveness of SAMFeat’s design in leveraging a modest
amount of training data to achieve top-tier performance.

5) Training Time: Table VIII presents a quantitative anal-
ysis of the overhead training time costs associated with
incorporating additional loss functions into our method. The
table details the incremental training time required for each
combination of the Attention-weighted Semantic Relation
Distillation (ASRD), Edge Attention Guidance (EAG), and
Weakly Supervised Contrastive Learning Based on Semantic
Grouping (WSC) loss components. Note that our method only
requires training for 6 hours using two Nvidia RTX 3090
GPUs. Compared to other work like ASLFeat (42 hours on a
single NVIDIA RTX 2080Ti) and TRR (30 hours for training
with two NVIDIA-A100 GPUs), this demonstrates a totally
reproducible cost for individual researchers.

Even though each additional loss function introduces some
extra training time, the tradeoff is justified by the mini-
mal increase in time and the corresponding improvement
in accuracy, and the final training time remains accept-
able. In addition, our approach remains fast and lightweight
in deployment. The size of the model checkpoint is only
8 MB, the training inference time is 21 FPS, and the GPU

TABLE IX

ABLATION TEST ON ADJUSTING THE L0OSS WEIGHT OF EAG WITHOUT
WSC. THE MMA @3 ON HPATCHES ARE RECORDED, SHOWING THAT
IT Is DIFFICULT TO ACHIEVE THE EFFECT OF IMPOSING WSC BY
ONLY ADJUSTING THE LOSS WEIGHTS

Weights of ASRD | Weights of EAG | MMA @3
1.0 0.5 80.7
1.0 1.0 80.9
1.0 1.5 81.0

memory requirement is around 20 GB for training on Nvidia
RTX 3090 GPU. These demonstrate the lightweight nature
of our approach. The high efficiency makes our method
easily implementable and resource-efficient, highlighting its
reproducibility and practicality for individual researchers in
the field of feature learning and description.

6) Ablation on Loss Weights: Table IX presents the results
of an ablation test that explores the impact of adjusting
the loss weight of Edge Attention Guidance (EAG) without
incorporating Weakly Supervised Contrastive Learning Based
on Semantic Grouping (WSC). The effectiveness of these
adjustments is measured using the Mean Matching Accuracy

Authorized licensed use limited to: The University of Hong Kong Libraries. Downloaded on April 08,2025 at 13:27:29 UTC from IEEE Xplore. Restrictions apply.



WU et al.: SEGMENT ANYTHING MODEL IS A GOOD TEACHER FOR LOCAL FEATURE LEARNING

TABLE X

COMPARISONS ON THE INFERENCE SPEED. THE SPEED IS CALCULATED
AS THE AVERAGE FEATURE EXTRACTION INFERENCE SPEED ON
HPATCHES (480 x 640) WITH THE SAME SETTING. ALL HEADS
ARE ACTIVE DURING INFERENCE SPEED TESTING FOR OUR

APPROACH
Methods Superpoint D2-Net SFD2 MTLDesc R2D2 SAMFeat
Inference Speed  31FPS 6FPS 11FPS 24FPS 8FPS 21FPS

a) SAMFeat: Matching

Fig. 11. Failure case of SAMFeat. When dealing with challenging cases
such as huge view displacement or weak and repetitive texture, SAMFeat
generates wrong matches (a) and keypoints (b). No improvements are provided
comparing the baseline results (c and d).

at the pixel three threshold on the HPatches dataset. The results
indicate that merely adjusting the loss weights of EAG does
not achieve the same effectiveness as incorporating WSC.
Specifically, with a fixed ASRD weight of 1.0, varying the
EAG weight from 0.5 to 1.5 yields incremental improvements
in MMA @3, peaking at 81.0. However, this peak still falls
short of the performance enhancements observed when WSC
is included, highlighting the unique contribution of WSC to
the overall accuracy.

G. Matching Visualization

We provide qualitative visualizations in this subsection. A
visualization of the feature matching (a) and keypoint detection
(b) results, along with a comparison to the baseline approach
(c and d) is shown in Figure 10. Leveraging SAM’s gener-
alized feature and semantic grouping, our method effectively
learns and pairs more valid matches. Additionally, with the
integration of SAM’s edge knowledge, our approach detects
more accurate keypoints along object boundaries, which fur-
ther improves feature matching. All methods are evaluated
under the same settings and hyperparameters for a fair com-
parison.

As mentioned in Section III-C in the full paper, SAMFeat
learns edge maps from SAM and utilizes Edge Attention
Guidance (EAG) to further enhance the precision of local
feature detection and description by encouraging the network
to prioritize attention to the edge region. Figure 9 demonstrates
the learning outcome of SAMFeat. With the fine-grained
object boundaries from SAM, SAMFeat is able to learn clear
object edges. This illustrates two things: first, the encoded
feature that is used to generate the edge map contains rich edge
information, and second, with a clear and accurate generated
edge map and EAGM, SAMFeat can better capture the details
of edge areas and improve the robustness of local descriptors.
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H. Inference Speed

To further demonstrate SAMFeat’s high efficiency and fast
inference speed, we conduct a comparison of inference time
between other state-of-the-art methods in table X. We assessed
the running speed of various methods using open-source
code. In Table X, our approach demonstrated exceptionally
competitive performance while maintaining a fast inference
speed among many lightweight methods.

V. CONCLUSION AND FUTURE WORK

In this study, We introduce SAMFeat, a local feature
learning method that harnesses the power of the Segment Any-
thing Model (SAM). SAMFeat encompasses three innovations.
Firstly, we introduce Attention-weighted Semantic Relation
Distillation (ASRD), an auxiliary task aimed at distilling the
category-agnostic semantic information acquired by the SAM
encoder into the local feature learning network. Secondly,
we present Weakly Supervised Contrastive Learning Based
on Semantic Grouping (WSC), a technique that leverages the
semantic groupings derived from SAM as weakly supervised
signals to optimize the metric space of local descriptors.
Furthermore, we engineer the Edge Attention Guidance (EAG)
mechanism to elevate the accuracy of local feature detection
and description. Our comprehensive evaluation of tasks such as
image matching on HPatches and long-term visual localization
on Aachen Day-Night consistently underscores the remarkable
performance of SAMFeat, surpassing previous methods.

Although other visual foundation models like DINO-V2
[48] or SEEM [73] could potentially serve as alternative
teachers, the focus of our study was specifically on SAM. Our
methodology was designed around SAM’s unique capabilities.
Therefore, further investigation into alternative teachers was
not pursued in this study. Future research could explore the
applicability and potential advantages of employing other
visual foundation models as teachers for local feature learning
tasks. In addition, SAMFeat, like all other methods, generates
wrong matching when facing challenging cases. For example,
in Figure 11, when dealing with larger view displacement
and repetitive texture. Solving these problems could also be
a future direction. Potential solutions worth exploring include
introducing spatial geometry information or spatial encoding
techniques.
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