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Abstract—Convolution-based feature descriptors remain
widely adopted in many downstream tasks for their resource
efficiency and ease of deployment. Recently, transformer-
based feature matchers and their underlying self-supervised
visual encoders have achieved remarkable progress in feature
matching, redefining the frontier of visual correspondence
learning. Motivated by these advances, we propose D2Feat,
a dual-distillation framework that injects the strengths of
both self-supervised visual encoders and transformer-based
matchers into a compact convolutional backbone. Specifically,
we distill semantically rich but spatially coarse representations
from self-supervised encoders at early stages, and later distill
geometrically precise features from transformer-based feature
matchers. Furthermore, we introduce a lightweight Fine-grained
Perceiver Module (FPM) that integrates the distilled features
in a bypass manner with minimal computational overhead.
Our dual-stage distillation strategy ensures stable convergence
and consistent optimization behavior across training stages.
Extensive experiments on MegaDepth, ScanNet, and HPatches
demonstrate that D2Feat achieves outstanding performance.
Code is available at https://github.com/YiyuanWang-001/D2Feat.

Index Terms—image matching, knowledge distillation, Vision
Foundation Model.

I. INTRODUCTION

Local image feature extraction is a key component in many
computer vision tasks, such as 3D reconstruction [1]–[3],
visual localization [4]–[6], and augmented reality [7]–[9].
These features serve as the basis for accurate correspondence
estimation, enabling robust geometric reasoning across mul-
tiple views. Due to their efficiency and light computational
footprint, CNN-based models [10]–[13] remain a practical
choice for local feature extraction, particularly on mobile and
robotic platforms where memory and computational resources
are limited. Although CNN-based models surpass traditional
hand-crafted descriptors [14], [15] in accuracy and robustness,
their local inductive bias limits the modeling of long-range de-
pendencies and hampers generalization across diverse scenes.
These limitations highlight the need for more discriminative
yet efficient paradigms for robust local feature learning.
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Fig. 1: Relative pose estimation results on both the
MegaDepth-1500 [16] and untrained ScanNet-1500 [17]
datasets. The smaller the marker, the higher the efficiency.

In recent years, transformer-based or attention-driven fea-
ture matching methods [18]–[22] have demonstrated remark-
able generalization ability and strong robustness under severe
appearance or viewpoint changes. Their success can be at-
tributed both to the powerful representation capacity of large-
scale visual encoders [23], [24] and to the geometric binding
learned through multiple layers of self- and cross-attention that
explicitly model relationships between image pairs. However,
these transformer-based approaches are notoriously expensive:
they rely on heavy backbones and dense attention opera-
tions that result in large parameter counts and computational
overhead. Although several efforts have explored accelerating
transformer-based matchers [25], [26], the underlying architec-
tures remain unchanged, limiting their portability in resource-
constrained environments. This trade-off between represen-
tational power and efficiency remains unresolved. One may



then ask: can the light of transformer-based methods extend
to the CNN world, bringing their generalization and geometric
reasoning capabilities to lightweight architectures?

To realize this idea, we design D2Feat to mimic the
learning dynamics of transformer-based feature matchers,
where semantic understanding precedes geometric reasoning.
Specifically, the framework adopts a dual-stage distillation
paradigm. In the early stage, the student CNN learns from
large visual encoders such as DINOv3 [24], acquiring broad
and domain-general semantic priors. In the later stage, it
distills fine-grained geometric cues from transformer-based
feature matchers, whose attention mechanisms capture precise
correspondences between images. Through this two-phase
distillation, the CNN inherits semantic generalization and
geometric reasoning capabilities from its teachers.

Heterogeneous distillation [27], [28] between transformers
and CNNs, however, is unstable due to the large architectural
and capacity gap. To address this, we treat distillation as an
auxiliary bypass rather than a direct replacement of the back-
bone representation. The distilled features are injected into
the network through a lightweight fusion pathway, allowing
the main CNN to retain most of its representational capacity.
To further integrate this bypass branch, we introduce the local
Fine-grained Perceiver Module (FPM), which aggregates and
refines multi-scale geometric features from both the backbone
and the bypass stream. FPM enhances local geometric aware-
ness and spatial consistency within the CNN representation.

In summary, this work has the following contributions:
• We propose D2Feat, a dual distillation framework,

which distills semantic and geometric understanding from
teacher models in a staged manner.

• We introduce a Fine-grained Perceiver Module (FPM) to
fuse geometric cues from transformer-based matcher.

• Extensive experiments on relative pose estimation, ho-
mography estimation, and visual localization demonstrate
the superiority and robustness of D2Feat.

II. METHOD

This section first presents our feature extraction network,
followed by an explanation of how self-supervised encoders
facilitate semantic generalization for potential matching re-
gions. We then introduce the Fine-grained Perceiver Module
to enhance geometric perception capability. Finally, we outline
the training framework and loss function design.

A. Network Overview

As illustrated in Fig.2, given an input image I ∈ RW×H×3,
D2Feat employs a dual-branch architecture that balances se-
mantic understanding with geometric precision. Following
XFeat [10], we adopt blocks comprising 2D convolutions,
ReLU activation, and BatchNorm for feature extraction. The
first branch uses a feature pyramid network (FPN) to merge
multi-scale intermediate representations via bilinear upsam-
pling to H/8 × W/8 × 64, followed by element-wise sum-
mation. In parallel, the second branch serves as the student
network, acquiring broad semantic knowledge from the frozen

vision foundation model (VFM). Both branches are merged to
produce a feature map of size H/8×W/8× 64. To enhance
fine-grained geometric understanding, we leverage multi-scale
geometric cues from the transformer-based matcher during
training. The generated feature map is processed through
specialized heads: a descriptor head produces initial dense fea-
ture Fdes ∈ RH/8×W/8×64, a convolutional module predicts
reliability map R ∈ RH/8×W/8 from updated Fdes modeling
match probability for each local feature, and a dedicated
branch predicts keypoint map K ∈ RH/8×W/8×(64+1) encod-
ing keypoint distribution. Both teacher models are discarded
during inference. More details are provided in the appendix.

B. Semantic Distillation

DINOv3 [24] is a vision foundation model pretrained via
self-supervised learning, enabling exceptional generalization
across diverse image domains. First, we employ knowledge
distillation with DINOv3 as the teacher, enabling the student
model to acquire comprehensive semantic knowledge and
achieve strong generalization capability. Specifically, DINOv3
generates features Fdino ∈ RP×768 (P is the number of
DINOv3 patches), which are reshaped into the pseudo se-
mantic label feature Ft ∈ RH/8×W/8×64 through convolution
and bilinear interpolation. Meanwhile, the second branch of
D2Feat serves as the student network, with its output adopted
as the student features Fs ∈ RH/8×W/8×64. To enable pixel-
level alignment between the feature Ft and feature Fs in both
magnitude and spatial directions, we introduce Mean Squared
Error (MSE) loss to quantify the differences:

LMSE−SD =
1

N
∥Ft − Fs∥22 (1)

where N denotes the total number of elements in the feature
maps. The MSE loss provides a stable and direct optimization
signal for initial alignment. Meanwhile, to mitigate its sen-
sitivity to scale and potential gradient issues, we incorporate
the Kullback-Leibler (KL) divergence to enforce consistency
in the feature distributions.

pt = Softmax
(
F̂t/τ

)
, qs = Softmax

(
F̂s/τ

)
(2)

where F̂t and F̂s are the L2-normalized teacher and student
feature maps respectively, and τ is temperature scaling factor.
The resulting teacher probability pt and student probability qs
are then used to compute the LKL-DINO, with the optimization
objective of minimizing the divergence between the teacher
and student distributions.

LKL-SD = τ2 · KL(pt∥qs) (3)

where KL divergence is averaged over all spatial locations.
The final knowledge distillation loss is expressed as follows:

LKD-SD = α · LMSE-SD + β · LKL-SD (4)

where α, β are the weights. By integrating the hard constraints
from LMSE-SD with the soft guidance provided by LKL-SD ,
the student model effectively inherits comprehensive semantic
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Fig. 2: Overview of the proposed D2Feat. The model extracts a dense descriptor map Fdes, a reliability heatmap R, and
a keypoint heatmap K. During the training phase, we obtain semantically rich pseudo-label features from the frozen VFM
DINOv3 to assist the student network in learning a broad range of visual knowledge. Additionally, we leverage multi-scale
geometric cues captured from the transformer-based matcher Efficient-LoFTR to enhance fine-grained perceptual abilities. It
is important to note that the pre-trained teacher model will be discarded during the inference phase.

knowledge from the teacher, while adapting to domain-specific
noise and distribution shifts.

C. Geometric Distillation

While DINOv3 provides broad semantic knowledge, its
features are coarse and lack fine-grained detail [20] [29]. To
enhance fine-grained perception, we propose a local Fine-
grained Perceiver Module (FPM) to incorporate knowledge
from Efficient-LoFTR [26], a transformer-based matcher that
generates multi-scale features at {2×, 4×, 8×} downsampling
with {64, 128, 256} channels. These features contain rich
geometric information, improving robustness to illumination,
viewpoint, and scale variations. The multi-scale feature maps
are fused via element-wise summation to produce the pseudo
geometric label feature F′

t ∈ RH/8×W/8×64 as follows:

F′
t = Conv2d (F′

1 + F′
2 + F′

3) (5)

where F′
1, F′

2 and F′
3 ∈ RH/8×W/8×64 are derived from

decoupled feature maps through convolutional operations and
bilinear interpolation. As described in Section II-A, the output
feature F from the dual-branch network is fed into the
descriptor head to obtain the initial feature descriptor Fdes.
Additionally, we design a parallel simple transformation head
to convert F into the student feature F′

s ∈ RH/8×W/8×64,

which is aligned with the pseudo label feature F′
t generated

by Efficient-LoFTR to facilitate knowledge distillation.
Similarly, employing the MSE loss and KL divergence

yields the optimized joint loss function as follows:

LKD-GD = α · LMSE(F
′
t,F

′
s) + β · LKL(F

′
t,F

′
s) (6)

where α, β are the weights. This paradigm effectively inte-
grates the geometric perception capability from transformer-
based matcher into the lightweight student model. The final
feature descriptor is updated and obtained as shown below:

F′
des = Conv2d (Fdes + F′

s) (7)

D. Network Training

Descriptor Learning. To guide the learning of local feature
embeddings, we utilize a Negative Log-Likelihood (NLL) loss.
Descriptor sets F1 and F2 ∈ RN×64 are sampled from dense
maps F′

des, and then a similarity matrix S = F1F
⊤
2 ∈ RN×N

is defined to evaluate similarity. For matching, we adopt an
approach based on LoFTR [19], resulting in the dual-softmax
loss Ldes. The similarity measure of corresponding features
lies along the main diagonal Sii of S, with Softmaxr applied
row-wise as described below:



TABLE I: Relative pose estimation on MegaDepth-1500. The best method is highlighted in bold, the second best is underlined,
and the methods are separated by class (standard/fast), with * denoting 10k keypoints (Tab. I, II, III, IV, V, VI) .

Method AUC@5◦ AUC@10◦ AUC@20◦ Acc@10◦ MIR #inliers

Standard

SuperPoint [12], CVPRW2018 37.3 50.1 61.5 67.4 0.35 495
DISK [13], NeurIPS2020 53.8 65.9 75.0 81.3 0.72 1231
DISK* [13], NeurIPS2020 55.2 66.8 75.3 81.3 0.71 1997

SiLK [30], ICCV2023 14.7 21.5 29.3 31.9 0.17 235
SiLK* [30], ICCV2023 16.2 23.2 31.8 34.7 0.14 478

Fast

ORB [15], ICCV2021 17.9 27.6 39.0 43.1 0.25 288
ZippyPoint [31], CVPR2023 23.6 34.9 46.3 51.8 0.23 192

ALIKE [11], TIM2023 47.6 59.8 69.7 75.9 0.53 625
XFeat [10], CVPR2024 42.8 56.7 67.9 74.9 0.56 914

D2Feat (Ours) 46.5 60.1 71.3 78.8 0.62 1050

Fig. 3: Qualitative results. More visualizations are provided in appendix.

Ldes =−
∑
i

log (Softmaxr(S)ii)

−
∑
i

log
(
Softmaxr

(
S⊤)

ii

) (8)

Reliability Learning. Following XFeat [10], we oversee the
reliability map during the training process by treating the dual-
softmax probability as a confidence indicator, represented as
R̄ ∈ RN . Similarly, the vectors R̄1 and R̄2 are derived by
applying the dual-softmax method to match F1 and F2: R̄1 =
maxr(Softmaxr(S)) and R̄2 = maxr(Softmaxr(S

⊤)). Finally,
we supervise the reliability map using the L1 loss:

Lrel = |σ(R1)− R̄1 ⊙ R̄2|+ |σ(R2)− R̄1 ⊙ R̄2| (9)

where σ denotes the sigmoid activation function and ⊙ repre-
sents the Hadamard product.
keypoints Learning. The keypoint detection branch is super-
vised using keypoints generated by ALIKE [11]. Considering
the keypoint map K ∈ RH/8×W/8×(64+1), the coordinates of
keypoints derived from the teacher network (tx, ty) within
each cell Ki,j ∈ R65 are transformed into a linear index
tidx = (tx+ty×8), where tidx ranges from 0 to 63. To oversee
the dustbin category, tidx is set to 64 when no keypoint is
detected in cell Ki,j . Then the keypoint loss Lkey is computed
using the NLL loss as follows:

Lkey = −
∑
k

log(Softmax(Ki,j))tidx (10)

Knowledge Distillation. The total knowledge distillation loss
function is formulated as:

Lkd = LKD-SD + LKD-GD (11)

Finally, combining all individual loss components, the over-
all loss L is computed as described below:

L = λ1Ldes + λ2Lrel + λ3Lkey + λ4Lkd (12)

where λ1, λ2, λ3 and λ4 are weights for balancing.

III. EXPERIMENTS

We evaluated D2Feat on three widely adopted tasks: rel-
ative pose estimation, homography estimation, and visual
localization. Additionally, we conducted ablation studies and
performed overhead comparisons.
Implementation Details. To assess generalization and robust-
ness, the model was trained only on MegaDepth [16] and
synthetically warped COCO [32] dataset. More information
and experimental details can be found in the appendix.
Comparative methods. Since our research primarily focuses
on lightweight image matching frameworks and deployment
in resource constrained environments, we selected several
standard and fast baseline models for comparison, including
DISK [13], ORB [15], SuperPoint [12], ALIKE [11], SilK
[30], ZippyPoint [31], and XFeat [10]. Specifically, for SilK
and ALIKE, we chose the VGGnp-µ and ALIKE-Tiny versions
respectively. All baseline models were evaluated using the top
4096 detected keypoints, with the Mutual Nearest Neighbor
(MNN) algorithm during the matching stage.

A. Relative Pose Estimation

Datasets. MegaDepth [16] is an outdoor multi-scene dataset,
while ScanNet [17] is an indoor RGB-D dataset containing 2.5
million views in more than 1500 scans. Both feature complex
scenes with significant viewpoint and illumination variations.
We select the MegaDepth-1500 and ScanNet-1500 subsets as
our test sets. Following XFeat [10], we use the LO-RANSAC
[33] estimate the essential matrix.



Metrics. We report AUC at thresholds of {5◦, 10◦, 20◦},
Acc@10◦ (fraction of poses with max angular error <10◦),
MIR (mean ratio of post-RANSAC inlier matches), and #in-
liers (number of inlier matches). In qualitative results (Fig.3),
T error (translation error) and R error (rotation error), com-
puted using ground truth labels, are also reported.
Results. As shown in Tab.I and Tab.II, we present the pose
estimation results for outdoor and indoor scenes. Our method
exhibits comparable computational overhead and inference
speed (Tab.VI) to XFeat, while achieving outstanding perfor-
mance on the MegaDepth-1500 dataset. In particular, on the
unseen ScanNet-1500 dataset, our model demonstrates strong
generalization capability, achieving accuracy improvements of
9.1%, 16%, and 22% over ALIKE [11], and 1.2%, 1.9%, and
2.8% over XFeat on AUC@{5°, 10°, 20°} respectively.

TABLE II: Relative pose estimation on ScanNet-1500.

Method AUC@5◦ AUC@10◦ AUC@20◦

Standard SuperPoint 12.5 24.4 36.7
DISK / DISK* 9.6 / 11.3 19.3 / 22.3 30.4 / 33.9

Fast

ORB 9.0 18.5 29.9
ALIKE 8.3 16.9 26.5
XFeat 16.2 31.0 45.7

D2Feat 17.4 32.9 48.5

TABLE III: Homography estimation on HPatches.

Illumination Viewpoint

Method @3 @5 @7 @3 @5 @7

Standard
SiLK 78.5 82.3 83.8 48.6 59.6 62.5

SuperPoint 94.6 98.5 98.8 71.1 79.6 83.9
DISK 94.6 98.8 99.6 66.4 77.5 81.8

Fast

ORB 74.6 84.6 85.4 63.2 71.4 78.6
ZippyPoint 94.2 96.9 98.5 66.1 76.8 80.7

ALIKE 94.6 98.5 99.6 67.9 78.2 82.9
XFeat 94.2 97.7 98.9 68.2 81.1 85.7

D2Feat 94.2 99.2 99.2 70.4 82.5 87.5

B. Homography Estimation

Datasets. We utilized the widely adopted HPatches [34]
dataset, comprising image sequences featuring diverse illumi-
nation conditions and viewpoint variations.
Metrics. Following ALIKE [11], we evaluate performance
using the Mean Homography Accuracy (MHA). Here, we use
the thresholds of 3, 5, and 7 pixels.
Results. Tab. III shows that our model outperforms XFeat [10]
and ALIKE [11], as XFeat struggles with severe image vari-
ations and ALIKE is less effective under viewpoint changes.

C. Visual Localization

Datasets. We adopt the hierarchical localization pipeline HLoc
[5] to localize images in Aachen Day-Night dataset [35].
Metrics. We adopt the standard HLoc metric, which evaluates
the accuracy of correctly localized camera poses using position
error thresholds of {0.25m, 0.5m, 5m} and corresponding
rotation error thresholds of {2°, 5°, 10°}.

Results. Tab. IV show that our model achieves outstand-
ing performance in visual localization compared to other
lightweight models. Whether in daytime or night scenes,
D2Feat achieves accurate localization. Notably, at thresholds
of (0.5m/5°) and (5m/10°), we achieve accuracy improvements
of 3.1% and 1.6%, respectively, in night scenes.

TABLE IV: Visual localization on Aachen Day-Night.

Day Night

Method 0.25m 0.5m 5m 0.25m 0.5m 5m
2◦ 5◦ 10◦ 2◦ 5◦ 10◦

Standard SuperPoint 87.4 93.2 97.0 77.6 85.7 95.9
DISK 86.9 95.1 97.8 83.7 89.8 99.0

Fast

ORB 66.9 76.1 81.7 10.2 12.2 19.4
ZippyPoint 80.7 88.6 93.7 61.2 70.4 79.6

ALIKE 85.4 91.5 95.0 68.6 83.8 92.1
XFeat 82.3 89.6 96.4 65.4 83.8 95.8

D2Feat 84.2 91.7 96.4 68.6 86.9 97.4

TABLE V: Ablation study on ScanNet-1500.

Method AUC@5◦ AUC@10◦ AUC@20◦

Default 15.9 30.8 46.0
+ CNN 16.1 31.2 45.8
+ Single LoFTR 16.6 31.7 47.1
+ Single DINOv3 16.8 32.1 47.8
+ LoFTR & DINOv3 17.4 32.9 48.5

D. Ablation Study

We conduct ablation experiments to evaluate enhancement
modules in Tab. V. Our baseline uses a single FPN backbone.
Adding a second CNN branch as the student network increases
parameters but yields no significant gains on the challenging
ScanNet-1500 dataset. Distilling either DINOv3 [24] alone or
Efficient-LoFTR [26] improves performance, showing effec-
tive learning of visual knowledge. Finally, joint distillation of
DINOv3 and Efficient-LoFTR delivers the best results, with
1.5%, 2.1%, and 2.5% improvements on respective metrics,
highlighting the benefits of fusing semantic and geometric cues
from diverse pre-trained models for image matching.

TABLE VI: Comparison of computation resources.

Method FLOPs (G) GPU (FPS) CPU (FPS) Desc

Fast
ALIKE 2.11 89.89 0.67 64
XFeat 1.33 99.01 2.27 64
D2Feat 2.99 87.43 1.85 64

E. Performance Overhead

We compare the floating-point operations (FLOPs) and
frames per second (FPS) of different lightweight models. The
results in Tab. VI indicate that our model, compared to the
state-of-the-art XFeat [10] and ALIKE [11] models, does not
introduce excessive overhead but maintains a similar order of
magnitude. While GPU inference speeds are comparable, our
model achieves a 2.8× speedup over ALIKE on CPU.



IV. CONCLUSION

In this work, we introduced D2Feat, a dual-distillation
framework that unifies the strengths of self-supervised visual
encoder and transformer-based feature matcher within a com-
pact convolutional backbone. Through semantic and geometric
distillation, complemented by the local Fine-grained Perceiver
Module, our approach achieves efficient image matching.
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