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Figure 2. Illustration of our proposed novel-view synthesis strategy via lifting single-view 2D images to 3D space with monocular depth
estimation and inpainting, which unlocks the potential for training dense feature matching networks using large-scale, diverse data.

These models, like ResNet [19] and DINOv2 [34], is of-
ten trained on large datasets like ImageNet [21] and learn
to extract semantic representation from single-view 2D im-
ages. However, such models trained on only single-view
images focuses on 2D information and may not fully cap-
ture the complex 3D geometry knowledge of multi-view im-
ages needed for accurate feature matching across different
views. Fit3D [60] proposes the use of multi-view 3D Gaus-
sians collections to fine-tune 2D feature representations, but
is still suffering from hard-to-collect multi-view images. To
address this gap, we introduce a learning process to incor-
porate 3D geometry knowledge into the encoders, which
requires only single-view 2D images.

3. Method
In this section, we first detail the formulation and motiva-
tion, as well as the novel-view synthesis strategy via lifting
single-view 2D images to 3D space, as shown in Figure 2.
Then, as shown in Figure 3, we introduce the 3D-aware en-
coder learning process with 3D feature Gaussians. After
that, we describe the robust decoder learning process. Fi-
nally, we provide the implementation details.

3.1. Formulation and Motivation
In dense feature matching, given two input images I1 and
I2, we first extract their feature representations using a
shared encoder:

F1 = E(I1),F2 = E(I2), (1)

where E is the feature encoder with shared weights. These
features are then passed to a decoder, which predicts the
pixel-wise transformation (warp) W and certainty σ:

fW, σg = D(F1,F2). (2)

However, there are still two main challenges. First,
state-of-the-art feature matching models rely on 2D vision
encoders. These encoders are typically trained on single
2D images and are not capable of capturing 3D geome-
try knowledge, which limits their performance in complex
or dynamic environments. We overcome this limitation
by training a 2D vision model into a 3D-aware encoder,
which injects multi-view perception into the feature extrac-
tion process with the help of 3D feature Gaussians.

Second, collecting large-scale, diverse training data is
difficult and also expensive, as multi-view image datasets
that cover various domains and conditions are both costly
and labor-intensive, which restrict their generalization
across different real-world scenarios. Our framework ad-
dresses this by generating large-scale, diverse datasets using
single-view depth estimation and novel-view rendering.

3.2. Lifing 2D Image to 3D for Novel-view Synthesis
Specifically, to lift 2D image to 3D space, we first use a pre-
trained monocular depth estimation model, such as Depth
Anything V2 [56], which predicts depth maps from single
RGB images. For each natural image Isin, we use a monoc-
ular depth estimation model to predict the dense depth map
Dsyn and sample a random scale a and shift b:

Dsyn = a�Mmo(Isin) + b, (3)

where Mmo represents the monocular depth estimation
model. These synthesized depth maps, though not accurate
in metric scale, capture the relative depth relationships and
structural details in the scene, providing valuable supervi-
sion signals during pre-training.

Then we use the predicted depth to lift the single-view
image into 3D space. We first sample a random camera in-
trinsic matrix K. Next, for each pixel (u, v) in the depth
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