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Abstract. Monocular depth foundation models have demonstrated re-
markable generalization capabilities across diverse environments. How-
ever, they continue to struggle with metric depth estimation in diverse
environments. This limitation stems from the inherent scale ambiguity of
single-view inference, leading to misaligned scale predictions even when
the relative geometry is accurate. Conversely, recent multi-view founda-
tion models leverage cross-view cues to learn robust scene-level geometry
and consistent scale. Yet, these benefits typically vanish during single-
image inference, as the absence of explicit geometric constraints causes
performance to degrade. To bridge this gap, we propose a novel frame-
work that transfers the scale-aware geometric priors of multi-view models
into monocular depth foundation models. Specifically, we introduce an
Epipolar Distillation (EpiDistill), an approach utilizing Rectified Stereo
Tokens, which enables the single-view prediction model to retain epipolar
attention patterns and maintain geometric consistency without requiring
multi-view inputs at inference. Experimental results demonstrate that
our method significantly improves zero-shot metric depth estimation,
particularly on challenging datasets like ETH3D and DIODE where scale
alignment is critical. Furthermore, our approach is model-agnostic, con-
sistently boosting the performance of state-of-the-art ViT-based models,
including UniDepthV2 and DepthPro. Project Link

Keywords: Monocular Depth Estimation · Multi-view Geometry · Knowl-
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1 Introduction

Monocular depth foundation models [2,3,14,21,26,27,43,44] have demonstrated
remarkable generalization capabilities across diverse environments. Despite being
trained on massive datasets, these models inherently struggle to perceive the
correct depth scale, a fundamental challenge in metric depth estimation. To
resolve this scale ambiguity, early methods [15, 46] leveraged camera intrinsics
at inference time to disentangle focal length from depth predictions. Recent
approaches have relaxed this constraint by directly regressing camera intrinsics
alongside depth [26,27,37,38], relying on large-scale datasets to implicitly learn
the correlation between the two.
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Fig. 1: 3D Scene Reconstruction on ScanNet++ [45]. (Left) Qualitative com-
parison of point clouds accumulated across multiple sequential frames using single-view
(SV) and multi-view (MV) methods. (Right) Quantitative evaluation using F1 Score
(") and Chamfer Distance (#) on the test set. ED indicates the proposed EpiDistill
method.

Concurrently, the recent advent of multi-view foundation models [16, 21, 36]
has enabled robust, scene-level 3D reconstruction from a sequence of images.
These methods exploit task-specific tokens and leverage geometry-aware learn-
ing through global cross-attention layers. By processing multi-view inputs in a
single feed-forward pass, they successfully establish geometric correspondence
and predict a globally consistent metric scale.

However, a critical limitation arises when these multi-view foundation mod-
els are tasked with single-view inference. Restricted to single-view inputs, their
performance degrades significantly, often falling short of dedicated monocular
models. This degradation fundamentally stems from an architectural collapse:
in the absence of multi-view input, the cross-view global attention degenerates
into a standard intra-frame self-attention. This creates a geometry mismatch
between training and inference, leading to the immediate loss of the scale-aware
geometric priors learned from multi-view data.

We empirically demonstrate this limitation in Fig. 1. Given multi-view images
with camera parameters, a multi-view model such as DepthAnything3 (DA3) [21]
explicitly processes 5-frame batches to align the scale, generating well-aligned
point clouds in a single feed-forward pass. Conversely, when forced to perform
single-view inference and accumulate results sequentially, the model severely
struggles with per-frame scale ambiguity, producing misaligned reconstructions.
This confirms that vital geometric structures, particularly metric scale, are in-
herently lost when the multi-view attention mechanism collapses. To date, how
to effectively project the scale robustness of multi-view models into single-view
prediction remains an open challenge.

To bridge this gap, we introduce EpiDistill, a novel geometric distillation
framework that explicitly transfers multi-view geometric knowledge to a single-
view model. During training, a multi-view model achieves accurate depth per-
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ception by utilizing an explicit Depth-Guided Epipolar Attention. To process
single-view inputs while preserving this learned structure, our single-view model
pairs the retained epipolar attention with learnable Rectified Stereo Tokens, di-
rectly distilling knowledge from the multi-view tokens. These tokens serve as
a structural anchor to provide the geometric guidance necessary to effectively
leverage the distilled priors. As visually and quantitatively evidenced in Fig. 1,
integrating our method with a baseline, UniDepthV2+EpiDistill (ED), success-
fully produces accurate, globally scale-aligned reconstructions from single-view
inputs—improving the F1 score by 20.5% and reducing the Chamfer distance by
17.6%. By inheriting the scale robustness inherent to multi-view geometry, our
approach significantly elevates the zero-shot metric depth estimation capabili-
ties of state-of-the-art (SoTA) Vision Transformer (ViT) [8] baselines. Our main
contributions are summarized as follows:

– We propose EpiDistill, a novel framework that transfers scale-robust multi-
view geometric priors to single-view prediction models.

– We design a Depth-Guided Epipolar Attention that utilizes ground-truth
spatial bias along the epipolar line, providing explicit geometric supervision
during the multi-view training phase.

– We introduce Rectified Stereo Tokens, which prevent the structural collapse
of cross-view attention during single-view inference by serving as a geometric
anchor in a rectified stereo setup.

– Extensive experiments demonstrate that our approach is model-agnostic and
significantly improves the zero-shot metric depth performance of SoTA ViT-
based models (e.g., UniDepthV2, DepthPro), particularly on challenging
datasets demanding strict scale alignment.

2 Related Works

2.1 Monocular Depth Estimation

Monocular depth estimation [9, 18, 42] aims to predict the depth of a scene
from a single input image. Early deep learning approaches incorporated depth
priors to improve performance, utilizing techniques such as ordinal regression [10]
and adaptive binning to partition the depth range [1]. However, these models
heavily relied on direct ground-truth supervision, which fundamentally limited
their generalization capabilities across diverse datasets. To mitigate the reliance
on annotated data, self-supervised methods [5, 13, 28, 40, 41, 47] were proposed.
These approaches leverage novel view synthesis, utilizing nearby video frames
and photometric consistency losses to jointly estimate depth and camera pose
without explicit ground-truth depth.

Recently, depth foundation models trained on massive, diverse datasets have
emerged. By adopting robust depth representations and range normalization
techniques [2, 30, 43, 44], these models successfully aggregate training data from
various domains to achieve remarkable zero-shot relative depth estimation. Build-
ing upon this success, several recent works have focused on metric depth esti-
mation [3,11,25–27] by employing additional modules to predict absolute scale.
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Fig. 2: Geometric ambiguity in single-view inference of multi-view models.
In standard architectures, the global attention layer collapses into standard intra-frame
self-attention when deprived of auxiliary views. In contrast, our proposed EpiDistill
framework preserves the structural integrity of the cross-view attention pathways by
utilizing depth-guided epipolar attention coupled with rectified stereo tokens.

Nevertheless, despite leveraging large-scale datasets, monocular metric depth
estimation models inherently suffer from scale ambiguity due to their training
relying on limited 2D visual cues. In contrast, our approach resolves this am-
biguity by supervising the model with explicit multi-view geometric constraints
during training. By distilling the capacity to reason over epipolar geometry into
a single-view model via rectified stereo tokens, our framework accurately predicts
metric scale during single-view inference.

2.2 Multi-view Foundation Models

Recent advances in 3D vision have introduced multi-view foundation models
such as DUSt3R [39] and MASt3R [20], which utilize multiple viewpoints to
jointly predict dense geometry, including point clouds and camera information.
However, these methods strictly require two views as input and rely on compu-
tationally expensive iterative processes for global scene reconstruction. To over-
come these computational bottlenecks, models such as VGGT [36], DepthAny-
thing3 [21], and MapAnything [16] are proposed. They achieve globally aligned
scene reconstruction and robust scale estimation through a single feed-forward
pass using multi-view inputs. These architectures utilize alternating token mixing
strategies, specifically interleaving intra-frame (frame) and cross-frame (global)
attention layers, to establish multi-view consistency and infer scene-level scale.

Consequently, a limitation arises during single-view inference: the global at-
tention naturally degenerates into frame attention, as shown in Fig. 2. This
structural collapse discards the rich, scale-aware geometric priors learned during
multi-view training, resulting in scale ambiguity similar to traditional monocu-
lar models, as shown in Fig. 1. Unlike these approaches, our proposed EpiDis-



EpiDistill 5

till framework explicitly bridges this gap. By guiding the monocular prediction
model to retain the epipolar constraints learned from multi-view training, we
successfully preserve robust scale estimation capabilities without requiring ad-
ditional views at inference time.

3 Preliminaries

In this section, we revisit the architecture of multi-view foundation models [16,
21, 36], which serves as the structural basis for our approach. Speci�cally, we
formalize the tokenization and attention mechanisms responsible for learning
geometric scale priors.
Multi-View Tokenization. Given a set of N images fI 1; I 2; : : : ; I N g, a Vision
Transformer (ViT) [8] encoder processes each image into a sequence of spatial
tokens. Let Fi 2 RL�d denote the spatial tokens for image Fi , where L is the
sequence length and d is the feature dimension. To explicitly reason about camera
geometry and global scale, learnable task-speci�c tokens (e.g., camera or scale)
are appended to the spatial token sequence of each view.
Frame and Global Attention. The representational power of recent multi-
view foundation models [16, 21, 36] stems from alternating attention blocks.
The frame attention operates strictly within individual views, applying stan-
dard self-attention to F i . Conversely, the global (cross-view) attention models
broad spatial relationships and structural priors across di�erent viewpoints. Let
Fglobal = [F 1; F2; : : : ; FN ] 2 R (N�L)�d be the concatenated token sequence from
all views. The global attention computes the output features by allowing tokens
to attend to tokens derived from all viewpoints. With this cross-view interaction,
the network inherently learns to resolve scale ambiguity by extracting multi-view
geometric constraints. The �nal decoded outputs yield geometry predictions in-
cluding depth maps and camera intrinsics.

4 EpiDistill

The overall pipeline of our proposed framework is illustrated in Fig. 3. Our
approach leverages multi-view image sets (e.g., Iref ; I src ; : : : ) during training to
extract geometrically consistent scale priors. Speci�cally, we build upon SoTA
ViT-based [8] depth foundation models, such as UniDepthV2 [26] and DepthPro
[3]. Given overlapping multi-view images, a frozen model encoder extracts dense
spatial tokens (Fref ; F src ; : : : ). We append a learnable scale token (Fscale) to
the spatial tokens of each individual view and process them through shared
frame attention layers. Subsequently, the epipolar attention is applied across
views to explicitly learn multi-view geometric correspondences and resolve scale
ambiguity.

To enable highly accurate single-view prediction, we distill this consistent
geometric information into a single-view model at the token level. To preserve
the learned epipolar attention without requiring actual multi-view inputs, the
single-view model substitutes the missing source views with a set of learnable
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Fig. 3: Overview of the EpiDistill architecture. (Top) During training, a multi-
view model extracts geometric priors via frame attention and depth-guided epipolar
attention. (Bottom) A single-view model employs the shared layers but leverages
Recti�ed Stereo Tokens as geometric guidance. Knowledge is distilled from multi-view
to single-view tokens. Finally, lightweight heads predict structural shift (�d), global
scale (ŝ), and focal length (� x ; � y ) adjustments to re�ne the baseline prediction. At
inference, only the single-view pipeline is utilized.

Recti�ed Stereo Tokens (Trst ). These tokens interact with the single-view image
features via a cross-attention layer to form reference-guided tokens (Trst-ref ).
Reference-guided tokens are then concatenated with the primary spatial tokens
and processed through the shared epipolar attention layers. Finally, the geo-
metric knowledge from the multi-view attended tokens is explicitly distilled into
these single-view embeddings, yielding attention-re�ned spatial tokens.

Because the underlying baseline models already excel at relative depth es-
timation, we explicitly decouple the �nal depth prediction into structural and
scale components. Given the original depth prediction from the foundation model
as Dorig , we retain this dense prediction and normalize it to obtain a scale-
invariant structural depth map, D base = D orig =( 1

N

P N
i=1 D orig;i ), where N is the

total number of pixels. The attention-re�ned spatial tokens are then fed into a
lightweight Dense Prediction Transformer (DPT) [30] head to predict a dense
structural shift o�set, �d. Concurrently, the scale token, enriched by both frame
and epipolar attention, is passed through an MLP-based scale head to predict
a metric scale factor, ŝ. The �nal adjusted metric depth, D adj , explicitly fuses
these decoupled outputs:

D adj = ŝ � (D base + �d): (1)

An auxiliary camera head resolves camera and scale ambiguities by predicting
normalized focal length residuals (�x ; � y ) from scale tokens. These are rescaled
by (W; H) to compute the adjusted focal length: f adj = f base + (� x W; � y H).

4.1 Depth-Guided Epipolar Attention

We propose a novel epipolar attention network designed to e�ectively fuse multi-
view observations and extract robust geometric priors. For a given pair of images,
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Fig. 4: Depth-Guided Epipolar Attention and Recti�ed Stereo Tokens. (Top)
In the multi-view model, a reference query (blue) attends to points along the 2D
epipolar line, supervised by L attn to localize 3D correspondences. (Bottom) In single-
view model, reference-guided tokens (Trst-ref ) substitute source views, simplifying the
geometry into a 1D horizontal search space (dashed arrows).

depth-guided epipolar attention computes cross-attention between the tokens of
the reference view and those of the source view. To enforce geometric consistency,
the attention for a query token from the reference image is constrained to tokens
sampled along its corresponding epipolar line in the source image.

Let K ref and K src be the intrinsic matrices of the reference and source view,
respectively, and [Rjt] be the relative rigid transformation between the reference
view and the source view. For a query pixel pref;i in the reference view (where i 2
f1; : : : ; Ng indexes the total N reference tokens) with homogeneous coordinates
~p ref;i , the corresponding epipolar line lsrc;i in the source view is de�ned by the
fundamental matrix F 2 R 3�3 :

lsrc;i = F ~p ref;i = K �>
src [t] � RK �1

ref ~p ref;i ; (2)

where [t]� is the skew-symmetric matrix of the translation vector t. While stan-
dard cross-attention is applied over a set of sampled points along this line, we
introduce an explicit geometric guidance mechanism using ground-truth depth
during training. As illustrated in Fig. 4, by leveraging the ground-truth depth
D gt (p ref;i ), the exact corresponding target point p�

src;i in the source view can be
determined by back-projecting the reference pixel to 3D and projecting it onto
the source image plane:

p �
src;i = �

�
K src

�
R

�
D gt (p ref;i )K �1

ref ~p ref;i
�

+ t
��

; (3)

where �([x; y; z] > ) = [x=z; y=z]> denotes the perspective projection operation.
To concentrate attention near the exact correspondence, we introduce a spa-

tial Gaussian bias Bij for each sampled coordinate psrc;ij , where j 2 f1; : : : ; Mg
indexes the M discrete points sampled along the epipolar line lsrc;i :

B ij = �
kp src;ij � p �
src;i k2

2; (4)
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where 
 controls the distribution sharpness (e.g., 
 = 50). This bias is added di-
rectly to the raw cross-attention logits E ij = q >

ref;i k src;j =
p

d, yielding the depth-
guided target attention map A �

ij = Softmax j (E ij + B ij ). Here, qref;i and ksrc;j

denote the query token from the reference view and the key token from the
source view, respectively. To distill this capability, we apply a cross-entropy loss
over the predicted attention weights:

L attn = �
1
N

NX

i=1

MX

j=1

A �
ij log(Â ij ); (5)

where Â ij = Softmax j (E ij ) represents the unguided attention predicted by the
model. This aligns the attention distributions within the epipolar sampling space.
Note that A � is detached from the gradient �ow to serve solely as a supervision
signal. Additionally, L attn is masked out for invalid regions due to the sparsity
of the ground-truth depth, while the epipolar attention remains fully active.

4.2 Recti�ed Stereo Tokens

In multi-view geometry, a recti�ed stereo setup provides an ideal constrained
environment for depth perception. By aligning the image planes, the relative
camera pose simpli�es to an identity rotation (R = I) and a purely horizontal
translation t = [b; 0; 0] > . Assuming identical camera intrinsics with focal length
f , the fundamental matrix F becomes:

F = K �>
src [t] � RK �1

ref =

2

4
0 0 0
0 0 �c
0 c 0

3

5 ; (6)

where c = b=f . For a given reference pixel~p ref = [x 0; y0; 1]> , the corresponding
epipolar line in the source view is calculated as lsrc = F ~p ref = [0; �c; cy 0]> . Since
the baseline-dependent constant c cancels out in the resulting 2D line equation
(�cy + cy 0 = 0), the geometric search space is strictly con�ned to y = y0.

This baseline-agnostic property simpli�es the epipolar attention, requiring
the model to attend only to tokens along the same horizontal scanline. To pre-
serve this structure without actual multi-view inputs, we introduce learnable
Recti�ed Stereo Tokens (Trst ) to serve as a constant geometric anchor. We ini-
tialize a spatial token grid T rst 2 RHW �d and dynamically interpolate it to
match the spatial resolution of the encoded reference features Fref 2 RH 0W 0�d .
Through cross-attention, T rst queries Fref to embed spatial context, yielding
reference-guided tokens Trst-ref . Subsequently, the model applies the recti�ed
epipolar attention between Fref and T rst�ref , constraining the cross-attention
interaction strictly along the horizontal scanlines to explicitly simulate the rec-
ti�ed stereo setup.

To interpret this transformation, we visualize the high-dimensional internal
representations�speci�cally the tokens (T rst , F ref , T rst-ref ) and the epipolar at-
tention residual map�by reducing their d-dimensional features to three principal
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Fig. 5: Visualization of Recti�ed Stereo Tokens via Principal Component
Analysis (PCA). The visual progression shows the PCA-projected RGB mappings
of the learnable spatial tokens (T rst ) undergoing cross-attention with the encoded ref-
erence features (Fref ) to generate reference-guided tokens (Trst-ref ). Additionally, we
visualize the PCA-reduced epipolar attention residual map, alongside the resulting
depth accuracy improvement map, where green regions indicate reduced A.Rel error
and red indicates degradation.

components via PCA and mapping them to RGB channels. As shown in Fig. 5,
the cross-attention injects scene-speci�c structural awareness into Trst-ref . Fur-
thermore, we analyze the PCA-mapped epipolar attention residual, de�ned as
the feature di�erence before and after applying the epipolar attention layer. This
residual demonstrates that the network successfully captures semantic informa-
tion, such as scene layouts. By leveraging this semantically aware geometric an-
chor, EpiDistill (ED) e�ectively guides the depth re�nement process. This results
in a signi�cant reduction in the absolute relative error (A.Rel), as evidenced by
the separate depth improvement map (A.RelUniDepthV2 � A.Rel UniDepthV2+ED ),
achieving accurate metric results.

4.3 Loss Functions

Our model is trained using a composite loss function that explicitly decouples
structure and scale while enforcing multi-view consistency and stabilizing the
distillation process. The total loss Ltotal is formulated as a weighted sum of its
individual components:

L total = L rel + L scale + � ray L ray + � distill L distill + � attn L attn ; (7)

where the loss weights are empirically set to �ray = 0:3, � distill = 1:0, and
� attn = 0:1.
Relative Depth Loss (L rel ). To stably learn metric scale in a multi-view
setting, we explicitly decouple the depth estimation into a normalized structural
component and a global scale component. For the structural target, the ground-
truth depth D GT is normalized by its arithmetic mean within the valid mask
region M. The predicted relative depth ~D rel is formed by adding a structural
o�set �d to the base depth D base:

~D rel = D base + �d; �D GT =
D GT

1
jMj

P
p2M D GT;p

: (8)
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The structural depth loss Ldepth operates in log-space using an L1 loss:

L depth =

s
1

jMj

X

p2M

�
� log ~D rel;p � log �D GT;p

�
� : (9)

Following [26], we incorporate an edge-aware loss Ledge using Sobel-�ltered image
gradients to preserve sharp depth discontinuities around strong object bound-
aries. The �nal relative depth loss is formulated as Lrel = L depth + L edge.
Scale Loss (L scale ). The metric scale ŝ predicted by the scale head is indepen-
dently supervised by the arithmetic mean of the ground-truth depth. To ensure
gradient �ows to the scale head, we apply an L1 penalty in log space:

L scale =

s �
�
� log ŝ � log

� 1
jMj

X

p2M

D GT;p

� �
�
� : (10)

Ray/Intrinsic Loss (L ray ). To jointly optimize camera intrinsics, we enforce
an L1 penalty on the predicted focal length residuals (�x ; � y ) relative to the
ground-truth focal lengths normalized by image width W and height H:

L ray =
�
�
�
f x;base

W
+ � x �

f x;GT

W

�
�
� +

�
�
�
f y;base

H
+ � y �

f y;GT

H

�
�
�: (11)

Distillation Loss (L distill ). To ensure stable knowledge transfer, this mecha-
nism aligns single-view tokens Ts with multi-view epipolar-aggregated features
T m guided by the recti�ed stereo tokens. The loss combines a cosine similarity
direction objective with a magnitude penalty over the valid token mask N :

L distill =
1

jN j

X

k2N

�
1 � cos

�
T m;k ; T s;k

�
+ 0:1

�
�kT m;k k2 � kT s;k k2

�
�
�

; (12)

where N represents the valid token mask established by the epipolar attention,
ensuring that feature alignment is focused on valid cross-view correspondences.
Attention Loss (L attn ). Lastly, the attention loss L attn explicitly guides the
epipolar correspondence via cross-entropy optimization over the predicted at-
tention weights, as previously formulated in Eq. (5).

5 Experiments

5.1 Experimental Setup

Datasets. We train our model on a multi-domain mixture of seven datasets
covering indoor, outdoor, and synthetic environments: Hypersim [31], Cityscapes
[6], Eden [19], ScanNet [7], ScanNet++ [45], Waymo [34], and nuScenes [4].
All selected datasets provide ground-truth depth, camera intrinsics, and 6-DoF
camera poses. Using these annotations, we compute the visual overlap between
frame pairs to construct training tuples consisting of a reference view and up to
two source views, with triplets sampled within a �20 frame window.
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Fig. 6: Qualitative comparison on the ETH3D [32] (Top) and KITTI [12]
(Bottom) datasets. The heatmaps visualize the absolute relative error (A.Rel), with
the corresponding A.Rel value for each prediction reported in parentheses. ED indicates
the proposed EpiDistill method. Note that the KITTI visualizations have been cropped
by 30% on the left to improve visibility.

To ensure that the epipolar attention can reliably establish meaningful ge-
ometric correspondences, we strictly enforce a minimum visual overlap of 20%
between the paired views. For the Hypersim dataset, identical sampling is ap-
plied using the exact ground-truth poses despite its discrete renderings. During
training, input images are resized up to 576K pixels while preserving their aspect
ratios, and the total number of training samples is capped at 50K per dataset
to balance the training distribution.

Evaluation Settings. We evaluate depth prediction accuracy using standard
metrics for monocular depth estimation: absolute relative error (Abs Rel), root
mean squared error (RMSE), and �1 < 1:25. Further details on these metrics
can be found in the supplementary material. Crucially, our evaluation settings
(e.g., depth clipping caps and valid region masking) strictly follow the evaluation
protocol established by UniDepthV2 [26].

Training Details. Our framework is built upon two representative Vision Trans-
former (ViT)-based monocular depth models: UniDepthV2 (ViT-L) [26] and
DepthPro [3], utilizing their pre-trained weights. We intentionally select these
two models to demonstrate the broad generalizability of EpiDistill across dif-
ferent generations and performance tiers. Speci�cally, UniDepthV2 represents a
cutting-edge SoTA approach, while DepthPro serves as a highly in�uential, es-
tablished baseline. By consistently improving the performance of both models,
we validate that our distillation method is not over�tted to a single architecture
and can be seamlessly adapted to various ViT-based frameworks.
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