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Abstract

Recent advances in monocular depth estimation meth-
ods (MDEs) and their improved accuracy open new pos-
sibilities for their applications. In this paper, we investi-
gate how monocular depth estimates can be used for rela-
tive pose estimation. In particular, we are interested in an-
swering the question whether using MDEs improves results
over traditional point-based methods. We propose a novel
framework for estimating the relative pose of two cam-
eras from point correspondences with associated monoc-
ular depths. Since depth predictions are typically defined
up to an unknown scale or even both unknown scale and
shift parameters, our solvers jointly estimate the scale or
both the scale and shift parameters along with the rela-
tive pose. We derive efficient solvers considering differ-
ent types of depths for three camera configurations: (1)
two calibrated cameras, (2) two cameras with an unknown
shared focal length, and (3) two cameras with unknown
different focal lengths. Our new solvers outperform state-
of-the-art depth-aware solvers in terms of speed and accu-
racy. In extensive real experiments on multiple datasets and
with various MDEs, we discuss which depth-aware solvers
are preferable in which situation. The code is available
at https://github.com/kocurvik/mdrp.

1. Introduction

Relative pose estimation is a core problem in a wide range
of computer vision applications, including Structure-from-
Motion (SfM) [57], visual localization [55, 61, 71], and au-
tonomous robots [43]. Typically, the relative pose of cam-
eras is estimated from 2D-2D image point correspondences
that are established using feature matching. Given 2D-2D
matches, the relative pose [28, 37, 38, 51, 59, 60] of two
cameras can be estimated using the epipolar geometry con-
straints [29]. For two calibrated cameras, 5 point correspon-
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Figure 1. Given point matches and their corresponding depths
from a pair of images, we propose the use of different minimal
solvers for relative pose estimation, according to the properties
of the depth data. For local optimization, the Sampson error is
generally more robust across varying depth conditions, while the
reprojection error may yield better results when the depth mea-
surements are highly reliable.

dences are needed to estimate the 5 degrees of freedom of
the relative pose (3 for rotation and two for the translation
up to an unknown scale) [28, 37, 51, 60]. The relative
pose of two cameras with unknown shared focal length can
be estimated from 6 correspondences [28, 37, 38, 59]. If
the full intrinsic calibration is unknown and/or both cam-
eras have different calibrations, the relative pose can be es-
timated from 7 or 8 correspondences [29].

Due to noise in the measurements and the pres-
ence of outlier correspondences, algorithms for relative
pose estimation are usually employed in RANSAC-style
hypothesize-and-verify frameworks [23]. The number of
RANSAC iterations grows exponentially with the number
of correspondences needed to estimate the pose. As such, a
considerable amount of work focuses on reducing the num-
ber of correspondences necessary for pose estimation. This
is typically done by using additional information, such as
point coplanarity [10, 29], the gravity direction from an In-
ertial Measurement Unit (IMU) [15–17, 24, 36, 50, 62], or
information about the local feature geometry such as the
scale and rotation of features [3, 27, 46] or local affine
frames [5, 6, 22].

Recently, learning-based methods [9, 26, 30, 48, 53, 64,
67, 68] have achieved significant success in predicting depth
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from a single image. The increasing precision of Monoc-
ular Depth Estimation methods (MDEs) opens new pos-
sibilities of using depth information in downstream tasks.
Recent studies have shown a growing focus on the use of
dense depth estimates to improve the performance of vari-
ous geometry-based applications, including structure-from-
motion/SLAM [45, 49, 73], dense reconstruction [66, 70],
and novel view synthesis [31, 42].

Depth naturally provides additional information for cam-
era pose estimation. Thus, several recent works [2, 4, 20,
69] used monocular depths from MDEs to improve the rel-
ative pose estimation of cameras. The depth information
provides additional constraints on the geometry, and thus
reduces the number of correspondences necessary for the
estimation. However, it also introduces new challenges:
(1) Learning-based depth estimates are usually much more
noisy and erroneous than image measurements. (2) MDEs
typically produce scale/affine-invariant depth [9, 34, 48,
64], affine-invariant inverse depth [8, 54, 67, 68] or met-
ric depth [7, 30, 53], meaning that the estimated depth or
inverse depth is only defined up to an unknown scale fac-
tor or both unknown scale and shift parameters. (3) The
unknown shift and scale can be different for different im-
ages of the same scene. Due to these challenges and the
fact that the solvers proposed in [2, 20] use only relative
depths, do not model unknown shifts, and have been tested
only with depths from one network (Depth Anything [68]
in [20], and a network for estimating the relative depth pro-
posed directly in [2]), [2, 20] do not convincingly show the
improvement of their depth-aware solvers over traditional
2D-2D point-based relative pose solvers [29, 51, 60]. The
solvers proposed in [69], which model scale and shift, have
been integrated into hybrid RANSAC [11] with Ceres-based
optimization [1]. While this approach outperforms tradi-
tional methods, it is very time-consuming. Thus, prior work
does not fully answer the question of whether recent MDEs
provide useful information for the relative pose estimation
task.

This paper attempts to provide an answer to this ques-
tion by presenting a comprehensive comparison of differ-
ent depth-aware solvers for calibrated, shared focal length
and different focal lengths cases, under different conditions,
i.e., different sources of depth information, different fea-
ture detectors and matchers, different types of datasets (in-
terior/exterior) and different optimization schemes inside
RANSAC. To this end, we provide novel solvers for three
different types of monocular depths: metric depth, scale-
invariant depth, and affine-invariant depth. We introduce
novel formulations that jointly estimate the relative pose of
two cameras along with the scale or affine parameters of the
monocular depths. The proposed solvers use the full infor-
mation from the depth estimates, resulting in fewer corre-
spondences necessary for the relative pose estimation com-

pared to solvers based on relative depths [20].
The main contributions of the paper are:
• We integrate scale and affine parameters of monocular

depth into solvers for relative pose estimation. These pa-
rameters are estimated together with the relative pose.

• We discuss all possible combinations of known and un-
known shift and scale parameters. We propose several
practical and efficient minimal solvers for calibrated cam-
eras, two cameras with shared unknown focal length, and
two cameras with different unkown focal lengths. Our
solvers outperform state-of-the-art depth-aware solvers in
terms of efficiency and accuracy.

• We evaluate different RANSAC schemes to account for
potentially erroneous and noisy depth estimates.

• In extensive real experiments, we answer the questions
which state-of-the-art MDEs are suitable for relative pose
estimation, which require modeling unknown scale or
affine parameters, and which provide the best improve-
ment in terms of efficiency and accuracy over traditional,
purely point correspondence-based solvers.

2. Related Work
Liwicki and Zach [46] show that the relative scales of
SIFT [47] features can approximate the inverse relative
depths of the features. In this case, one point correspon-
dence provides two constraints for relative pose estimation,
and the 5-DOF problem can be solved using only three point
correspondences with two relative depths. In the same set-
ting, Guan and Zhao [27] solve the generalized relative pose
problem using three SIFT correspondences. Astermark et
al. [2] propose a closed-form minimal solution to the rela-
tive pose of two calibrated pinhole cameras with known rel-
ative depths. In addition, they propose a neural network to
estimate the relative depths. In [19], relative depths approx-
imated from SIFT scales are used to estimate the calibrated
homography. Barath and Sweeney [4] propose a 2-point
solver with depth information for relative pose estimation.
However, as pointed out in [69], this 2-point solver is degen-
erate for rigid alignments due to rank deficiency. In [20],
the authors propose new minimal solvers that use relative
depths for fundamental matrix estimation. They discuss dif-
ferent variants of solvers with known and unknown focal
lengths. Their solvers work for monocular depths with un-
known different scales. However, the solvers do not model
unknown shifts in the depths, assuming that the shifts are
zero in both images and thus can be ignored. All of the
methods and minimal solvers discussed above use only the
information from relative depths. Thus, they do not utilize
the full information from the two monocular depth maps.

Dust3r [65] is a recent 3D foundation model for two-
view geometry estimation tasks, including depth prediction
and relative pose estimation. The relative pose is estimated
by aligning two point maps via a similarity transformation.
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Trained on large-scale datasets, Dust3r is able to handle
scenarios where there is little overlap between the two im-
ages. Mast3r [41] further improves performance through
feature matching. Mast3r minimizes both 3D-3D matching
errors and 3D-2D reprojection errors to refine depths, rela-
tive poses, and intrinsic parameters.

In this paper, in contrast to the minimal solvers men-
tioned above that use only relative depths, we solve the
problem using the full information from two depth maps.
Concurrently to our work, Yu et al. [69] developed three
novel minimal relative pose solvers for affine-invariant
depths. Their calibrated, shared-focal, and two-focal length
solvers solve the same formulation as our solvers with un-
known shift and scales. In order to deal with potentially
noisy and erroneous depth information, Yu et al. propose to
use their depth-aware solvers jointly with classical 2D-2D
point-based solvers in a hybrid LO-MSAC [11, 63] frame-
work. In their Madpose framework, they combine the sym-
metric depth-induced reprojection error and the Sampson
error for scoring pose hypotheses and for local optimiza-
tion. The main differences between our work and [69] are
the following: (1) Our solutions to configurations with un-
known shifts and scales, i.e., affine-invariant depths, result
in smaller and thus faster solvers. For a detailed comparison
of sizes and run-times of the proposed and the MADPose
solvers [69], see Table 2. (2) In addition to affine-invariant
solvers, we also derive novel minimal solvers for cases
with known/zero shifts and either unknown or known/same
scales. Moreover, we derive a calibrated solver for in-
verse depth and discuss the number of solutions for all other
variants of known/unknown/same/different shifts and scales
(see Table 1). (3) By testing more variants of solvers, in-
cluding novel solvers with zero shifts, we show that in some
scenarios it is not necessary to model unknown shifts. This
is in contrast to the observation made by [69], who, by miss-
ing some variants of the solvers in their experiments, con-
cluded that modeling the unknown shift is always beneficial
(even for “metric” depths). (4) In contrast to using a com-
plex hybrid RANSAC scheme and a combination of repro-
jection and Sampson errors that results in slower running
times, we look at a simple and more efficient local opti-
mization scheme based on using a single solver with either
reprojection or Sampson error.

3. Problem Statement
Assume that a set of 3D points Ω is observed by two cam-
eras with projection matrices K1[I | 0] and K2[R | T]. Let
{pi,qi}, i = 1, . . . , n be a set of n 2D point correspon-
dences, i.e., the projections of the 3D points from Ω in the
first and the second camera, respectively. Then we have

λiK
−1
2 qi = ηiRK−1

1 pi +T, (1)

where λi and ηi are the depths of the points qi and pi.

MDEs provide either scale/affine-invariant depth [9, 34,
48, 64], affine-invariant inverse depth [8, 54, 67, 68], or
metric depth [7, 30, 53]. In the most general case of affine-
invariant depth, the true depths λi and ηi in (1) can be ex-
pressed as

ηi = s1(αi + u), λi = s2(βi + v), (2)

where αi, βi are estimated affine-invariant depths, and
{s1, s2}, {u, v} are the unknown scales and shifts of the
depths. Substituting (2) into (1), we have

s2(βi + v)K−1
2 qi = s1(αi + u)RK−1

1 pi +T, (3)

Dividing (3) by s1, results in

s(βi + v)K−1
2 qi = (αi + u)RK−1

1 pi + t, (4)

where s = s2/s1 and t = T/s1, i.e., two different scales
are replaced by the relative scale s. Note that in this case,
the scale of the translation t is defined w.r.t. s1, thus we
can not further fix the scale of t, i.e., the translation vec-
tor is not estimated up to scale like in the standard relative
pose solvers [51], but needs to be estimated as a 3 degrees
of freedom (3-DOF) vector. This means that for calibrated
cameras, i.e., for known calibration matrices K1 and K2,
we have a 9-DOF problem w.r.t. {s, u, v,R, t}. Since one
3D-3D point correspondence1 provides three constraints of
the form (4), we need at least 3 point correspondences with
their monocular depths to solve this problem for the cali-
brated case. For the case of unknown focal lengths f1 and
f2 in calibration matrices K1 and K2, we have 10 and 11
DoF, for cases f1 = f2 and f1 ̸= f2 respectively.

In addition to affine-invariant depths, some MDE net-
works provide scale-invariant depths or even metric depths;
moreover, in some applications the depth can be estimated
directly using depth sensors. Thus in some scenarios, we
can assume known/zero shift and/or equal scales and shifts
of two depths. There are 6 possible combinations of known
and unknown shifts and scales that result in different DOF
problems. Table 1 lists all these combinations together with
the number of solutions for different problem settings, with
novel solvers to interesting practical setups that are tested
in the main paper and in the Supplemental Material (SM)
marked in gray. Note that for calibrated case the setups
with known shifts and scales ({s, u, v} = {1, 0, 0}), and
with known shifts and unknown scale {s, u, v} = {s, 0, 0}
can be solved using the well-known P3P solver [18, 25, 52].
The P3P solver can handle scale invariant depth, since it
only uses single-side depth.2 Due to space limits, we only

1Note that in this case the 2D points {pi,qi} are equiped with depths
and thus lifted to 3D points.

2Although one 3D-3D point correspondence provides three constraints,
we can not use only two 3D-3D point correspondences to solve the 6-DOF
pose problem with known {s, u, v} = {1, 0, 0}. The reason is that the
rotation cannot be determined with only two points. There still remains a
1-DOF rotation around the line passing through the two points.
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Solver
Point Correspondence Scale

Ratio Shift DOF No. of
Solutions3D-3D 3D-2D 2D-2D

C
al

ib
ra

te
d

5-point [51] - - 5 - - 5 10
Rel3PT∗ [2] 2 - 1 1 (0, 0) 5 4

P3P [18] - 3 - s (0, -) 6 4
3PT1uu 1 2 0 1 (u, u) 7 8
3PT1uv 2 1 0 1 (u, v) 8 8
3PTsuu 2 1 0 s (u, u) 8 8
3PTsuv 3 0 0 s (u, v) 9 4

3PTsuv (inverse) 3 0 0 s (u, v) 9 10

E
qu

al
f

6-point [28] - - 6 - - 6 15
3p3d∗ [20] 3 - - 1 (0, 0) 6 4
3PT100f 1 2 0 1 (0, 0) 7 6
3PT1uuf 2 1 0 1 (u, u) 8 6
3PT1uvf 3 0 0 1 (u, v) 9 4
3PTs00f 2 1 0 s (0, 0) 8 4
3PTsuuf 3 0 0 s (u, u) 9 6
4PTsuvf 3 0 1 s (u, v) 10 8

V
ar

yi
ng

f 1
,f

2

7-point [29] - - 7 - - 7 3
4p4d∗ [20] 4 - - s (0, 0) 7 1
3PT100f1,2 2 1 0 1 (0, 0) 8 3
3PT1uuf1,2 3 0 0 1 (u, u) 9 4
4PT1uvf1,2 3 0 1 1 (u, v) 10 16
3PTs00f1,2 3 0 0 s (0, 0) 9 1
4PTsuuf1,2 3 0 1 s (u, u) 10 18
4PTsuvf1,2 3 1 0 s (u, v) 11 4

Table 1. Different combinations of using 3D-3D, 3D-2D, and 2D-
2D point correspondences for focal length problems. The solvers
marked gray are used in our experiments. Note that subscripts
suv in names of the solvers represent different configurations
of known/unknown/same/different scales and shifts in the depth
maps. ∗Relative depth was used, where one partial 3D-3D corre-
spondence provides only 2 constraints.

discuss two practical scenarios in the main paper: the two
depths up to unknown scale with two different shifts, and
the two depth maps up to unknown scale. Other cases are
discussed in the SM.

3.1. Calibrated Case
In this section, we first discuss the solver for the calibrated
case, where the intrinsic parameters of cameras are known,
i.e., K1 and K2 are known. We use q̃i = K−1

2 qi, p̃i =
K−1

1 pi to represent the normalized image points.
Given 3 point correspondences and their monocular

depths, substituting q̃i, p̃i, i = 1, 2, 3 into (4) we have nine
equations in nine unknowns

s(βi + v)q̃i = (αi + u)Rp̃i + t. (5)

By eliminating the translation from the above equations,
i.e., by subtracting pairs of equations, we have

s(βi + v)q̃i − s(βj + v)q̃j = R((αi + u)p̃i − (αj + u)p̃j),

for (i, j) = (1, 2), (1, 3), (2, 3).
Since applying the rotation matrix on a vector preserves

the length of this vector, we have the following constraints

∥s(βi + v)q̃i − s(βj + v)q̃j∥ = ∥(αi + u)p̃i − (αj + u)p̃j∥,

Solver G-J Eigen Time (µs)

3PTsuv(Ours) 3× 6 Closed-form 1.46
3PTsuv(M) 12× 16 4× 4 4.45

4PTsuvf (Ours) 24× 32 8× 8 12.5
4PTsuvf (M) 36× 44 8× 8 23.6

4PTsuvf1,2(Ours) 20× 24 4× 4 6.45
4PTsuvf1,2(M) 40× 44 4× 4 20.2

Table 2. Efficiency comparison between the proposed affine-
invariant solvers and those from MADPose [69], denoted as (M).

for (i, j) = (1, 2), (1, 3), (2, 3). This is also known as the
rigid motion constraint, which preserves the distance be-
tween two 3D points under a rigid transformation, and has
been widely used in the literature [18, 23, 52, 72]. In this
case, the rotation is eliminated and we obtain three equa-
tions in three unknowns. Since the equations only contain
s2, we can let c = s2 to reduce the degrees and eliminate
the symmetries. In short, if s is a solution, then −s is also a
solution. However, s should be positive since it presents the
relative scale of two depths. thus a solution to c = s2 gives
us only one geometrically feasible solution for s.

The three above equations can be written in a matrix
form M [cv2, cv, c, u2, u, 1]⊤ = 0, where M is a 3×6 coef-
ficient matrix. After Gauss-Jordan (G-J) elimination of this
matrix, the three monomials {cv2, cv, c} can be expressed
as quadratic functions of u, i.e., cv2 = g1(u), cv = g2(u),
c = g3(u), where g1, g2, g3 are polynomials in u of de-
gree 2. Since (cv)2 = (c)(cv2), we have g22 = g1g3, re-
sulting in a quartic equation in u. This equation can be
solved in closed form. We denote the final solver as 3PTsuv .
Note that the inverse depth model results in a more complex
solver without improving performance in our experiments
(details provided in the SM). Therefore, we do not discuss
the inverse depth model in the main paper.

3.2. Focal Length Problems
In many practical scenarios, the intrinsic parameters of the
cameras may not be available. However, it is often rea-
sonable to assume that modern cameras have square-shaped
pixels, and the principal point coincides with the image cen-
ter [28]. This is a widely used assumption in many camera
geometry solvers, where the only unknown intrinsic param-
eters are focal lengths, i.e., Ki = diag(fi, fi, 1).
Shared Unknown Focal Length

First, let us assume that the two cameras have a shared
unknown focal length, i.e., K1 = K2 = diag(f, f, 1),
which is a common scenario, e.g., when estimating the mo-
tion of a single uncalibrated camera. This is a 10-DOF
problem w.r.t. {s, u, v,R, t, f}, and we need at least three
3D-3D point correspondences and one 2D-2D point corre-
spondence, i.e., four 2D-2D correspondences from which
three have monocular depths estimated in both images and
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thus can be considered as 3D-3D correspondences. Note
that, here the 3D-3D point correspondences depend on the
unknown focal length parameter.

In this case, we may obtain the following system of 6
equations in 6 unknowns {s, u, v, f, η4, λ4}

∥sK−1
2 ((βi + v)qi − s(βj + v)qj)∥ = ∥K−1

1 ((αi + u)pi − (αj + u)pj)∥,
∥sK−1

2 ((βk + v)qk − λ4q4)∥ = ∥K−1
1 ((αk + u)pk − η4p4)∥,

for (i, j) = (1, 2), (1, 3), (2, 3) and k = 1, 2, 3. To solve
such a system, we need to perform G-J elimination of a
large matrix. However, the system has up to 28 real so-
lutions. Thus, its solver is not practically relevant.

To find a more efficient and practical solution, we use
four 2D-2D point correspondences with their four depths in
both images. In this case, we obtain the following 6 equa-
tions in 4 unknowns {s, u, v, f}

∥sK−1
2 ((βi + v)qi − (βj + v)qj)∥ = ∥K−1

1 ((αi + u)pi − (αj + u)pj)∥,

where i, j = 1, 2, 3, 4, i ̸= j. In general, it is an over-
constrained system. One way to solve it is to use four
of these six equations in four unknowns. The system of
four polynomials can be solved using the Gröbner basis
method [40], where the final solver performs G-J elimina-
tion of a 24 × 32 matrix and extracts up to 8 real solutions
from the eigenvalues and eigenvectors of an 8 × 8 matrix.
We denote this solver as 4PTsuvf . Alternatively, by us-
ing all six equations, we can derive a significantly smaller
solver with up to two real solutions. This solver only needs
to perform the G-J elimination of a 6×8 matrix. However, it
is more sensitive to noise. Further details on this simplified
focal length solver are provided in the SM.

With scale invariant depth, we have an 8-DOF problem
w.r.t. {s,R, t, f}. We need at least two 3D-3D point cor-
respondences and one 3D-2D point correspondence. The
problem can be solved similarly as the calibrated case
shown in Sec. 3.1. Due to the space limits, the details are
shown in the SM, where we show a general solution to all
problem configurations using three point correspondences.
Different and Unknown Focal Lengths

Finally, we consider the case where Ki =
diag(fi, fi, 1), i = 1, 2, with f1 ̸= f2. This is a 11-
DOF problem w.r.t. {s, u, v,R, t, f1, f2}. Thus, we need
at least three 3D-3D point correspondences and one 3D-2D
point correspondence, i.e., a correspondence where we
have monocular depth only in one image. Similarly to the
equal and unknown focal length case, we can formulate
this problem using a system of 6 equations in 6 unknowns
with up to 14 real solutions and solve it using [40].

However, a more efficient solver can be obtained using
four 3D-3D point correspondences, which yields six equa-
tions in five unknowns: s, u, v, f1, f2. This is an over-
constrained system that can again be solved by using only

five of these six equations. The five equations can be
rewritten as M [1, c, f1, uf1, u

2f1, cf2, cvf2, cv
2f2]

⊤ = 0,
where M is a 5 × 8 coefficient matrix. Here, f2 always
appears together with c, thus, we let cf2 = f̃2 to simplify
the polynomials. We obtain a solver that performs the G-J
elimination of a 20× 24 matrix and results in up to four so-
lutions. We denote this solver as 4PTsuvf1,2. Alternatively,
we can use all six equations to derive a smaller solver, which
is faster, but more sensitive to noise (see SM for more de-
tails).

With scale-invariant depth, we have a 9-DOF problem
w.r.t. {s,R, t, f1, f2}. We need at least three 3D-3D point
correspondences. This problem can be solved similarly as
the calibrated case shown in Sec. 3.1. Due to space limits,
the details on this 3PTs00f1,2 solver are shown in the SM.

4. Experiments
In this section, we present a comprehensive comparison
of different depth-aware and point-based solvers for cali-
brated, shared focal length, and different focal length cases,
under different conditions, i.e., different sources of depth
information, different feature detectors and matchers, dif-
ferent type of datasets (interior/exterior), and different opti-
mization schemes inside RANSAC.
Solvers. (1) For calibrated relative pose estimation,
we compare our 3PTsuv(ours) solver with the solver
3PTsuv(M) from [69], the Rel3PT solver [2], the P3P
solver [18], and the 5PT point-based solver [51]. (2) For
the unknown shared focal length case, we compared the
proposed 3PTs00f (ours) and 4PTsuvf (ours) solvers with
the 4PTsuvf (M) solver from [69], the 3p3d solver [20],
and the 6PT point-based solver [40]. (3) For the different
focal length case, we compare our 3PTs00f1,2(ours) and
4PTsuvf1,2(ours) solvers with the 4PTsuvf1,2(M) solver
from [69], the 4p4d solver [20], and the 7PT solver [29].
Datasets. In order to test the proposed solvers on real-
world data, we choose the Phototourism [32], the ETH3D
[58], and the ScanNet [13] datasets. The images of the
Phototourism dataset were collected from multiple cam-
eras obtained at different times, from different viewpoints,
and with occlusions. It is a challenging outdoor dataset that
is commonly used as a benchmark dataset [32] for camera
geometry methods. We used five test scenes with 24, 750
image pairs from this dataset. The ETH3D multi-view stereo
and 3D reconstruction benchmark [58] includes a range of
indoor and outdoor scenes. Ground truth geometry was ac-
quired using a high-precision laser scanner. Images were
captured with a DSLR camera and a synchronized multi-
camera rig featuring cameras with varying fields of view. In
total, 4, 144 image pairs were used from the ETH3D dataset,
and we used triangulation to obtain the ground truth depths.
The ScanNet dataset is an indoor RGB-D video dataset
containing 2.5 million views in more than 1,500 scans, an-
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notated with camera poses and 3D surface reconstructions.
We followed the evaluation setup in [56], and used 1,500
pairs from ScanNet for testing.
Feature Detection and Matching. We used three differ-
ent image features, the first is the popular sparse Super-
Point (SP) features [14], widely used in SfM and localiza-
tion pipelines [55]. For SuperPoint matching, we employ
LightGlue (LG) [44], a state-of-the-art deep learning-based
method that demonstrates significant improvements over
traditional matching methods. The second is RoMa [21],
a state-of-the-art dense matcher. The last is Mast3r [41],
where feature matching is considered as a 3D task with
DUSt3R [65], a recent and powerful 3D reconstruction
framework based on Transformers.
Depth Estimation. We use five state-of-the-art MDE meth-
ods to obtain depth data, including Depth Anything v2 (DA
v2) [68], UniDepth [53], MoGe [64], and Mast3r [41]. Ex-
periments for MiDas [8] are provided in the SM. These
MDE methods represent scale/affine-invariant [8, 41, 64,
68] as well as metric depths [53].
Robust Estimation Frameworks. We evaluated all
solvers using the LO-RANSAC framework [12] within
PoseLib [39] with either the Sampson (2 px threshold) or
the reprojection error (16 px threshold) for LO and scor-
ing, and a fixed number of 1,000 RANSAC iterations. In
the main paper we show the results for the better scoring
function for a given solver. Additional experiments are pro-
vided in the SM. We also evaluated selected solvers using
the Hybrid RANSAC framework presented in [69] with 2 px
Sampson error and 16 px reprojection error thresholds with
equal weight for both types of error and fixed 1,000 itera-
tions. For Mast3r [41], we use their non-linear optimization
with 500 iterations for coarse refinement and 200 iterations
for fine refinement. We observe that Mast3r performs better
in our evaluation compared to the results reported in [69].
We attribute this potentially to using more refinement itera-
tions, which in our experience improves performance.
Evaluation Metrics. In our experiments, we report the me-
dian pose error ϵ calculated as the maximum of rotation and
translation errors in degrees. We also report the mean av-
erage accuracy (mAA) [32] with a threshold of 10 degrees.
For the focal length solvers we use ferr = |fest − fgt|/fgt
as the focal length error for one camera. When two cam-
eras with different focal lengths are considered, we use the
geometric mean of their errors. We report the median fo-
cal length errors denoted as ϵf . We also report the mean
average accuracy for focal lengths [35] at the 10% error
threshold, denoted as mAAf . Run-times τ are reported in
milliseconds. Run-times for all methods except Mast3r are
reported per one CPU of an Intel Xeon Gold 6338. The
run-times of Mast3r are reported on the CPU of an Intel
I7-11700KF with an RTX 3090 GPU. The run-times of all
the methods do not include feature matching and depth es-

Depth Solver Opt.
SP+LG [14, 44] RoMA [21]

ϵ(◦) ↓ mAA↑ τ(ms) ↓ ϵ(◦) ↓ mAA ↑ τ(ms) ↓
- 5PT [51] S 0.91 87.67 48.14 0.56 91.10 184.36

Real
Depth

Rel3PT [2] S 0.88 88.21 103.18 0.52 91.38 532.02
P3P [18] S 0.83 88.88 29.68 0.52 91.33 141.39
3PTsuv(M) [69] S 0.79 88.55 41.81 0.45 91.39 145.59
3PTsuv(ours) S 0.80 88.60 29.59 0.47 91.37 127.81
3PTsuv(M) [69] H [69] 0.52 91.39 549.59 0.39 92.73 1505.19
3PTsuv(ours) H [69] 0.52 91.42 543.48 0.39 92.72 1490.93

DA v2
[68]

Rel3PT [2] S 5.57 68.46 35.74 3.90 80.56 145.85
P3P [18] S 0.90 86.25 23.26 0.72 90.61 93.99
3PTsuv(M) [69] S 0.90 87.19 32.50 0.56 90.99 88.60
3PTsuv(ours) S 0.91 87.07 21.68 0.56 91.01 75.87
3PTsuv(M) [69] H [69] 0.97 85.52 605.63 0.54 90.62 1493.75
3PTsuv(ours) H [69] 0.98 85.56 593.95 0.54 90.62 1477.73

MoGe
[64]

Rel3PT [2] S 4.74 72.08 42.19 2.74 82.04 170.29
P3P [18] S 0.91 87.67 25.72 0.54 91.16 111.74
3PTsuv(M) [69] S 0.89 87.71 33.45 0.53 91.04 98.20
3PTsuv(ours) S 0.89 87.67 22.41 0.54 91.05 84.24
3PTsuv(M) [69] H [69] 0.86 88.26 566.16 0.50 91.17 1414.96
3PTsuv(ours) H [69] 0.85 88.24 554.79 0.49 91.23 1401.61

UniDepth
[53]

Rel3PT [2] S 1.36 78.82 49.70 0.70 88.25 207.86
P3P [18] S 0.88 88.00 25.93 0.56 91.11 112.65
3PTsuv(M) [69] S 0.94 87.42 33.90 0.55 91.04 97.85
3PTsuv(ours) S 0.95 87.49 22.58 0.55 91.01 83.72
3PTsuv(M) [69] H [69] 0.86 88.03 558.61 0.53 91.33 1402.46
3PTsuv(ours) H [69] 0.86 88.03 550.74 0.53 91.33 1392.71

Depth Solver Opt.
Mast3r [41]

ϵ(◦) ↓ mAA ↑ τ(ms) ↓
- 5PT [51] S 0.66 90.29 126.77

Mast3r [41]

Rel3PT [2] S 0.67 90.30 104.46
P3P [18] S 0.67 90.24 56.52
3PTsuv(M) [69] S 0.67 90.20 42.49
3PTsuv(ours) S 0.67 90.35 30.90
3PTsuv(M) [69] H [69] 0.92 87.96 2647.02
3PTsuv(ours) H [69] 0.92 87.98 2635.27

Table 3. Comparison of different methods on the ETH3D

dataset [58] for the calibrated case. Opt.: S - PoseLib [39] imple-
mentation using Sampson error, H - hybrid RANSAC from [69].

timation since they are equal for all depth-based solvers.
For a fair comparison, for Mast3r, we only measure the
run-times of the non-linear optimization, i.e., time without
feature matching, and initial depth estimation. For datasets
with multiple scenes, we report the mean values across the
scenes.

4.1. Calibrated Relative Pose Estimation

Table 3 shows the comparison of different methods on the
ETH3D dataset. The results for the Phototourism and
ScanNet datasets are provided in the SM. The results show
that using depth in pose estimation results in more accu-
rate poses when good depth estimates (e.g. MoGe [64],
UniDepth [53]) are available. In this case, the overall best-
performing methods use the hybrid RANSAC proposed in
[69], with our solver 3PTsuv(ours) slightly outperform-
ing 3PTsuv(M) [69]. We note that the use of the hybrid
RANSAC scheme comes at a significant increase in com-
putational cost over the use of PoseLib [39]. As the au-
thors of [69] point out, their implementation of the hybrid
RANSAC scheme, which we use in our experiments, could
be optimized for computational efficiency. However, even
with optimizations the method requires significantly more
computation per one iteration than standard RANSAC.

Based on the results for PoseLib [39], when good depth
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is available, P3P [18] and 3PTsuv have similar performance.
When less accurate depth estimates are available, 5PT per-
forms best especially with good matches (e.g., Mast3r [41],
RoMA [21]).

4.2. Shared Unknown Focal Length
Table 4 shows the comparison of the methods on the ETH3D
dataset [58] for two cameras with a shared unknown fo-
cal length. When a good depth estimate is available, the
best results are obtained utilizing the hybrid RANSAC
scheme from [69]. We show that our solver 3PTs00f outper-
forms 4PTsuvf (M) [69] for many combinations of MDEs
and matches despite not modeling shift. Our 3PTs00f
solver also performs best when comparing solvers incor-
porated within PoseLib [39] and used in combination with
MoGe [64], UniDepth [53], and Mast3r [41]. For DA
v2 [68] and MiDas [8] (results provided in SM) modeling
shift seems to be beneficial, and we show that our 4PTsuvf
solver performs on par with 4PTsuvf (M) while being 2x
faster. Our observation that modeling an unknown shift is
not always necessary is in contradiction to the observation
made in [69]. The reason is that authors in [69] have not
tested a scale-invariant 3PT solver and have not incorpo-
rated other depth-aware solvers into the hybrid RANSAC
scheme. We also note that despite performing expensive
non-linear optimization to obtain the poses, Mast3r [41]
performs worse than approaches based on RANSAC when
either good depth (UniDepth [53], MoGe [64]) or matches
(RoMA [21]) are available.

A comparison of the speed-accuracy trade-off of vari-
ous methods is shown in Figure 2 for the combination of
RoMA [21] and UniDepth [53]. The figure shows that when
fast computation is necessary, our solver 3PTs00f imple-
mented in PoseLib [39] performs the best. However, in
general, the best accuracy is achieved using the same solver
within the hybdrid RANSAC scheme from [69].

4.3. Different Focal Lengths
Table 5 shows the comparison of the methods on the
Phototourism dataset for two cameras with different un-
known focal lengths. As for the previous two cases, when
good depth estimates are available the best results are ob-
tained with the hybrid RANSAC scheme [69] in which our
solver 3PTs00f1,2 outperforms 4PTsuvf1,2(M) [69], show-
ing that it is not necessary to model shift for good per-
formance. This is also confirmed by the experiments in
PoseLib [39] which show that 3PTs00f outperforms other
depth-based solvers across all combinations of matches and
MDEs in terms of pose accuracy while also being signifi-
cantly faster than solvers which incorporate shift. Figure 3
shows that 3PTs00f clearly outperforms the alternatives in
terms of speed and pose estimation accuracy. The results
for this case also show that when good depth estimates are

Matches Depth Solver Opt
ETH

ϵ(◦) ↓ ϵf (
◦) ↓ mAA↑ mAAf ↑ τ(ms) ↓

SP+LG [14, 44]

- 6PT [40] S 2.45 0.04 75.57 61.52 80.02

Real
Depth

3p3d [20] S 2.06 0.04 78.00 62.83 30.70
4PTsuvf (M) [69] S 1.83 0.03 78.86 63.71 112.34
4PTsuvf (ours) S 1.72 0.03 78.90 63.56 51.10
3PTs00f (ours) S 1.75 0.03 79.17 63.63 25.11
4PTsuvf (M) [69] H [69] 1.07 0.02 82.01 75.63 1502.02
3PTs00f (ours) H [69] 1.07 0.02 82.19 75.76 1411.05

DA v2
[68]

3p3d [20] S 4.54 0.08 61.60 48.76 27.01
4PTsuvf (M) [69] S 2.10 0.04 74.60 60.77 104.75
4PTsuvf (ours) S 2.02 0.04 74.67 60.41 46.62
3PTs00f (ours) S 2.20 0.04 73.66 60.93 21.62
4PTsuvf (M) [69] H [69] 2.34 0.05 70.07 58.00 1190.89
3PTs00f (ours) H [69] 2.33 0.05 70.16 58.31 1216.89

MoGe
[64]

3p3d [20] S 3.18 0.06 68.24 54.64 27.70
4PTsuvf (M) [69] S 2.10 0.04 76.06 61.81 107.30
4PTsuvf (ours) S 2.15 0.04 75.59 60.88 57.91
3PTs00f (ours) S 1.99 0.04 76.94 62.66 24.72
4PTsuvf (M) [69] H [69] 1.50 0.03 79.23 66.34 956.33
3PTs00f (ours) H [69] 1.41 0.03 80.24 67.42 967.52

UniDepth
[53]

3p3d [20] S 3.49 0.07 69.47 55.57 27.57
4PTsuvf (M) [69] S 2.21 0.04 75.61 61.37 106.73
4PTsuvf (ours) S 1.92 0.04 76.18 62.00 46.97
3PTs00f (ours) S 2.04 0.04 76.89 62.42 23.47
4PTsuvf (M) [69] H [69] 1.27 0.03 81.68 69.64 1107.04
3PTs00f (ours) H [69] 1.28 0.03 81.99 69.28 1149.25

RoMA [21]

- 6PT [40] S 1.15 0.02 85.23 75.03 147.48

Real
Depth

3p3d [20] S 0.93 0.02 85.98 74.98 113.30
4PTsuvf (M) [69] S 0.99 0.02 86.37 75.21 167.49
4PTsuvf (ours) S 1.03 0.02 86.25 75.04 107.05
3PTs00f (ours) S 0.99 0.02 86.68 74.99 79.96
4PTsuvf (M) [69] H [69] 2.12 0.02 76.69 72.51 3218.22
3PTs00f (ours) H [69] 2.28 0.02 76.42 72.43 3067.57

DA v2
[68]

3p3d [20] S 2.07 0.02 78.86 68.29 91.39
4PTsuvf (M) [69] S 1.21 0.02 85.33 75.09 146.35
4PTsuvf (ours) S 1.20 0.02 85.61 75.43 88.03
3PTs00f (ours) S 1.23 0.02 84.89 75.00 67.61
4PTsuvf (M) [69] H [69] 1.28 0.03 81.56 68.72 2161.36
3PTs00f (ours) H [69] 1.30 0.03 81.57 68.68 2245.95

MoGe
[64]

3p3d [20] S 1.56 0.02 80.98 70.19 98.44
4PTsuvf (M) [69] S 1.02 0.02 85.91 75.61 151.65
4PTsuvf (ours) S 1.10 0.02 85.85 75.80 92.92
3PTs00f (ours) S 1.05 0.02 86.04 75.83 75.12
4PTsuvf (M) [69] H [69] 0.89 0.02 86.99 76.66 1923.31
3PTs00f (ours) H [69] 0.91 0.02 87.20 76.50 2043.91

UniDepth
[53]

3p3d [20] S 1.89 0.02 82.50 71.89 97.99
4PTsuvf (M) [69] S 1.12 0.02 85.63 75.66 151.31
4PTsuvf (ours) S 1.12 0.02 85.59 75.64 91.92
3PTs00f (ours) S 1.04 0.02 85.78 75.69 75.62
4PTsuvf (M) [69] H [69] 0.83 0.02 87.30 77.34 1997.88
3PTs00f (ours) H [69] 0.82 0.02 87.53 77.79 2133.46

Mast3r [41]

- 6PT [40] S 1.23 0.03 82.99 69.00 85.89

Mast3r [41]

3p3d [20] S 1.37 0.03 81.30 67.31 38.96
4PTsuvf (M) [69] S 1.58 0.03 79.68 66.05 95.89
4PTsuvf (ours) S 1.36 0.03 80.86 67.16 48.36
3PTs00f (ours) S 1.34 0.03 82.09 68.26 34.54
4PTsuvf (M) [69] H [69] 2.43 0.05 72.28 58.32 3825.11
3PTs00f (ours) H [69] 2.39 0.04 72.45 58.61 4079.21
- M [41] 1.32 0.01 85.64 82.95 4800.37

Table 4. Comparison of different methods on the ETH3D

dataset [58] for the equal and unknown focal length case. Opt.:
S - PoseLib [39] implementation using Sampson error, H - hybrid
RANSAC from [69], M - non-linear optimization used in [41].

available it is possible to obtain significantly better results
by using reprojection errors. This is due to the fact the the
problem has a very commonly occurring degeneracy when
only point correspondences are used [33].
Additional Experiments. We provide additional experi-
ments in the SM, which, in addition to results on additional
datasets, also provide an evaluation of alternative scoring
and LO strategies within PoseLib, as well as the proposed
3PT100f and 3PT100f1,2 solvers. We also show that it is
possible to use Mast3r [41] for matches in combination with
MDE to improve estimated poses and intrinsics.
Limitations. Although using depth maps does not add
computational overhead in pose estimation, obtaining these
depth maps using learning-based methods introduces ad-
ditional costs. This is usually a few milliseconds per im-
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Solvers: 3PTs00f (ours) 4PTsuvf (M) [69] 3p3d [20] 6PT [28]

Estimators: PoseLib [39] Hybrid [69] Mast3r [41]
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Figure 2. Speed-accuracy evaluation for the case of two cameras
with shared unknown focal length using RoMA matches [21] and
UniDepth [53] depths on the ETH3D dataset [58]. We evaluated
mAA and runtimes (τ ) for each method running for 50, 100, 200,
500, and 1,000 iterations, with the exception of Mast3r [41], which
ran with a maximum of 500 iterations.

3PTs00f1,2 (ours) 4PTsuvf1,2 (ours) 4PTsuvf1,2 (M) [69] 4p4d [20] 7PT
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Figure 3. Speed-accuracy evaluation for the different unknown
focal lengths case using SP+LG matches [14, 44] and MoGe [64]
depths on the Phototourism dataset [32]. We evaluated mAA
and runtimes (τ ) for each method running for 50, 100, 200, 500,
and 1,000 iterations within PoseLib [39].

age [69]. However, in many applications, MDE methods are
used for multiple tasks. Thus, the computational overhead
is not solely attributable to the pose estimation method.

Compared to standard point-based focal length solvers,
the proposed solvers encounter fewer degenerate cases. The
formulation allows us to handle pure rotation effectively.
However, there are still several degenerate cases similar to
those in point-based solvers; for example, four coplanar
points and cases of pure translation can introduce degen-
eracies in focal length recovery [33].

5. Conclusion
We address the problem of estimating the relative pose of
two cameras using monocular depth predictions. We pro-
pose novel solvers that jointly estimate the scale and shift
(or only one of them), and the relative pose. We consider
solvers for calibrated cameras, and cameras with shared un-

Matches Depth Solver Opt
Phototourism

ϵ(◦) ↓ ϵf (
◦) ↓ mAA↑ mAAf ↑ τ(ms) ↓

SP+LG [14, 44]

- 7PT [29] S 8.03 0.17 38.14 23.78 24.80

Real
Depth

4p4d [20] S 7.58 0.16 39.34 24.65 23.69
4PTsuvf1,2(M) [69] R 2.27 0.03 69.17 63.33 106.32
4PTsuvf1,2(ours) R 2.28 0.03 69.14 63.31 24.35
3PTs00f1,2(ours) R 2.23 0.03 69.50 63.66 12.05
4PTsuvf1,2(M) [69] H [69] 2.86 0.04 63.88 53.46 1922.12
4p4d [20] H [69] 2.89 0.05 63.21 52.87 1921.03
3PTs00f1,2(ours) H [69] 2.82 0.04 64.19 53.73 1901.23

DA v2
[68]

4p4d [20] S 10.40 0.20 34.72 22.08 22.02
4PTsuvf1,2(M) [69] S 8.17 0.18 37.62 23.32 113.20
4PTsuvf1,2(ours) S 8.19 0.18 37.62 23.27 33.14
3PTs00f1,2(ours) S 7.66 0.16 38.90 23.57 20.44
4PTsuvf1,2(M) [69] H [69] 9.55 0.21 32.88 20.88 2490.39
4p4d [20] H [69] 9.89 0.22 32.14 20.41 2402.27
3PTs00f1,2(ours) H [69] 9.48 0.21 32.49 20.65 2494.66

MoGe
[64]

4p4d [20] S 7.71 0.16 39.12 24.44 22.82
4PTsuvf1,2(M) [69] R 6.60 0.08 47.16 39.06 98.69
4PTsuvf1,2(ours) R 6.71 0.08 46.98 38.96 31.64
3PTs00f1,2(ours) R 5.73 0.07 48.59 40.41 10.22
4PTsuvf1,2(M) [69] H [69] 3.88 0.07 57.21 42.80 1953.23
4p4d [20] H [69] 4.19 0.07 55.76 41.76 1881.29
3PTs00f1,2(ours) H [69] 3.83 0.07 57.62 43.25 2031.28

UniDepth
[53]

4p4d [20] S 7.67 0.16 39.18 24.61 23.63
4PTsuvf1,2(M) [69] R 4.90 0.07 52.64 43.12 106.30
4PTsuvf1,2(ours) R 4.89 0.07 52.59 43.12 24.46
3PTs00f1,2(ours) R 4.82 0.07 52.85 43.28 12.89
4PTsuvf1,2(M) [69] H [69] 3.38 0.06 60.15 47.02 1945.50
4p4d [20] H [69] 3.45 0.06 59.49 46.63 1940.62
3PTs00f1,2(ours) H [69] 3.35 0.06 60.38 47.24 1957.65

RoMA [21]

- 7PT [29] S 4.30 0.10 53.16 34.73 75.10

Real
Depth

4p4d [20] S 4.24 0.10 53.51 35.01 77.49
4PTsuvf1,2(M) [69] R 1.25 0.02 79.75 73.91 136.12
4PTsuvf1,2(ours) R 1.26 0.02 79.68 73.84 54.16
3PTs00f1,2(ours) R 1.21 0.02 80.37 74.49 48.02
4PTsuvf1,2(M) [69] H [69] 1.60 0.03 75.10 64.07 3518.89
4p4d [20] H [69] 1.63 0.03 74.63 63.62 3199.77
3PTs00f1,2(ours) H [69] 1.58 0.03 75.41 64.37 3531.28

DA v2
[68]

4p4d [20] S 4.61 0.11 51.24 33.30 73.93
4PTsuvf1,2(M) [69] S 4.43 0.10 52.90 34.36 170.68
4PTsuvf1,2(ours) S 4.42 0.10 52.83 34.35 90.36
3PTs00f1,2(ours) S 4.20 0.10 53.95 34.56 81.59
4PTsuvf1,2(M) [69] H [69] 6.53 0.16 43.25 27.71 4026.79
4p4d [20] H [69] 6.56 0.16 43.21 27.74 3676.08
3PTs00f1,2(ours) H [69] 6.52 0.16 43.30 27.79 4113.61

MoGe
[64]

4p4d [20] S 4.22 0.10 53.61 34.99 77.14
4PTsuvf1,2(M) [69] R 4.87 0.07 54.21 43.35 128.82
4PTsuvf1,2(ours) R 4.90 0.07 54.05 43.34 48.16
3PTs00f1,2(ours) R 4.40 0.06 55.38 44.33 46.38
4PTsuvf1,2(M) [69] H [69] 2.41 0.05 69.08 52.39 3663.43
4p4d [20] H [69] 2.44 0.05 68.75 52.18 3330.63
3PTs00f1,2(ours) H [69] 2.39 0.05 69.29 52.57 3803.60

UniDepth
[53]

4p4d [20] S 4.20 0.10 53.84 35.24 77.78
4PTsuvf1,2(M) [69] R 4.20 0.06 56.76 47.14 135.10
4PTsuvf1,2(ours) R 4.20 0.06 56.72 47.10 53.40
3PTs00f1,2(ours) R 4.06 0.06 57.16 47.32 54.73
4PTsuvf1,2(M) [69] H [69] 2.30 0.04 69.95 53.90 3440.95
4p4d [20] H [69] 2.31 0.04 69.67 53.64 3114.21
3PTs00f1,2(ours) H [69] 2.29 0.04 70.18 54.09 3533.26

Mast3r [41]

- 7PT [29] S 4.39 0.09 54.01 35.02 39.53

Mast3r [41]

4p4d [20] S 5.20 0.11 49.69 31.64 36.90
4PTsuvf1,2(M) [69] S 7.02 0.14 43.95 27.62 108.64
4PTsuvf1,2(ours) S 7.03 0.14 44.10 27.81 44.88
3PTs00f1,2(ours) S 5.40 0.12 49.25 30.88 37.40
4PTsuvf1,2(M) [69] H [69] 10.11 0.24 35.16 20.56 4871.24
4p4d [20] H [69] 32.03 0.76 1.33 2.49 6492.27
3PTs00f1,2(ours) H [69] 10.13 0.25 35.17 20.51 4980.42
- M [41] 2.71 0.04 66.54 56.43 4903.10

Table 5. Comparison of different methods on the Phototourism

dataset [32] for the two unknown focal lengths case. Opt.: S/R -
PoseLib [39] implementation using Sampson error (S) and repro-
jection error (R), H - hybrid RANSAC from [69], M - non-linear
optimization used in [41].

known or different unknown focal lengths. Efficient solvers
that outperform state-of-the-art depth-aware solvers are pro-
posed for all three cases. In extensive experiments, we
discuss which solvers are preferable in different situations,
e.g., for precise or imprecise depths. We find that when
depth estimates are accurate, modeling only scale tends to
yield better performance. In such cases, it’s also more effec-
tive to use reprojection error for the focal length problems.
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