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Abstract

Relative camera pose estimation between two images is a
fundamental task in 3D computer vision. Recently, many
relative pose estimation networks have been explored for
learning a mapping from two input images to their cor-
responding relative pose, however, the estimated relative
poses by these methods do not have the intrinsic Pose Per-
mutation Equivariance (PPE) property: the estimated rel-
ative pose from Image A to Image B should be the inverse
of that from Image B to Image A. It means that permut-
ing the input order of two images would cause these meth-
ods to obtain inconsistent relative poses. To address this
problem, we firstly introduce the concept of PPE mapping,
which indicates such a mapping that captures the intrin-
sic PPE property of relative poses. Then by enforcing the
aforementioned PPE property, we propose a general frame-
work for relative pose estimation, called EquiPose, which
could easily accommodate various relative pose estima-
tion networks in literature as its baseline models. We fur-
ther theoretically prove that the proposed EquiPose frame-
work could guarantee that its obtained mapping is a PPE
mapping. Given a pre-trained baseline model, the pro-
posed EquiPose framework could improve its performance
even without fine-tuning, and could further boost its perfor-
mance with fine-tuning. Experimental results on four public
datasets demonstrate that EquiPose could significantly im-
prove the performances of various state-of-the-art models.

1. Introduction
Estimating the relative camera pose between an image pair
is one of the fundamental tasks in 3D computer vision [6,
46]. It has a broad range of applications, such as structure-
from-motion (SfM) [14, 15, 42], visual localization [10, 40,
45], novel view synthesis [7, 53, 54], etc.
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Existing methods for relative camera pose estimation
in literature could be roughly divided into two categories:
matching-based methods and end-to-end methods. The
matching-based methods [13, 33] generally employ a two-
stage computational strategy: Firstly, they establish the
point correspondences between an input pair of images by
utilizing local feature extraction and matching techniques
[13, 33]. Then according to the established correspon-
dences, they solve a two-view geometric problem via a typ-
ical 5-point algorithm [24] with robust fitting [21] for pur-
suing the relative pose. However, since the performances
of the matching-based methods depend on the established
point correspondences, their performance would signifi-
cantly decrease or even fail in cases of weak/repeated tex-
tures and degenerated configurations as indicated in [20].

Unlike the above matching-based methods, many recent
methods [6, 12, 19, 28, 36, 46, 57, 61] have employed deep
neural networks to directly learn a mapping from the input
two images to their relative pose without explicitly estab-
lishing point correspondences. Here, it has to be pointed out
that ideally, the estimated relative pose by these end-to-end
methods should have the following intrinsic pose permuta-
tion equivariance (PPE) property between an image pair:

Pose Permutation Equivariance

Let {I1, I2} be a pair of images, then the relative
pose P12 from I1 to I2 should be the inverse of the
relative pose P21 from I2 to I1:

P21 = P−1
12 . (1)

By writing P12 and P21 in the matrix form:

P12 =

[
R12 t12
0 1

]
, P21 =

[
R21 t21
0 1

]
, (2)

where R12 and t12 are the relative rotation and translation
from I1 to I2, and R21 and t21 are the relative rotation and
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(b) GRelPose
Figure 1. Distribution of the dR and dt obtained by existing models MF6D [1] and GRelPose [28].

translation from I2 to I1, Eq. (1) could be reformulated as:

R21 = RT
12, t21 = −RT

12t12. (3)

However, the PPE property is generally overlooked when
designing model architectures in existing end-to-end meth-
ods [1, 28]. We validate this by conducting the follow-
ing experiment: we trained two typical end-to-end models
(MF6D [1] and GRelPose [28]) on the training set of Scan-
Net [11]. Then, we adopt the test set of ScanNet [48, 50]
which contains 1500 image pairs, and feed them with two
different orders to the above models respectively, leading
to totally 1500 pairs of the predicted relative poses by each
model, where each pair consists of the estimated pose P12

from I1 to I2 and the estimated pose P21 from I2 to I1.
Next, we compute the differences between the estimated
relative pose P21 and P−1

12 . Specifically, we compute the
angular difference dR between relative rotations R21 and
RT

12, and the Euclidean distance dt between relative trans-
lations t21 and −RT

12t12 respectively via:

dR = arccos((tr(R21R12)− 1)/2),

dt = ∥t21 +RT
12t12∥2,

(4)

where ‘tr(·)’ denotes matrix trace, ‘∥ · ∥2’ denotes L2 norm.
The distributions of the rotation difference dR and trans-

lation difference dt from the above two models are shown
in Fig. 1. As seen from this figure, the pose differences
(both rotation and translation) estimated by these models
are generally larger than zero (particularly some of them
are not trivial), demonstrating that the above models do not
satisfy the PPE property. Such an issue may pose risks to
downstream applications that require a stable and consis-
tent estimation of relative poses, such as robotics and vi-
sual navigation. Moreover, it is also noted that some other
visual tasks involve their specific equivariances, different
from the PPE property in the relative pose estimation task,
and once an existing model among these tasks is equipped
with a task-specific equivariance, its performance could be
further boosted [4, 27, 35, 39, 43].

Motivated by the above issues, we investigate whether it
is possible to explore such a relative pose estimation frame-
work that could not only bestow the PPE property on vari-
ous relative pose estimation networks but also improve their

performances further. Specifically, we first introduce the
concept of PPE mapping, which refers to a mapping that
captures the PPE property in relative poses. Then, we es-
tablish the foundational principle for equivariant relative
pose estimation. Accordingly, we propose the EquiPose
framework which holds the PPE property theoretically. The
EquiPose could improve the performance of a pre-trained
model even without fine-tuning, and fine-tuning could en-
hance their performances further.

To summarize, our main contributions include:
• Equivariance: The simple but intrinsic pose permutation

equivariance (PPE) property is revealed for relative pose
estimation, and the PPE mapping is defined.

• Generality: By imposing the PPE property, the frame-
work EquiPose for equivariant relative pose estimation is
proposed. An arbitrary end-to-end relative pose estima-
tion model could be seamlessly embedded into this frame-
work as a baseline, and accordingly obtains the PPE prop-
erty as analyzed in theory in Sec. 3. The EquiPose frame-
work and the theoretical analyses might give new insights
into model design strategies for relative pose estimation.

• Flexibility: Thanks to the imposed PPE property, the
performances of the derived methods from the EquiPose
framework by utilizing many off-the-shelf baseline mod-
els, would be boosted even without fine-tuning by adding
several lines of code. Moreover, once they are fine-tuned
under EquiPose, their performances would be further im-
proved, as demonstrated by the results in Sec. 4.

2. Related Work
In this section, we review some typical matching-based
methods and end-to-end methods for relative pose estima-
tion respectively.
Matching-Based Relative Pose Estimation. The
matching-based relative pose estimation methods typically
involve the following two steps: establishing point cor-
respondence via image matching [3, 33] and solving the
two-view geometry with RANSAC [21, 24, 41]. Early ap-
proaches relied on handcrafted keypoint detectors and de-
scriptors to establish point correspondences, such as SIFT
[33] and SURF [3]. In recent years, numerous methods
emerged that replace the handcrafted detectors or descrip-
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tors with their learned counterparts [2, 17, 18, 32, 34, 37,
44, 51, 59]. Additionally, a variety of learning-based image-
matching methods directly established point correspon-
dences from keypoints or raw images [8, 31, 48, 50, 60].

However, since these methods depend on point corre-
spondences, they may fail in cases of weak textures, re-
peated textures, large viewpoint changes, and degenerated
configurations [20]. Additionally, these methods could
be time-consuming due to image matching and RANSAC
loops. Moreover, they could only recover the relative pose
up to an unknown scale factor [24].
End-to-End Relative Pose Estimation. Recently, unlike
the above strategies, many works have adopted deep neural
networks to regress relative poses in an end-to-end manner
[1, 6, 9, 12, 19, 28, 36]. These methods do not explicitly
implement image matching or solve the two-view geometry
problem. Instead, the networks directly learn the underlying
mapping from the input image pair to the corresponding rel-
ative pose. Compared with matching-based methods, they
are shown to be more robust in challenging scenes [6, 9, 19]
with a significantly faster inference speed. Moreover, these
end-to-end methods could be further incorporated with tra-
ditional methods for improving robustness [47].

These end-to-end methods generally adopt Siamese ar-
chitectures [5] to extract feature, which are aggregated and
decoded into the relative pose subsequently [6, 12, 26, 28,
46]. To facilitate stable training, early approaches [19, 36]
parameterized the rotation as quaternions. Different from
them, Zhou et al. [62] suggested to represent 3D rotations
in a 6D space, which benefits the training of neural net-
works. Cai et al. [6] and Dekel et al. [12] showed that the
network could learn from implicit cues, allowing the net-
work to estimate the relative pose even when two images
have no overlap. Rockwell et al. [46] introduced the essen-
tial matrix module to emulate the 8-point algorithm [24].
Arnold et al. [1] adopted a differentiable warping module
for feature aggregation. Khatib et al. [28] embedded a semi-
dense image matcher [50] for feature extraction to pursue a
better generalization ability.

However, the existing end-to-end methods generally do
not satisfy the PPE property, leading to inconsistent esti-
mation when permuting the input order of an image pair as
shown in Sec. 1. Unlike them, this work does not aim to pro-
pose a new model for relative pose estimation, but pursue a
general framework that could bestow the PPE property on
various relative pose estimation models, and improve their
performances further.

3. Methodology
In this section, we first introduce the key definitions and
propositions related to the pose permutation equivariance
(PPE) property of relative poses. Then, we describe the pro-
posed EquiPose framework in detail.

3.1. PPE Mapping and Preliminary Knowledge

Prior to the introduction of the PPE mapping, ‘equivariant
mapping’ in mathematics is defined as [30]:

Definition 1 (Equivariant mapping). Let G be a group that
act on spaces X and Y , and T and T′ be the induced actions
of G on X and Y . A mapping f : X → Y is equivariant
with the action in G if f(Tg(x)) = T′

g(f(x)),∀x ∈ X , g ∈
G.

According to Definition 1 and Eq. (1), a PPE mapping
with the PPE property is defined as:

Definition 2 (Pose permutation equivariant mapping). A
mapping f : RH×W × RH×W → SE(3) (the spe-
cial Euclidean group) is pose permutation equivariant, if
f(I2, I1) = f(I1, I2)

−1, ∀I1, I2 ∈ RH×W .

Definition 2 could be considered as an instance of
‘equivariant mapping’ from Definition 1 on relative camera
poses, where the input variable x is an image pair {I1, I2},
the action Tg on {I1, I2} is an order permutation operator,
and the action T′

g is the inverse of a matrix.
It is noted that Definition 2 is applicable to neural net-

works, since any neural networks essentially aim to learn a
mapping from their input to the output.

In addition to the above two definitions, we introduce
the following definition on the geodesic mean of rotations
[22, 23], as well as two theorems, which would be used
to support the fundamental principle for designing a rela-
tive pose estimation framework with the PPE property in
the next subsection:

Definition 3 (Geodesic mean of rotations). Given a set of
rotations {Ri}ni=1, their geodesic mean S is defined as:

S = G(R1, · · · , Rn) = argmin
S∈SO(3)

n∑
i=1

∥ log(RT
i S)∥22, (5)

where ‘log(·)’ is the mapping from an element in the Lie
group to its corresponding Lie algebra.

From Definition 3, we have the two theorems as:

Theorem 1. Given a set of rotations {Ri}ni=1, it always
holds that: G(Rσ(1), · · · , Rσ(n)) = G(R1, · · · , Rn) for
any permutation σ.

Theorem 2. If S ∈ SO(3) is the geodesic mean of the set
of rotations {Ri}ni=1, then ST is the geodesic mean of the
set of rotations {RT

i }ni=1.

Due to the space limitation, the proofs of the above two
theorems are given in the supplementary material.
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Figure 2. Illustration of the existing methods f and our method
f∗ on the SE(3) manifold. Left: The existing method f does
not capture the PPE property in the relative pose. Right: Within
EquiPose f∗, the desired PPE property is satisfied (Theorem 3),
and the results could be more reliable (Sec. 4).

3.2. Fundamental Principle of Pose Estimation
Framework with PPE

According to the aforementioned PPE mapping and related
preliminary knowledge, we elaborate the fundamental prin-
ciple for designing a pose estimation framework with PPE,
which could use an arbitrary end-to-end relative pose esti-
mation model as its baseline and derive the corresponding
upgraded model with the PPE property as follows:

Given an arbitrary relative pose estimation network cor-
responding to a mapping f , there exists the following map-
ping f∗, which is a PPE mapping:

Theorem 3. Given an arbitrary mapping f : RH×W ×
RH×W → SE(3), where f(I1, I2) := (R12, t12) and
f(I2, I1) := (R21, t21), the mapping f∗ defined as:

f∗(I1, I2) := (R∗
12, t

∗
12), (6)

where

R∗
12 = G(R12, R

T
21), (7)

t∗12 = (t12 −R∗
12t21)/2, (8)

is a PPE mapping.

Proof. According to Theorem 1, we have

R∗
12 = G(R12, R

T
21) = G(RT

21, R12) (9)

Then, according to Theorem 2, we have:

G(RT
21, R12) = G(R21, R

T
12)

T = R∗T
21 (10)

According to Eqs. (9) and (10), it holds:

R∗
12 = R∗T

21 , (11)

i.e., f∗ is permutation equivariant in terms of rotation.
Now, according to (6), (7), (8) and (11), it holds:

f∗(I1, I2)
−1 = (R∗T

12 ,−R∗T
12 t

∗
12)

= (R∗T
12 ,−R∗T

12 (t12 −R∗
12t21)/2)

= (R∗
21, (t21 −R∗

21t12)/2)

= f∗(I2, I1),

(12)

which completes the proof.

Algorithm 1 The EquiPose Framework

Input: A relative pose estimation network f ;
A pair of images {I1, I2}

Output: Equivariant pose estimation R∗
12, t

∗
12

1: R12, t12 ← f(I1, I2)
2: R21, t21 ← f(I2, I1)
3: R∗

12 ← R12(exp(
1
2 log(R

T
12R

T
21)))

4: t∗12 ← (t12 −R∗
12t21)/2

For ease of understanding, we visualize the difference
between f and f∗ in Fig. 2. As seen from this figure, given
two input images {I1, I2}, the existing relative pose estima-
tion model (considered as a mapping) f does not satisfy the
PPE property. Once it is embedded into EquiPose, the up-
grade version f∗ captures the PPE property strictly. More-
over, its estimation could be more reliable than the baseline
model f , as demonstrated in Sec. 4 (also in Sec. S8.3 of the
supplementary material).

It is noted in Eq. (7) that the construction of f∗ involves
computing the geodesic mean of two rotations, which could
be computed explicitly via [38]:

G(R12, R
T
21) = R12(R

T
12R

T
21)

1/2. (13)

Considering that we work on the 3D rotation group, the
square root of a rotation R ∈ SO(3) could be computed
by:

R1/2 = exp(
1

2
log(R)), (14)

where ‘exp(·)’ is the mapping from the Lie algebra to the
Lie group.

The above analysis reveals that given an arbitrary rela-
tive pose estimation network, once its upgrade version f∗

is constructed by (6), the mapping is a pose permutation
equivariant mapping, this is to say, the upgrade version has
the PPE property.

3.3. EquiPose

According to the revealed point above as well as Eqs. (7)
and (8), a simple framework for relative pose estimation,
i.e., the EquiPose, could be straightforwardly built.

Specifically, the proposed EquiPose uses an existing
model as its baseline, and outputs the final estimation on
relative pose by calculating Eqs. (7) and (8), whose variable
values are assigned by the baseline with or even without
fine-tuning. Algorithm 1 shows the complete pipeline of
EquiPose to obtain the relative pose.

It has to be pointed out that the computational cost of
f∗ in this implementation is twice that of f , since it in-
volves two times of forward propagation of f : one for
f(I1, I2), and one for f(I2, I1) after permuting the input
images {I1, I2}. However, in practice, the computational
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Figure 3. The pipelines of existing methods and our method. (a) The pipeline of existing relative pose estimation networks, which
consists of two stages: Stage (i) Single-Image Feature Encoding (fenc) extracts the feature maps {F1, F2} from {I1, I2}. Stage (ii) Cross-
Image Feature Decoding (fdec) takes the extracted two feature maps {F1, F2} as input, and it outputs the estimated relative pose. (b) The
pipeline of EquiPose. The computational overhead from EquiPose is an additional forward propagation of fdec, which is slight.

overhead could be reduced further with the feature permu-
tation strategy, which is elaborated in the following.

To begin with, it is noted that the general pipeline of ex-
isting relative pose estimation models [1, 6, 9, 12, 19, 36,
46] could be summarized in Fig. 3a. As is seen, the pipeline
consists of the two stages, which we name as (i) Single-
Image Feature Encoding (denoted as fenc), and (ii) Cross-
Image Feature Decoding (denoted as fdec) respectively.

(i) Single-Image Feature Encoding fenc: This stage
takes two images as inputs, and it outputs the correspond-
ing feature maps {F1, F2}, i.e., fenc(I1, I2) := {F1, F2}.

It contains a feature encoder, which could be any feature-
extraction backbone in computer vision. It should be noted
that the weights of the feature encoder for extracting the
features of image I1 and I2 are shared (generally referred
to as the Siamese architecture [5, 29]).

(ii) Cross-Image Feature Decoding fdec: This stage
takes the feature maps {F1, F2} obtained from Stage (i) as
input, and it outputs the estimated relative pose P12, i.e.,
fdec(F1, F2) := P12. It contains a feature aggregation mod-
ule and a pose decoder. The feature aggregation module
maps {F1, F2} into a single aggregated feature map (or vec-
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Method Rot. AUC↑ Trans. AUC↑ RE↓ TE↓
@3◦ @5◦ @10◦ @.1m @.2m @.5m

ER[6] 13.15 28.23 50.43 - - - 14.66 -
+EquiPose 15.22 30.40 51.51 - - - 14.11 -
+EquiPose† 16.00 31.01 52.98 - - - 12.53 -

Reg6D[62] 10.16 22.97 45.76 - - - 12.26 -
+EquiPose 11.76 25.28 47.94 - - - 11.76 -
+EquiPose† 16.14 31.58 54.20 - - - 10.81 -

EightVit[46] 23.69 40.25 61.92 14.90 32.95 58.47 8.90 0.41
+EquiPose 24.58 41.32 62.82 15.49 34.11 60.03 8.40 0.35
+EquiPose† 25.30 42.54 64.05 16.37 36.14 63.07 7.97 0.31

MF6D[1] 22.36 37.19 57.10 14.39 32.57 57.34 9.81 0.44
+EquiPose 25.49 40.53 59.94 17.51 35.78 60.49 8.42 0.35
+EquiPose† 27.14 42.99 62.66 17.79 37.70 63.48 7.47 0.29

GRelPose[28] 28.90 46.36 66.53 16.46 35.36 60.06 8.16 0.38
+EquiPose 30.70 48.02 67.90 17.85 37.17 61.80 7.97 0.32
+EquiPose† 32.32 49.74 69.37 19.67 40.40 65.95 7.61 0.28

Table 1. Comparison on the ScanNet dataset [11, 50]. RE:
rotation errors in degrees. TE: translation errors in meters.
+EquiPose: the models are implemented under EquiPose only
during the inference stage. +EquiPose†: the models are further
fine-tuned under EquiPose. -: the models only predict the relative
camera rotation and thus could not be evaluated in translation. The
best methods for each baseline are marked in bold.

tor), which is subsequently decoded by the pose decoder to
obtain the estimated relative pose.

Since the weights of the feature encoder in fenc are
shared, we do not have to implement two complete forward
propagation of f . Instead, we could reuse the extracted fea-
ture maps {F1, F2} at the first forward propagation, then
permute the feature maps to {F2, F1}, and implement one
additional forward propagation of fdec.

Fig. 3b illustrates the EquiPose framework with the fea-
ture permutation strategy. As is seen, it first performs
one forward propagation of fenc to extract feature maps
{F1, F2}. Then, the feature maps {F1, F2} and its per-
muted counterpart {F2, F1} are inputted to fdec to obtain
P12 and P21 respectively. The final relative pose is obtained
via P12 and P21 through Eq. (6). Compared to the origi-
nal implementations of the baseline models, EquiPose only
involves an additional forward propagation of fdec.

Under the EquiPose framework, a pre-trained model
could be directly adopted as the baseline without fine-tuning
to boost its performance. Moreover, the model could also
be further fine-tuned under EquiPose to achieve further im-
provement. We simply use an L1 loss for fine-tuning:

L1 = ∥R∗ − R̂∥1 + λ∥t∗ − t̂∥1, (15)

where R̂ and t̂ are the ground truth relative rotation and
translation. λ is a preseted constant factor.

Camera Ready Fig. 4 Revise 
New

Baseline:             87.8°/2.4m
+𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬:    42.8°/2.0m
+𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬⟊ :   3.9°/0.8m

Image 𝐼𝐼1 Ground Truth Baseline +𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬 +𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬⟊

Baseline:          74.4°/1.9m
+𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬: 34.4°/1.1m
+𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬⟊ : 3.1°/0.4m 

Figure 4. Visualization of epipolar lines on ScanNet [11]. Five
SIFT keypoints are sampled from image I1 (column 1) and their
epipolar lines are projected onto image I2, using the pose from:
ground truth (column 2), GRelPose baseline [28] (column 3),
EquiPose without (column 4) and with finetuning (column 5).

4. Experiment
4.1. Datasets and Evaluation Metrics

Datasets. We evaluate our method on both indoor and out-
door scenes. For indoor scenes, we use the ScanNet [11],
the 7-Scene [49] and the 12-Scene [52] datasets, which are
widely used for indoor pose estimation. For outdoor scenes,
we use the recently proposed Mapfree dataset [1].

For ScanNet, we use 2M image pairs from the training
set for training, and use the test set which contains 1500
pairs for evaluation following [8, 48, 50, 55, 56]. For both
7-Scene and 12-Scene, we use 720 image pairs for evalua-
tion using the model trained on ScanNet. For Mapfree, we
follow the official setup in [1] for training and evaluation.
More details are provided in the supplementary material.
Evaluation Metrics. For ScanNet [11], 7-Scene [49] and
12-Scene [52], we calculate the area under the cumulative
curve (AUC) as done in [31, 48, 50]. We report the AUC
for rotation (3◦/5◦/10◦) and translation (0.1m/0.2m/0.5m)
respectively. Besides, we also report the average rotation
and translation errors respectively. For the Mapfree dataset
[1], we report the pose error and virtual correspondence re-
projection error (VCRE) respectively following [1].

4.2. Baselines

It should be pointed out that the goal of this study is to intro-
duce a general framework for existing end-to-end relative
pose estimation models to achieve the PPE property with
improved performances. Thus, we do not further evaluate
and analyze other traditional matching-based methods, such
as the classic SIFT [33] followed by the 5-point solver [41].

Specifically, we adopt the following five end-to-end
models as baselines and evaluate the effectiveness of
EquiPose in boosting their performances: (i) ExtremeRo-
tation [6], (ii) Reg6D [6, 62], (iii) EightVit [46], (iv)
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Method
7-Scene 12-Scene

Rot. AUC↑ Trans. AUC↑ RE↓ TE↓ Rot. AUC↑ Trans. AUC↑ RE↓ TE↓
@3◦ @5◦ @10◦ @.1m @.2m @.5m @3◦ @5◦ @10◦ @.1m @.2m @.5m

ER[6] 11.17 24.28 46.70 - - - 9.82 - 14.61 31.60 57.15 - - - 6.94 -
+EquiPose 13.72 26.60 47.83 - - - 9.09 - 17.57 34.39 58.96 - - - 6.66 -
+EquiPose† 13.82 27.14 49.35 - - - 7.84 - 17.83 35.38 60.10 - - - 5.39 -

Reg6D[62] 10.08 22.44 45.92 - - - 7.78 - 13.16 28.42 55.27 - - - 5.67 -
+EquiPose 11.20 23.77 46.93 - - - 7.67 - 14.05 30.08 56.62 - - - 5.41 -
+EquiPose† 13.26 27.32 51.60 - - - 6.60 - 16.99 33.55 59.59 - - - 5.07 -

EightVit[46] 19.77 35.00 59.25 13.99 32.05 61.11 4.92 0.22 30.09 50.39 72.95 38.00 62.80 84.03 2.89 0.08
+EquiPose 19.88 35.51 59.87 14.21 32.91 62.90 4.78 0.20 31.17 51.53 73.58 38.67 63.72 84.59 2.78 0.08
+EquiPose† 20.87 37.01 61.44 14.47 33.73 65.22 4.56 0.19 32.74 52.72 74.41 40.63 65.35 85.45 2.71 0.07

MF6D[1] 18.73 34.46 57.62 11.90 30.35 60.13 4.98 0.23 30.44 51.07 73.11 36.37 61.52 83.24 2.79 0.09
+EquiPose 21.78 37.40 60.03 15.46 34.28 63.71 4.71 0.19 34.17 54.29 74.98 40.87 64.67 85.02 2.56 0.08
+EquiPose† 24.44 40.83 63.32 17.17 36.90 66.44 4.29 0.18 35.80 55.36 75.82 43.02 66.36 85.78 2.45 0.07

GRelPose[28] 26.78 45.47 67.95 15.70 34.27 62.48 3.96 0.21 35.62 55.20 75.63 39.87 63.81 84.34 2.58 0.08
+EquiPose 28.44 46.85 68.87 15.81 34.41 63.48 3.88 0.20 37.13 56.67 76.71 42.24 65.65 85.21 2.41 0.07
+EquiPose† 29.76 48.24 70.08 15.83 35.43 64.91 3.66 0.19 38.63 58.11 77.86 44.19 67.43 86.04 2.24 0.07

Table 2. Cross-dataset evaluation on the 7-Scene [49] and 12-Scene [52] datasets. All the models are trained on ScanNet.

MF6D [1], and (v) GRelPose [28]. Note that (i) Ex-
tremeRotation and (ii) Reg6D only predict relative rotation,
while the remaining ones could predict the 6 DoF relative
camera pose (including both rotation and translation).

4.3. Comparative Evaluation

Evaluation Setup. For each of the five baseline models,
including ER (ExtremeRotation) [6], Reg6D [62], EightVit
[46], MF6D [1] and GRelPose [28], we compare the follow-
ing variants: 1) the model in its original implementation,
2) the model implemented under EquiPose only during the
inference stage (denoted with ‘+EquiPose’), 3) the model
fine-tuned under EquiPose (denoted with ‘+EquiPose†’).
Indoor Pose Evaluation. The evaluation results on Scan-
Net are reported in Table 1. As seen from this table, the
five models under the EquiPose framework achieve con-
sistently better performance than their corresponding base-
lines under the eight metrics. Moreover, these models after
fine-tuning under EquiPose could achieve further enhance-
ments in most cases by a significant margin. For exam-
ple, an inference-only implementation of GRelPose under
EquiPose leads to a relative decrease of 2.3%(1-7.97/8.16)
and 15.8%(1-0.32/0.38) in rotation and translation errors re-
spectively. Its fine-tuned implementation has a relative re-
duction of 6.7% and 26.3% in rotation and translation er-
rors respectively. The fine-tuned MF6D could even achieve
a relative reduction of 23.9% and 34.1% in rotation and
translation errors respectively. These results validate the ef-
fectiveness of the proposed EquiPose framework.

The cross-dataset evaluation results on the 7-Scene [49]
and 12-Scene [52] datasets are reported in Tab. 2, where the
models trained on ScanNet are used for evaluation. As seen
from the table, the five models under EquiPose could also
achieve consistent improvements than their corresponding
baselines, and fine-tuning further boosts the performances.

Method Pose Error VCRE

Pr.↑ Avg.Med.↓ Med↓ Pr.@45↑ Pr.@90↑

MFBin[1] 9.1 210cm/33.7◦ 199.7 15.4 30.1
+EquiPose 12.0 185cm/32.5◦ 196.9 18.2 31.6

MFBinTS[1] 10.5 183cm/23.3◦ 166.4 18.1 35.5
+EquiPose 12.9 152cm/23.4◦ 166.0 21.7 39.3

MFQuat[1] 5.1 203cm/27.3◦ 160.7 14.3 33.6
+EquiPose 6.3 184cm/23.3◦ 166.4 16.6 35.0

MFQuatTS[1] 4.4 185cm/26.3◦ 154.8 14.2 34.7
+EquiPose 6.6 170cm/23.5◦ 157.6 17.3 36.4

MF6D[1] 6.1 168cm/22.5◦ 147.1 18.7 40.2
+EquiPose 9.6 153cm/18.6◦ 148.2 22.1 40.9
+EquiPose† 10.1 148cm/18.4◦ 145.0 23.0 42.1

EightVit[46] 6.0 204cm/26.6◦ 155.2 17.8 35.8
+EquiPose 6.4 195cm/26.3◦ 157.2 18.3 36.4
+EquiPose† 6.8 188cm/25.1◦ 153.1 19.1 37.0

GRelPose[28] 12.7 168cm/22.4◦ 137.7 25.8 43.3
+EquiPose 13.0 166cm/21.9◦ 136.4 26.1 43.3
+EquiPose† 13.2 163cm/21.7◦ 132.9 26.2 44.1

Table 3. Comparison on the Mapfree dataset [1]. As done in
[1], we report Pose Error in terms of rotation error and translation
error and VCRE in terms of median error and precision.

These results demonstrate that EquiPose is also effective
under the cross-dataset setup.

Besides the above quantitative results, we also provide
visualization results from ScanNet. Considering GRelPose
[28] performs relatively better than other baseline models in
most cases, we adopt it as the baseline and compare it with
EquiPose. The corresponding results are shown in Fig. 4.
As seen from this figure, the proposed EquiPose is effec-
tive in improving the performance of relative pose estima-
tion across different types of challenges, such as large view-
point changes, and texture-less patterns. An inference-
only implementation demonstrates obvious performance
improvements, while subsequent fine-tuning could achieve
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Method dR dt
Rot. AUC Trans. AUC RE TE

@3◦ @5◦ @10◦ @.1m @.2m @.5m

EightVit[46] 2.7 0.12 23.69 40.25 61.92 14.90 32.95 58.47 8.90 0.41
+RP 1.2 0.05 22.72 39.93 61.83 14.60 33.82 61.23 8.23 0.33
+RP+EquiPose 0 0 22.96 40.11 62.03 15.02 34.30 61.73 8.20 0.31
+EquiPose† 0 0 25.30 42.54 64.05 16.37 36.14 63.07 7.97 0.31

MF6D[1] 7.3 0.18 22.36 37.19 57.10 14.39 32.57 57.34 9.81 0.44
+RP 5.4 0.11 20.42 36.62 58.11 14.56 33.01 60.36 8.17 0.32
+RP+EquiPose 0 0 24.61 40.26 60.85 16.43 35.63 62.75 7.74 0.30
+EquiPose† 0 0 27.14 42.99 62.66 17.79 37.70 63.48 7.47 0.29

GRelPose[28] 3.2 0.12 28.90 46.36 66.53 16.46 35.36 60.06 8.16 0.38
+RP 2.1 0.06 28.11 45.66 66.36 16.95 37.65 63.64 7.74 0.30
+RP+EquiPose 0 0 29.02 46.35 66.80 18.20 38.88 64.47 7.65 0.29
+EquiPose† 0 0 32.32 49.74 69.37 19.67 40.40 65.95 7.61 0.28

Table 4. EquiPose VS. Random Permutation. ‘+RP’ denotes the
model is trained with random permutation. dR and dt denote the
rotation and translation difference computed via Eq. (4).

additional performance gains.
Outdoor Pose Evaluation. The Mapfree dataset [1] was
introduced for evaluating 6DoF relocalization, thus we only
evaluate EightVit, MF6D, and GRelPose which could pre-
dict 6DoF poses. As a supplement, we further evaluate
EquiPose in an inference-only manner on four additional
baselines, including MFBin, MFBinTS, MFQuatTS which
were released1 along with MF6D [1]. The results are re-
ported in Tab. 3. As seen from this table, EquiPose could
boost the performances of the above seven models in most
cases. And the fine-tuned MF6D+EquiPose† achieves the
lowest pose error among them. These results validate the
effectiveness of our method under the outdoor setup.
EquiPose VS. Random Permutation. Intuitively, another
way to leverage the PPE property for relative pose estima-
tion is to permute the input order of image pairs randomly
during training. To evaluate the effect of random permu-
tation, we have further trained and tested EightVit [46],
MF6D [1] and GRelPose [28] on the ScanNet dataset by
using random permutation (RP). The corresponding results
are reported in Tab. 4. In addition, we also report the aver-
age values of dR and dt computed via Eq. (4).

As seen from this table, random permutation could im-
prove model performances in average rotation and transla-
tion errors. However, the models trained under EquiPose
perform significantly better than using random permutation.
Besides, random permutation could not strictly enforce the
PPE property as evidenced by both dR and dt being larger
than zero, while EquiPose could achieve PPE strictly. To
this end, EquiPose is not opposed to using random permuta-
tion, i.e., by enforcing the PPE property, it could also boost
the performance of models trained using random permuta-
tion as observed in this table. The above results further val-
idate the effectiveness of our method.

1Pretrained weights are downloaded from the website of Mapfree:
https://github.com/nianticlabs/map-free-reloc.

Method Params. FLOPs Time (ms)

ER 1.92 × 107 9.86 × 109 2.0
ER+EquiPose 1.92 × 107 1.09×1010 2.3

Reg6D 2.33 × 107 9.91 × 109 2.6
Reg6D+EquiPose 2.33 × 107 9.97 × 109 2.6

EightVit 1.91 × 107 6.88 × 109 3.5
EightVit+EquiPose 1.91 × 107 9.64 × 109 5.1

MF6D 2.19 × 107 4.57×1010 5.6
MF6D+EquiPose 2.19 × 107 4.60×1010 6.7

GRelPose 1.37 × 107 9.82 × 109 11.8
GRelPose+EquiPose 1.37 × 107 1.13×1010 12.0

Table 5. Comparison of parameter numbers, FLOPs, and inference
times (ms) per image on an RTX 3090Ti GPU.

4.4. Computation Comparison and Limitation

Here, we compare the parameter numbers, Floating Point
Operations (FLOPs) and the inference times of the base-
lines and their EquiPose implementations. All the models
are evaluated on an RTX 3090Ti GPU on ScanNet. The
results are reported in Tab. 5. As is seen, compared with
the baseline model, the EquiPose implementation does not
introduce any additional parameters, since it uses the same
backbone as the baseline, and thus does not incur extra stor-
age costs. Moreover, compared with each baseline model,
EquiPose results in a modest increment in computational
costs generally, due to the feature permutation strategy.

However, the extra computational cost depends on the
architecture of the baseline model: For models with
lightweight feature aggregation modules and pose decoders,
the increase in computation is slight. For models with heavy
feature aggregation modules and pose decoders, the extra
computational cost would be high, which is a limitation
of EquiPose. Despite this, all the models under EquiPose
maintain an inference time of less than 15 ms per image,
which is sufficient for practical applications.

5. Conclusions
This work focuses on end-to-end relative pose estima-
tion. Firstly, we introduce the overlooked pose permu-
tation equivariance (PPE) property for relative pose esti-
mation. Leveraging this property, we establish the foun-
dational principle for designing a relative pose estimation
framework that incorporates the PPE property. Building on
this theoretical basis, we propose the general and flexible
EquiPose framework for relative pose estimation. Exper-
iments on four public datasets further demonstrate that the
performances of pre-trained models could be improved even
without re-training, and moreover, their performances could
be further boosted after being fine-tuned under EquiPose.
Acknowledgements. This work was supported by by the
National Natural Science Foundation of China (Grant No.
62376269).
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