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1{ramyamut,elfar,polina}@mit.edu,
2,3{borjan.gagoski, aryn.lee,ellen.grant}@childrens.harvard.edu,4bbillot@inria.fr

Abstract

We present E(3)-Pose, a novel fast pose estimation method
that jointly and explicitly models rotation equivariance and
object symmetry. Our work is motivated by the challenging
problem of accounting for fetal head motion during a diag-
nostic MRI scan. We aim to enable automatic adaptive pre-
scription of 2D diagnostic MRI slices with 6-DoF head pose
estimation, supported by 3D MRI volumes rapidly acquired
before each 2D slice. Existing methods struggle to general-
ize to clinical volumes, due to pose ambiguities induced by
inherent anatomical symmetries, as well as low resolution,
noise, and artifacts. In contrast, E(3)-Pose captures anatom-
ical symmetries and rigid pose equivariance by construction,
and yields robust estimates of the fetal head pose. Our ex-
periments on publicly available and representative clinical
fetal MRI datasets demonstrate the superior robustness and
generalization of our method across domains. Crucially,
E(3)-Pose achieves state-of-the-art accuracy on clinical MRI
volumes, paving the way for clinical translation. Our im-
plementation is available at github.com/ramyamut/E3-Pose.

1. Introduction

Real-time 6-DoF object pose estimation enables a wide range
of critical navigation tasks in robotic manipulation [1], au-
tonomous driving [7], and image-guided surgery [74]. Here,
we present a novel method for rapid object pose estimation
from 3D images based on an architecture that captures pose
equivariance and object symmetries by construction. We
are motivated by the problem of motion estimation in fetal
MRI, where stacks of 2D diagnostic MRI slices are acquired
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to assess fetal development and detect pathology [21, 22]
(Appendix A). Due to inter-slice fetal motion, oblique (i.e.,
misaligned with the target anatomical orientation) slices and
spatial coverage gaps in the acquired stack present chal-
lenges to radiological assessment and often necessitate re-
acquisition of the entire stack (Fig. 1) [45, 68, 73]. One
solution is to estimate the fetal head pose from rapid, low-
resolution, low signal-to-noise ratio (SNR) 3D MRI “naviga-
tor” volumes inserted into the MRI sequence before every
2D slice. The pose estimated from each navigator volume
can be used to adaptively adjust the imaging plane of the
next 2D slice in real time (Fig. 1) [16, 28, 62]. Estimat-
ing fetal head pose from navigator volumes is particularly
challenging. In addition to low resolution and low SNR,
these volumes contain an imaging artifact that presents as
a dark plane in the position of the previous (high energy)
diagnostic 2D slice and may obstruct relevant anatomical
features (e.g., eyes) that are crucial for pose disambiguation.
Moreover, underdeveloped neuroanatomy coupled with low
resolution creates a left-right symmetry, introducing pose
ambiguities [75]. Finally, the lack of available navigator
data necessitates training on higher resolution, higher SNR,
artifact-free research volumes, thus creating cross-domain
generalization challenges.

Existing pose estimation methods detect pre-specified
anatomical landmarks to compute pose [31, 60], but land-
mark visibility is not guaranteed in clinical data. Another
class of methods formulates the problem as rigid registration
of a moving volume to a template [3, 49, 64]. However, in
navigator volumes, artifacts perturb the intensity distribu-
tions of moving volumes relative to the template, leading
to suboptimal registration. Canonical pose regression with
convolutional neural networks (CNNs) can improve robust-
ness in the presence of noise and reduced anatomical visi-
bility [18, 56, 71]. Despite their benefits, these methods are
prone to overfitting even with data augmentations, and are
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Figure 1. E(3)-Pose is a rotation-equivariant and symmetry-aware framework for 6-DoF pose estimation. Left: a rapid navigator
volume is inserted between every two 2D diagnostic MRI slices. It is used to estimate the fetal head pose to adjust imaging plane prescription
in real time. Right: To enable robust performance, the network architecture employs E(3)-equivariant convolutional filters to capture pose
equivariance and pseudovectors to account for left-right head symmetry.

highly sensitive to pose ambiguities.

Contributions. We propose E(3)-Pose, a novel framework
for accurate and generalizable head pose estimation from
fetal brain volumes (Fig. 1). In contrast to standard convolu-
tions that are by construction only equivariant to translations,
we leverage an E(3)-equivariant CNN (E(3)-CNN) for pose
regression to also account for rotation equivariance [19, 67].
Moreover, we use pseudovectors [27] in the learned equivari-
ant rotation parametrization to model left-right head symme-
try. E(3)-Pose achieves competitive performance on publicly
available research-quality datasets, and state-of-the-art per-
formance on clinically representative datasets. Crucially, our
experiments demonstrate that constraining the network ar-
chitecture to explicitly model physical symmetries provides
better generalization to out-of-distribution data and stabi-
lizes pose estimates in ambiguous cases with low anatomical
visibility. Overall, while this paper focuses on fetal MRI,
our method holds promise for object localization tasks that
involve symmetries, limited training data, and real-world
applications with noisy sensors.

2. Related work

Landmark-based pose estimation. Landmark registration
involves algorithmic detection of pre-defined anatomical
structures to estimate pose relative to a canonical anatomical
frame [29, 31, 60]. To mitigate dependence on visibility of
specific anatomy, recent approaches trained a neural network
to learn an overcomplete set of landmarks [3, 63]. Neverthe-
less, learned landmarks display sensitivity to perturbations of
volume intensities, posing problems when fast acquisitions
introduce disruptive artifacts. In contrast, we directly regress
pose, circumventing these challenges.

Pose regression. Early pose regression approaches re-
lied on rotation parametrizations that suffer from discon-
tinuities over SO(3), such as axis-angle vectors or quater-
nions [24, 56]. It has been shown that high-dimensional,
continuous parametrizations offer smoother loss landscapes
and robustness to noise [20, 78]. Existing methods that adopt
this strategy regress two basis directions [14, 78] or a de-
formation field [23] relative to the object frame. E(3)-Pose
similarly regresses a continuous, overcomplete parametriza-
tion by using three basis directions of the canonical object
frame.

Equivariant networks. A function is equivariant under a
group of transforms if it commutes with every transform
in the group. In the context of CNNs, standard convolu-
tions are already equivariant to translations. There has been
significant progress toward convolutions that are equivari-
ant under a broader group, including SE(3) and E(3) [9–
11, 19, 61, 66, 67, 70]. Specifically, these architectures re-
strict the space of learnable parameters to those that strictly
adhere to problem symmetries, rather than learning equivari-
ance through data augmentation. Theoretical analysis shows
that equivariant architectures are more sample-efficient, re-
ducing overfitting especially when training data is lim-
ited [4, 39, 57]. By leveraging an E(3)-equivariant CNN
for pose estimation, E(3)-Pose robustly generalizes to noisy
clinical data.

Existing equivariant methods for 6-DoF pose estimation
either predict the relative transform between image pairs [3,
42, 49, 65, 76]; regress a canonical pose via a discontinuous
rotation parametrization, such as quaternions [44, 50]; or for-
mulate rotation estimation as a classification problem over
a discretized set of 3D rotations [6, 33, 41]. Furthermore,
these methods do not explicitly account for symmetric ambi-
guities in their network architectures. In contrast, E(3)-Pose
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regresses a continuous output over SO(3) and handles object
symmetry in the construction of this parametrization.

Object symmetries. Rotational and reflectional object sym-
metries can lead to pose ambiguities. One class of solutions
trains a network to implicitly learn object symmetries via
probabilistic outputs, and heuristically selects the most prob-
able pose during inference [30, 77]. Yet, these methods suf-
fer from discontinuities in the network output over the object
symmetry group [54]. Although training with symmetry-
invariant losses partially alleviates this problem [71], these
discontinuities are more robustly eliminated by incorporat-
ing object symmetry into the pose parametrization itself.
Namely, this strategy regresses an output that remains in-
variant under the object symmetry group, while maintaining
continuity over the quotient group of all non-symmetric input
transformations [51, 54, 58]. To handle head pose ambigui-
ties, E(3)-Pose models the basis direction along the axis of
left-right symmetry as a pseudovector [27], which maintains
both invariance under left-right reflections and continuity
over SO(3). While pseudovectors have been used to model
rotation axes in pose estimation [40], our method is the first
to use them to address symmetric ambiguities.

Automated slice prescription in fetal brain MRI. Exist-
ing implementations use the pose estimated from a single
volume acquired at the start of the sequence to prescribe
all diagnostic 2D slices in the stack [31, 60]. While this
approach accurately prescribes slices according to the initial
head pose, it does not account for inter-slice head motion. In
contrast, E(3)-Pose promises to adjust the imaging plane for
every slice in the stack, based on the head pose estimated
from the preceding navigator volume.

3. Preliminaries
In this section, we provide context for E(3)-Pose by intro-
ducing key theoretical concepts in the design of E(3)-CNNs.

Tensor fields and E(3) representations. Let f :R3→Rd be
a d-dimensional tensor field. Consider 3D Euclidean group
actions g = gt ◦ gr, which comprise rotations/reflections
gr ∈ O(3) and translations gt ∈ R3. When the coordinate
system is transformed by g, the tensor f(x) at point x∈R3 is
modified in two ways: it is moved to the location g−1x and
the tensor is independently rotated/reflected by gr [19, 67].
Formally, we can define an operator πf (·) that transforms
field f for any g=gt ◦ gr∈E(3):

[πf (g)f ](x)=ρf (gr)f(g
−1x), (1)

where ρf : O(3) → Rd×d is called a representation; it is
a matrix acting linearly on the tensor space of f(x) that
describes how the tensor independently transforms under gr.

Irreducibility. A representation ρ and the tensors it trans-
forms are irreducible if there is no change of basis Q∈Rd×d

such that Qρ(gr)Q−1 is block-diagonal for all gr ∈ O(3).
Irreducible representations and tensors are characterized
by order l and parity, defining how f(x) transforms un-
der proper rotations and inversions (i.e., reflections across
all three planes) of the coordinate system, respectively [19].
Even parity indicates no change in f(x) under inversion,
while odd parity indicates a sign change in f(x). While
one can define tensors and representations of any order and
parity, we focus here on three types: first, scalars f(x)∈R
(order l=0, even parity) have representation ρl=0

even(gr)=1;
second, vectors f(x) ∈ R3 (l = 1, odd parity) have repre-
sentation ρl=1

odd (gr)=M(gr), where M :O(3)→R3×3 is the
matrix representation of an orthogonal transformation; and
last, pseudovectors f(x)∈R3 (l=1, even parity) have rep-
resentation ρl=1

even(gr) = (detM(gr))M(gr) with a positive
determinant to account for invariance under inversions [27].

Equivariance. Let F be a mapping between two tensor
fields f and h associated with operators πf and πh and
representations ρf and ρh, respectively. F is equivariant
under E(3) if and only if

F (πf (g)f) = πh(g)F (f), for all g ∈ E(3). (2)

A similar relation holds if F is a function mapping tensor
field f to a single tensor h with representation ρh:

F (πf (g)f) = ρh(gr)F (f), for all g=gt ◦ gr ∈ E(3). (3)

Equivariant networks. E(3)-CNNs can be built using suc-
cessive equivariant layers, since their composition remains
equivariant. Here we describe equivariant convolutional
layers (see Appendix B for pooling and non-linearities).
For enhanced computation and time efficiency, state-of-the-
art implementations of such CNNs operate on irreducible
fields [19, 67]. Let κlfpf ,lhph

(x) ∈ R(2lh+1)×(2lf+1)) be a
3D convolution kernel transforming field f (order lf , parity
pf ) to field h (order lh, parity ph). Then, κ must satisfy
Eq. (2) to maintain equivariance, resulting in the solution

vec(κlfpf ,lhph
(x))=

∑
m∈M

∑
j∈J

wjmφm(||x||)QjYj(x/||x||),

(4)
where vec indicates vectorization, wjm are coefficients,
{φm} are radially symmetric basis functions, Qj ∈
R(2lh+1)(2lf+1)×(2j+1) is a change of basis, Yj : S2 →
R2j+1 are the degree-j spherical harmonics, and J =
{j : |lf − lh| ≤ j ≤ |lf + lh|, j is even} if pf = ph or
J={j : |lf − lh|≤j≤|lf + lh|, j is odd} if pf ̸=ph [19, 67].
E(3)-CNNs are thus trained by learning the coefficients wjm

rather than the kernel values themselves.

4. Methods
Our goal is to estimate 6-DoF pose T from a 3D volume,
relative to a canonical object coordinate frame. As detailed
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Figure 2. Overview of E(3)-Pose. We first train a CNN ψ to segment the object. We estimate translation based on the center-of-mass of the
predicted mask and then crop the 3D volumes around this mask. The cropped volumes are fed to an E(3)-CNN ϕ trained independently to
regress the orthonormal basis of the object frame, parametrized as one pseudovector (red) and two vectors (blue and green). The output is
later constrained to represent a rotation matrix by applying SVD and then choosing the pseudovector êx direction that results in a proper
rotation without reflection (i.e., det(M(R̂)) = 1).

in Fig. 2, we estimate pose by separating the rigid transform
T = t ◦R, into its rotation R and translation t components.

4.1. Translation estimation
In rigid pose estimation, it is customary to place the origin
of the object coordinate frame at the object center [71]. If
ψ : R3 → {0, 1} is a binary object occupancy function,
then t can be computed from a set X of sampled points (i.e.,
voxel coordinates):

t =

∑
x∈X xψ(x)∑
x∈X ψ(x)

. (5)

See Appendix C for our implementation ofψ using a network
trained to segment the fetal brain segmentation from whole-
uterus MRI volumes.

4.2. Rotation estimation

Function equivariance. We first define f : R3 → R as
the scalar field representing the input volume, with trans-
formation operator [πf (g)f ](x)= f(g−1x); h(R) ∈Rd as
some d-dimensional tensor parametrization of the output
rotation R, with representation ρh; and ϕ : f → h as the
rotation estimation function. Rotating/reflecting the input
volume rotates/reflects its pose equivalently, requiring func-
tion equivariance detailed in Eq. (3):

ϕ(f ◦ g−1)=ρh(gr)ϕ(f), for all g=gt ◦ gr ∈ E(3). (6)

Although in practice we require equivariance under SE(3)
rather than the full group E(3), we show below that using
an E(3)-CNN to implement ϕ enables us to jointly formu-
late h(R) as equivariant under SE(3) and invariant under
left-right reflections. Since E(3)-CNNs must operate on
irreducible tensors, it suffices to parametrize h(R) with irre-
ducible tensors to guarantee the equivariance of ϕ.

Rotation parametrization. Let Gsymm = {gs ∈ O(3) :
f ◦g−1

s =f} be the object symmetry group [58]. To handle

object symmetries, we aim to parametrize h(R) such that
ρh(gs)h(R) = h(R) for all gs ∈ Gsymm and R ∈ SO(3);
and h remains continuous over the quotient group H =
O(3)/Gsymm. Here, we consider the case S={g↔}, where
g↔ denotes left-right reflection, defined by the axis of left-
right symmetry e↔. In this case, H=O(3)/{g↔}=SO(3).

Formally, we define h(R) based on three orthonormal
basis directions {ex, ey, ez} of the object frame (d= 9), a
continuous function over SO(3):

h(R) = ex ⊕ ey ⊕ ez,

s.t. ex=e↔ and ey, ez⊥e↔,
ρh(gr)=(detM(gr))M(gr)⊕M(gr)⊕M(gr)

= ρl=1
even(gr)⊕ ρl=1

odd (gr)⊕ ρl=1
odd (gr),

(7)

where ⊕ denotes columnwise and block-diagonal concatena-
tion for vectors and matrices, respectively. Specifically, we
decompose h(R) into three irreducible tensors: we model
the basis direction parallel to the left-right axis as a pseu-
dovector, and the two basis directions orthogonal to the left-
right axis as vectors. The invariance of h(R) under Gsymm is
straightforward:

ρh(g↔)h(R) =(detM(g↔))M(g↔)ex

⊕M(g↔)ey⊕M(g↔)ez,

=(detM(g↔))(−ex)⊕ ey ⊕ ez

=ex ⊕ ey ⊕ ez=h(R),

(8)

where the second equality follows from the fact that vec-
tors orthogonal and parallel to the axis of reflection re-
main unchanged and become inverted following the reflec-
tion, respectively. By using an E(3)-equivariant function
to estimate h(R) and further imposing invariance of h(R)
under Gsymm, we ensure that h(R) is equivariant under
E(3)/Gsymm=SE(3) and continuous over SO(3).

E(3)-CNN regressor. To handle both rotational equivariance
and reflectional symmetry, we implement ϕ as an E(3)-CNN
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regressor taking a scalar field as input, and returning an
output tensor that decomposes into one pseudovector êx and
two vectors êy, êz , normalized to unit length. Appendix B
provides a detailed description of the network architecture.
During training, we minimize the objective function

Lϕ = | sin (θx)|+ β(| sin (θy/2)|+ | sin (θz/2)|), (9)

where (ex, ey, ez) is the ground-truth (GT) orthonormal ba-
sis, θk=arccos (êk · ek) for k ∈ {x, y, z}, and β is a weight
hyperparameter. We use sin (θ/2) for the standard vectors
since it is monotonically related to the cosine similarity loss.
We modify this term to sin (θ) for the pseudovector in order
to guarantee invariance under inversions (i.e., left-right re-
flections) of ex. During inference, we obtain an orthonormal
output matrix by applying SVD to the predicted basis [43].
We then choose between êx and −êx in order to guarantee a
positive determinant matrix, i.e., a proper rotation. This step
is related to prior work that heuristically selects the output
pose from a set of symmetrically plausible poses [30, 51, 77].
Here, the task is straightforward since we are choosing be-
tween a right-handed and left-handed rotation.

4.3. Implementation details

Object frame. We place the origin of the target object frame
at the center-of-mass (CoM) of the brain. We define the GT
orthonormal basis ex, ey , and ez as the unit vectors pointing
along the left→right (L→R), posterior→anterior (P→A),
and inferior→superior (I→S) anatomical orientations of the
brain, respectively (Fig. 2). This follows Eq. (7), where ex
is parallel and ey, ez are orthogonal to the left-right axis,
respectively.

Data augmentation. We augment training volumes with
commonly used spatial (rigid transformations, scaling, flips)
and intensity (bias field, gamma, Gaussian noise, low resolu-
tion) transforms [2, 52] in volumetric brain MRI. To enable
our method to generalize to navigator volumes interleaved
with diagnostic slices, we additionally simulate a spin history
artifact from the preceding diagnostic slice [16, 47], which
appears as dark shading along the slice imaging plane (blue
arrows in Fig. 3). We model this artifact with a Gaussian
approximation of the slice profile:

f̃(x) = f(x)(1−N ((x− cslice)
Tnslice; 0, σ

2), (10)

where f and f̃ are the original and augmented volumes,
respectively; cslice and nslice are the center and normal to the
slice imaging plane, sampled uniformly at random; and σ2 is
determined by slice thickness and the rate of spin decay [38]
(see Appendix D for more details).

5. Experiments and results

5.1. Data

We train two variants of E(3)-Pose on two different large,
high-quality research datasets. We first evaluate on in-
distribution held-out test data. Then, we evaluate on two
clinical datasets to assess domain generalization and the
potential for clinical translation. All volumes are manually
annotated for ground-truth pose and brain/eyes segmenta-
tions (see Appendix E for details).

Research. We train one instance of E(3)-Pose on Research-
Fetal, a dataset of 3D whole-uterus MRI volumes in 153
pregnant women acquired at the Boston Children’s Hospi-
tal. We train another instance of our method on dHCP, a
publicly available dataset of fetal brain MRI scans in 245 sub-
jects [35]. Subject gestational age (GA) is 18-38 and 20-38
weeks in Research-Fetal and dHCP, respectively. All vol-
umes have 2-3mm isotropic voxels. They are not interleaved
with 2D diagnostic slices and do not contain spin history ar-
tifacts. We use training/validation/testing splits of 114/15/25
and 148/48/49 subjects for Research-Fetal and dHCP, respec-
tively. dHCP consists of higher quality volumes, presenting
a more challenging clinical domain generalization task com-
pared to Research-Fetal. Additionally, dHCP volumes are
neatly cropped around the fetal head. Therefore, segmen-
tation networks trained on dHCP fail to accurately predict
the brain mask in volumes where the field of view is larger
and includes uterine regions outside the head and maternal
tissues (Fig. 3). For this reason, we train our segmentation
network only on Research-Fetal.

Clinical. We evaluate the methods on Clinical-Young, a
dataset of routine clinical volumes in 60 younger fetuses (GA
18-23 weeks). This dataset presents two challenges: clinical
volumes exhibit a substantial domain shift from high-quality
research data, and underdeveloped anatomy complicates
pose estimation [75]. The voxel size is 1.76-3.5mm, and
volumes are not interleaved with diagnostic slices. We also
test the models on Navigators, a dataset containing 47 time-
series (1210 total volumes) of 3D MRI navigator volumes
interleaved with 2D diagnostic slices in 9 subjects (GA 26-
36 weeks). Due to fast and interleaved acquisitions, these
volumes have voxel size 4-6mm and contain real spin history
artifacts. This dataset represents the largest domain gap
from the research data, and volumes are representative of the
intended clinical application, i.e, adaptive slice prescription.
Both clinical datasets are acquired at the Boston Children’s
Hospital.

5.2. Evaluation metrics

We assess performance with the geodesic rotation error
arccos ( 12 [trace(RR̂−1)− 1]) and the average absolute dis-
tance (AAD) for voxels on the brain surface [25] (see Ap-
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Table 1. Baseline comparisons. Mean ± standard deviation for rotation error (◦) and average absolute error (AAD, mm). Best score is in
bold. * indicates statistical significance compared to E(3)-Pose (p<0.05, pairwise Wilcoxon test). FireANTs and Fetal-Align rely only on
segmentation networks trained on Research-Fetal and are not re-trained on dHCP, and therefore, we omit the corresponding rows for these
methods. FireANTs runtime is 1.8s, prohibiting real-time deployment. EquiTrack runtime is 0.7s, and the remaining methods run in 0.3s.

Research-Fetal test dHCP test Clinical-Young Navigators
Rot. error AAD Rot. error AAD Rot. error AAD Rot. error AAD

Trained on Research-Fetal
FireANTs [34] 10.6 ± 24.5* 5.7 ± 9.3* 0.4 ± 1.6* 0.6 ± 1.0* 17.3 ± 40.6 4.1 ± 7.4 44.6 ± 55.* 19.1 ± 20.3*
EquiTrack [3] 11.3 ± 13.1* 6.2 ± 5.9* 7.1 ± 5.0 3.6 ± 2.6 18.9 ± 29.0* 5.4 ± 5.7* 44.7 ± 48.7* 20.3 ± 18.3*
Fetal-Align [31] 5.0 ± 3.0 3.0 ± 1.7 8.5 ± 24.7* 3.5 ± 6.8* 10.3 ± 21.0* 3.2 ± 5.0* 56.2 ± 57.6* 24.1 ± 23.3*
3DPose-Net [56] 34.0 ± 36.0* 16.9 ± 15.5* 29.5 ± 35.6* 13.0 ± 14.1* 35.7 ± 35.4* 10.2 ± 8.1* 48.1 ± 40.6* 22.1 ± 15.3*
6DRep [14] 11.8 ± 6.8* 6.4 ± 3.5* 12.5 ± 7.1* 6.0 ± 3.4* 15.7 ± 9.1* 4.9 ± 2.6* 33.2 ± 9.5* 15.1 ± 13.8*
RbR [23] 7.6 ± 3.9* 4.3 ± 2.2* 8.6 ± 5.0 4.3 ± 2.6 11.2 ± 4.6* 3.7 ± 1.4* 22.6 ± 24.1* 11.5 ± 9.9*
E(3)-Pose (ours) 5.1 ± 2.6 3.0 ± 1.7 7.4 ± 3.6 3.7 ± 1.8 9.1 ± 4.7 3.0 ± 1.4 9.4 ± 7.5 6.3 ± 4.0

Trained on dHCP
EquiTrack [3] 29.5 ± 43.5* 14.1 ± 19.5* 13.6 ± 36.7* 5.4 ± 11.6* 48.3 ± 62.1* 11.6 ± 13.2* 59.0 ± 57.5* 25.7 ± 22.1*
3DPose-Net [56] 64.1 ± 44.6* 29.9 ± 18.7* 38.4 ± 34.0* 17.0 ± 13.2* 74.9 ± 52.9* 18.9 ± 10.3* 87.3 ± 45.9* 36.1 ± 16.4*
6DRep [14] 19.2 ± 9.9* 10.4 ± 5.5* 10.8 ± 5.5* 5.2 ± 2.6* 45.1 ± 44.9* 11.9 ± 9.8* 84.9 ± 57.5* 33.0 ± 17.4*
RbR [23] 15.4 ± 18.3* 8.3 ± 8.5* 8.0 ± 4.0* 3.9 ± 1.9 50.9 ± 48.4* 12.7 ± 9.9* 77.2 ± 53.6* 30.8 ± 17.3*
E(3)-Pose (ours) 5.7 ± 3.6 3.4 ± 2.0 7.3 ± 3.4 3.7 ± 1.7 12.1 ± 6.8 3.9 ± 1.9 13.9 ± 13.2 7.9 ± 5.6

pendix G for additional metrics).

5.3. Baseline methods

Template-based. We evaluate two baseline methods that per-
form rigid registration to a template volume. FireANTs [34]
is a state-of-the-art method for fast, optimization-based 3D
image registration. EquiTrack [3] uses a SE(3)-equivariant
network that learns matching landmarks to compute the op-
timal rigid transform from the input to the template via
SVD [43]. To enable comparison with E(3)-Pose, we gen-
erate subject-specific template volumes using the GT pose.
For accurate registration, we mask input volumes with the
brain masks predicted by our segmentation network.

Template-free. We evaluate four baseline methods that
estimate the canonical pose from only the input volume.
Fetal-Align [31] implements landmark-based pose estima-
tion, which segments the brain and eyes as landmarks and
uses brain shape to resolve left-right ambiguity. For fair
comparison on our datasets, we use our trained segmenta-
tion network, which we train to segment both the brain and
eyes, to perform landmark detection. The remaining three
baselines directly regress pose with CNNs. 3DPose-Net [56]
and 6DRep [14] regress the axis-angle vector and two ba-
sis directions of the object frame, respectively. The latter
method applies Gram-Schmidt orthonormalization [79] to
the network output to obtain the final rotation. Registration-
by-Regression (RbR) [23] trains a U-Net to regress a defor-
mation field to the object frame at the same resolution as
the input volume. The final rotation is computed from the
network output with SVD [32]. We train all three networks
on the research datasets and tune augmentation parameters
for optimal performance. We evaluate rotation only and use

our CoM translation estimation for all methods. Appendix F
provides further details on the baseline methods.

5.4. Results
We first evaluate performance on in-domain research data,
and then assess generalization to target clinical domains. Ta-
ble 1 reports the performance statistics on the test volumes
from each dataset, and Fig. 3 shows example alignments.
Since FireANTs and Fetal-Align do not involve network
training beyond our segmentation network, which is only
trained on Research-Fetal, we exclude these baseline meth-
ods from our training experiments on dHCP.

Research. E(3)-Pose accurately predicts pose and signif-
icantly outperforms other direct pose regression methods,
showcasing the advantage of modeling rotational equivari-
ance. The relative rankings of 3DPose-Net, 6DRep, and
RbR highlight the stability gains of estimating continuous
and higher-dimensional rotation parametrizations [78]. E(3)-
Pose takes advantage of this concept by regressing a contin-
uous, overcomplete output. On dHCP test data, E(3)-Pose
is outperformed by template-based methods. This strategy
is able to effectively exploit the information advantage of
a template volume coming from the same subject when the
intensity distributions of both volumes are highly detailed
and similar, eliminating alignment ambiguities. Furthermore,
the 1.8s inference time of FireANTs (cf. 0.3s for E(3)-Pose)
is prohibitive for real-time deployment. Finally, Fetal-Align
also yields accurate pose estimates, demonstrating the re-
liability of landmark detection methods in volumes where
landmarks are clearly visible.

Clinical-Young. E(3)-Pose yields accurate pose estimates
in clinical acquisitions of younger ages, outperforming all
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Figure 4. Clinical-Young results. Performance statistics are shown
as a function of gestational age for all well-performing methods
trained on Research-Fetal (top) and dHCP (bottom).

baseline methods. This difference is more pronounced when
training on dHCP, which consists of higher-SNR volumes
and presents an even larger distribution shift from clinical
data compared to Research-Fetal. E(3)-Pose is the only
method that maintains its performance in both training set-
tings, highlighting the robust generalization advantages of
our method. For further insight, we study the performance as
a function of GA. Fig. 4 reveals that template-based methods
(FireANTs and EquiTrack) break down on younger fetuses,
where underdeveloped, spherical brain shapes and the lack
of structure differentiation within the brain [75] lead to align-
ment ambiguities (Fig. 3). 6DRep and RbR remain relatively
stable across GAs when trained on Research-Fetal: by re-

moving dependence on specific anatomical markers, direct
pose regression is less sensitive to the lack of fine-grained
details. However, pose regression with standard CNNs strug-
gles to generalize to younger GAs when trained on dHCP,
suggesting that these methods are prone to overfitting to
the training distribution. In contrast, E(3)-Pose provides
accurate results across GAs and training datasets.

Navigators. E(3)-Pose achieves accurate pose estimation
in navigator volumes and significantly outperforms all base-
lines (Table 1). While all baseline methods struggle with
the challenging task of generalizing from dHCP to Naviga-
tors, E(3)-Pose remains robust to the substantial domain gap.
Importantly, E(3)-Pose continues to maintain accuracy in
the most challenging cases, which occur when the effects
of low resolution, low SNR, and artifact obstruction com-
bine to eliminate most asymmetric cues (Fig. 3, columns
4-6). Nevertheless, our method successfully recovers head
pose, even in volumes with high uncertainty. In contrast,
template registration methods are prone to errors when spin
history artifacts disrupt the similarity between input and
template intensity distributions, and Fetal-Align remains
highly sensitive to eye visibility, which is often limited by
artifact obstruction or blurring due to voxel size. Moreover,
E(3)-Pose generally yields more stable estimates compared
to CNN-based pose regression, highlighting that enforcing
pose equivariance and anatomical symmetry on the network
parameters is an effective regularization technique that en-
ables generalization to out-of-distribution clinical volumes
and stability under pose ambiguity.
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Table 2. Ablation study. Mean ± standard deviation statistics for rotation error (◦) and average absolute error (AAD, mm). Best score is in
bold. * indicates statistical significance compared to E(3)-Pose (p<0.05, pairwise Wilcoxon test).

Trained on Research-Fetal Trained on dHCP
Clinical-Young Navigators Clinical-Young Navigators

Rot. error AAD Rot. error AAD Rot. error AAD Rot. error AAD
E(3)-Pose (ours) 9.1 ± 4.7 3.0 ± 1.4 9.4 ± 7.5 6.3 ± 4.0 12.1 ± 6.8 3.9 ± 1.9 13.9 ± 13.2 7.9 ± 5.6
Standard CNN 10.3 ± 5.4* 3.4 ± 1.5* 18.0 ± 19.3* 9.7 ± 7.6* 53.3 ± 55.8* 12.9 ± 11.9* 80.2 ± 52.7* 31.9 ± 17.3*
no pseudovector 10.4 ± 4.0* 3.4 ± 1.3* 10.9 ± 11.1* 7.0 ± 5.0* 12.1 ± 7.7 3.9 ± 2.2 20.6 ± 26.1* 10.6 ± 10.1*
h(R)=ey⊕ez 10.3 ± 4.2* 3.4 ± 1.3* 11.9 ± 12.9* 7.3 ± 5.5* 11.6 ± 6.5 3.7 ± 1.8 26.1 ± 35.6* 12.3 ± 12.2*
Lϕ =

∑
k∈{x,y,z} | sin (θk/2)| 8.8 ± 3.6 3.0 ± 1.3 12.1 ± 11.1* 7.2 ± 5.1* 11.1 ± 5.3 3.6 ± 1.5 18.5 ± 27.3 9.4 ± 9.4

geodesic loss 9.2 ± 4.7 3.1 ± 1.5 13.5 ± 20.0* 9.7 ± 7.6* 30.9 ± 53.4 7.7 ± 10.9 27.8 ± 42.5* 12.6 ± 14.0*
no artifact augmentation 12.0 ± 21.1 3.5 ± 3.8 16.2 ± 18.6* 7.7 ± 7.6* 18.4 ± 21.1* 5.4 ± 4.5* 31.9 ± 36.7* 15.1 ± 13.9*
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Figure 5. Simulation results. Left: Quantitative comparison of diagnostic slice stacks obtained using motion-blind prescription and
E(3)-Pose. Mean ± standard deviation statistics are displayed. * indicates statistical significance (p<0.05, pairwise Wilcoxon). Right: Brain
coverage of the diagnostic slice stacks prescribed by each method, for three different example subjects and target anatomical orientations.
Coverage gap (red) and obliqueness (purple, ◦) metrics are respectively displayed. Spatial coverage gap regions are outlined in red.

5.5. Ablation study
To study performance on challenging out-of-distribution
cases, we evaluate ablations on clinical datasets (Table 2).
Appendix I provides results on research datasets.

Equivariance. We ablate the modeling of rotational pose
equivariance by replacing all E(3)-equivariant convolutions
with standard convolutions equivariant to only translations.
The results show that rotation equivariance is critical for
generalization to clinical data, especially when the domain
gap between training and testing data is significant. This
outcome is in line with prior work [4, 39, 57] and our earlier
comparison of E(3)-Pose to non-equivariant RbR, 6DRep,
and 3DPose-Net.

Rotation parametrization. We consider alternative equiv-
ariant rotation parametrizations. First, we study the impact
of estimating a symmetry-invariant parametrization by re-
placing the pseudovector with a standard vector. Table 2
shows that E(3)-Pose significantly outperforms this ablation,
which struggles under pose ambiguities. Second, we reduce
the dimensionality of the rotation parametrization by predict-
ing only two basis directions: ey and ez . We observe that
estimating a third basis direction significantly reduces errors
in challenging clinical volumes.

Loss function and data augmentation. We now examine
the effect of two alternative loss functions that are not invari-

ant under left-right reflections. We first train our network
by replacing the pseudovector loss term in Eq. (9) with
that of the standard vectors. Next, we replace our objec-
tive with the widely used geodesic loss [56]. Table 2 shows
that both loss functions significantly reduce performance in
Navigators, emphasizing the importance of combining both
symmetry-invariant architectures and loss functions for sta-
ble performance under high ambiguity. Lastly, ablating the
simulated spin history artifact simulations during training
shows that this augmentation critically enables generaliza-
tion to Navigators, where volumes contain real spin history
artifacts.

5.6. Simulation study

We further establish the clinical utility of E(3)-Pose through
simulations of real-time diagnostic slice prescription, us-
ing test volumes from Research-Fetal. We simulate stacks
of diagnostic slices in the sagittal (L→R), coronal (P→A),
and axial (I→S) anatomical orientations in all subjects. We
compare our method to a “motion-blind” strategy, which
prescribes every slice based on the fetal head pose in the first
navigator volume only. We assess the quality of the simu-
lated stacks by computing the coverage gap (i.e., the ratio
of brain volume that is not captured); and slice obliqueness
(i.e., the rotation error between prescribed and target slice
anatomical orientations). Appendix J provides implemen-
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tation details and additional evaluations. Fig. 5 shows that
E(3)-Pose yields significant improvements in both metrics.
Under motion-blinds prescription, large inter-slice motion
leads to oblique slices that frequently intersect, producing
highly uneven spatial coverage and, in the worst cases, com-
plete coverage gaps. In contrast, E(3)-Pose enables adjust-
ment of the imaging plane to follow the movements of the
head. As a result, E(3)-Pose prescribes slices closely aligned
with the target anatomical orientation, producing parallel
slices that improve the uniformity of coverage and thus re-
duce the likelihood of coverage gaps in our simulations.

6. Discussion and Conclusion
We present E(3)-Pose, a novel framework for 6-DoF pose
estimation. By jointly modeling rigid pose equivariance
and reflectional object symmetry, E(3)-Pose enables robust
generalization to challenging domains with pose ambiguities.

E(3)-Pose does not explicitly model motion history or
identify high-uncertainty cases, both of which could help
to mitigate errors in noisy clinical volumes. Thus, future
work will investigate equivariant approaches for estimating
probability distributions over SO(3), conditioned on motion
trajectories [37, 53]. Beyond fetal imaging, it is interesting
to investigate applications of our method when approximate
reflectional and/or rigid symmetries [65] are present, such as
cardiac, lung, and adult brain imaging. Lastly, we expect that
our method could be adapted to objects with more complex
(e.g., n-fold rotations) symmetries (Appendix K).

In our experiments, we provide the first evaluation on
data representative of clinical applications in fetal brain MRI,
bringing the promise of clinical deployment closer to reality.
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ing 6D pose of objects with symmetries. IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2020. 3, 5

[31] Malte Hoffmann, Esra Abaci Turk, Borjan Gagoski, Leah
Morgan, Paul Wighton, M. Dylan Tisdall, Martin Reuter, Elfar
Adalsteinsson, P. Ellen Grant, Lawrence L. Wald, and André
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a) Sagittal (𝐿𝐿 → 𝑅𝑅)

b) Coronal (𝑃𝑃 → 𝐴𝐴)

c) Axial (𝐼𝐼 → 𝑆𝑆)

d) Oblique due to inter-slice fetal motion

Figure 6. Example diagnostic 2D slices. Accurate radiological
assessment of developmental abnormalities necessitates aligned
with (a) sagittal (left→right), (b) coronal (posterior→anterior),
and (c) axial (inferior→superior) anatomical orientations. Inter-
slice fetal motion causes oblique slice orientations relative to the
canonical anatomical directions. (d). This produces slices that are
challenging for the radiologist to interpret and induces coverage
gaps in the acquired stack of slices.

A. Automated slice prescription in fetal brain
MRI

In this section, we describe our clinical application in further
detail.

Overview. Radiological assessment of abnormal fetal brain
development relies on volumetric fetal brain MRI, which
provides greater contrast and resolution than standard ul-
trasound examinations. Due to sensitivity to fetal motion,
current clinical practice does not involve direct acquisition
of 3D MRI scans [22]. Instead, stacks of 2D MRI slices
are acquired in the three target anatomical orientations (i.e.,
sagittal, coronal, and axial). Slices that closely align with
the target anatomical orientation are critical for abnormal-
ity detection. For instance, non-oblique midline sagittal
slices are necessary for detecting agenesis of the corpus cal-
losum [21]. Furthermore, inter-slice fetal motion is often
correlated with poor spatial coverage. Even small coverage
gaps can substantially reduce diagnostic potential. For exam-
ple, the proportion of the total fetal brain volume constituted
by the cerebellum ranges from only 0.03-0.06 in second- and

third-trimester fetuses [5]. Adaptive slice prescription based
on the fetal head motion thus holds potential to improve the
quality of prenatal care.

Slices are T2-weighted and acquired with the half-Fourier
acquisition single-shot turbo spin-echo (HASTE) MRI se-
quence (1.25×1.25mm pixels, 3mm slice thickness, 320×
320mm FOV, TR=2.5s, TE=106ms, GRAPPA R=2, Partial
Fourier=5/8, 90◦ flip angle). Fig. 6 shows examples of diag-
nostic 2D MRI slices in the target anatomical orientations,
as well as oblique slices caused by fetal motion. To auto-
matically prescribe the acquisition plane of each 2D slice
according to the current fetal head pose, we rapidly acquire
a 3D navigator volume before each slice. Navigator volumes
are acquired with the echo-planar imaging (EPI) sequence
(4-6mm isotropic voxels, 324×324×120mm FOV, TR=29ms,
TE=14ms, 5◦ flip angle). Low-resolution, low-energy nav-
igator volumes are not of diagnostic quality but suffice for
head pose estimation.

Automation framework. We aim to rapidly estimate the 6-
DoF head pose in each navigator volume and use it to adjust
the imaging plane of the next slice (Fig. 7). Formally, at the
start of the sequence, we define the target imaging planes
P1, ..., PK ∈SE(3) of all K slices in the stack, relative to the
canonical fetal head frame. The rotational and translational
components of Pk indicate the target anatomical orientation
and the relative position of the slice within the stack, re-
spectively. Before the kth slice in the stack, we acquire a
navigator volume, from which we rapidly estimate the head
pose Tk = tk ◦Rk and prescribe the next slice imaging plane
to be P̃k = TkPk. We also translate the field-of-view (FOV)
of the next navigator volume around the fetal head based
on tk. We include this step to ensure full head capture for
accurate pose estimation. Because the time interval between
every navigator volume and the next slice is 1s, we require
the runtime of pose estimation to be less than 1s.

In-utero implementation. We developed a real-time feed-
back loop system using existing software [69] that runs this
sequence on a 3T Siemens scanner (Fig. 8). Specifically, we
have implemented the translation estimation step of E(3)-
Pose and used it to translate the FOV of every navigator
volume on pregnant patients in real time. The videos in
the linked project page demonstrate how the navigator vol-
umes are automatically shifted to follow the translational
movements of the fetal head. Future work will implement
real-time prescription of 2D diagnostic slices, using the full
pose Tk returned by E(3)-Pose in every navigator volume.

1



𝒇𝒇𝟏𝟏 𝒇𝒇𝟐𝟐 𝒇𝒇𝟑𝟑 𝒇𝒇𝟒𝟒

3D MRI navigator volumes

2D MRI diagnostic slices
�𝑷𝑷𝟏𝟏 = 𝑻𝑻𝟏𝟏𝑷𝑷𝟏𝟏 �𝑷𝑷𝟐𝟐 = 𝑻𝑻𝟐𝟐𝑷𝑷𝟐𝟐 �𝑷𝑷𝟑𝟑 = 𝑻𝑻𝟑𝟑𝑷𝑷𝟑𝟑 �𝑷𝑷𝟒𝟒 = 𝑻𝑻𝟒𝟒𝑷𝑷𝟒𝟒

𝑷𝑷𝟒𝟒𝑷𝑷𝟑𝟑𝑷𝑷𝟐𝟐𝑷𝑷𝟏𝟏

𝑻𝑻𝟏𝟏 𝑻𝑻𝟐𝟐 𝑻𝑻𝟑𝟑 𝑻𝑻𝟒𝟒

Target slice stack
(axial, 𝑰𝑰 → 𝑺𝑺)

Figure 7. Interleaved acquisition framework. To correct for fetal head motion, we aim to automatically adjust the imaging plane Pk of
every diagnostic 2D slice, using the current head pose Tk. We rapidly acquire a navigator volume fk before every slice in order to accurately
estimate Tk from fk with E(3)-Pose.

Sequence with feedback Laptop with GPU

MRI

𝒔𝒔,𝒇𝒇

Acquire 
Navigator 𝒇𝒇

Acquire 
slice 𝒔𝒔

�𝑷𝑷

𝒇𝒇

�𝑷𝑷, 𝒕𝒕

𝒇𝒇𝒌𝒌

E(3)-Pose

�𝑷𝑷𝒌𝒌 = 𝑻𝑻𝒌𝒌𝑷𝑷𝒌𝒌

𝑹𝑹𝒌𝒌

𝑷𝑷𝟏𝟏, … ,𝑷𝑷𝒌𝒌,𝑷𝑷𝒌𝒌+𝟏𝟏, … ,𝑷𝑷𝑲𝑲

𝑻𝑻𝒌𝒌 = 𝑹𝑹𝒌𝒌 𝒕𝒕𝒌𝒌
𝟎𝟎 𝟏𝟏

𝒕𝒕

𝑹𝑹𝒌𝒌, 𝒕𝒕𝒌𝒌

Figure 8. Real-time feedback loop system. Our implementation runs on a 3T Siemens scanner, connected to a server hosted on a
GPU-enabled laptop. On the server (right), E(3)-Pose separately estimates the rotation Rk and translation tk of the fetal head pose Tk,
based on the navigator volume fk sent by the scanner (left). We apply translation tk to center the next navigator volume FOV around the
fetal head. Future work will apply the full rigid transform Tk to prescribe the next 2D diagnostic slice to account for the current head pose.
Finally, we send the prescription parameters to the scanner for the next acquisition.

B. E(3)-CNN implementation details

Equivariant pooling and non-linearities. E(3)-CNNs ne-
cessitate special poolings and non-linearities, since standard
versions only satisfy Eq. (2) for zero-order fields. Specif-
ically, higher order (l > 0) fields require (i) norm-based

pooling, and (ii) special non-linearities learned by the net-
work as multiplicative scalar fields: f(x)σ(κl,p,0,0∗f(x)),
where σ is the sigmoid function, and ∗ is the convolution
operator [67].

Network architecture. We crop input volumes to the E(3)-
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CNN around the predicted brain mask to 643 voxels, scaled
such that the brain occupies 60% of the cropped volume
size. Our E(3)-CNN architecture has 4 levels, each con-
sisting of 2 E(3)-equivariant convolutions [12, 19] with
kernel size 5×5×5, followed by instance normalization
and equivariant max-pooling. Following [12], the first level
has 8, 4, and 2 even- and odd-parity output features of or-
ders l = 0, 1, 2, respectively, and the feature count is dou-
bled in each level. We use ReLU and tanh activations for
even and odd scalar features respectively, and equivariant
sigmoid activations for higher-order features. For the ra-
dial basis functions φm in the kth level, we use φm(r) =
8.433573sus(x+m− 1)sus(1−m− x), where sus is the
soft unit step function implemented in [12] and parametrized
by m ∈ {0, r/4, r/2, 3r/4, r}, where r = 2k−2.

C. Segmentation network architecture
Following [60], we implement the brain segmentation func-
tion ψ with a standard 3D U-Net. Our architecture has 4
levels with 16, 32, 64, and 128 output channels, respectively,
each consisting of 2 convolutional layers with kernel size
3×3×3, followed by batch normalization and ELU acti-
vation [8]. Inputs are padded to 1283 voxels. While we
only use the predicted brain mask for inference, we train
the U-Net to additionally segment the eyes, with the aim of
enhancing the overall robustness via multi-task learning [17].

D. Training details

Segmentation Network. We train the segmentation U-Net
for 1000 epochs using Adam optimization [36] with batch
size 4 and learning rate 10−4. We use a weighted sum of the
cross-entropy and Dice losses [48], with weights of 1 and
0.5, respectively. We re-weight both loss terms by 8, 2, and
1 for the brain, eyes, and background classes, respectively.
During training and inference, we resample all input volumes
to 3mm isotropic voxels before padding to 1283 voxels.

We spatially augment training volumes with random ro-
tations, translations, and scaling uniformly sampled from
SO(3), [−30, 30]3mm, and [0.5, 1.3], respectively. We also
simulate low resolution in 75% of training volumes, with
isotropic voxel size sampled uniformly from [3, 8]mm. We
add Gaussian noise with σ sampled uniformly from [0, 0.03],
random gamma correction with log γ sampled uniformly
from [−0.8, 0], and bias field artifacts. For the bias field sim-
ulation, we use existing software [52] to model the artifact as
a linear combination of polynomial basis functions of order
3, with coefficients sampled uniformly from [0, 0.5]. For
spin history artifact simulation, we sample nslice uniformly
from the unit sphere and σ uniformly from [1.5, 2.3]mm. We
sample cslice such that the likelihood of a point is inversely
proportional to its distance from the brain boundary. In navi-
gator volumes, when the artifact intersects regions near the

boundary of the brain, there is greater uncertainty in disam-
biguating the brain from external uterine tissue. Thus, we
provide the network with more examples of these challeng-
ing cases during training.

E(3)-CNN. We train the E(3)-CNN regressor for 2500
epochs using stochastic gradient descent with batch size
1, learning rate 10−2, weight decay 3× 10−5, and momen-
tum 0.99. We spatially augment training volumes with ran-
dom rotations uniformly sampled from SO(3). We simulate
low resolution in 90% of training volumes, with isotropic
voxel size sampled uniformly from [3, 7.5]mm. We use
gamma augmentations with log γ sampled uniformly from
[−2.0, 0.1] and the same bias field artifact as the segmenta-
tion network. For spin history artifact simulation, we sample
nslice uniformly from the unit sphere and σ uniformly from
[2.3, 4.6]mm. We sample cslice uniformly from voxels in the
GT brain segmentation.

E. Datasets
In this section, we provide additional information on all
datasets. For Research-Fetal, Clinical-Young, and Navi-
gators, all subjects consented to data collection, and the
approval of all ethical and experimental procedures and pro-
tocols was granted by the Institutional Review Board of the
Boston Children’s Hospital.

Research-Fetal. This dataset consists of whole-uterus
EPI volumes in 153 pregnant patients (3T, Siemens,
3mm isotropic resolution, TR=2.9-4s, TE=32-47 ms, flip
angle=90◦). Fetus GA ranges from 18 to 38 weeks, with
mean GA 29.0 ± 5.0 weeks. The average FOV size is
300×300×156mm.

dHCP. This dataset consists of fetal brain fMRI scans in
245 pregnant patients (3T, Philips Achieva, 2.2mm isotropic
resolution, TR=2.2s, TE=60ms, flip angle=90◦) [35]. Fetus
GA ranges from 20 to 38 weeks, with mean GA 28.9± 3.8
weeks. The average FOV size is 143×151×108mm. Volumes
are cropped around the fetal head and are not whole-uterus
volumes. Our manually annotated brain/eyes segmentations
and poses for the dHCP dataset are publicly available on the
project website for full transparency and future use.

Clinical-Young. This dataset consists of whole-uterus EPI
volumes in 60 pregnant patients (3T, Siemens, 1.76-3.5mm
voxels, TR=2.2-5s, TE=37ms, flip angle=90◦). There are 10
subjects for each GA in the range of 18 to 23 weeks. The
average FOV size is 301×301×129mm.

Navigators. This dataset consists of 47 stacks of 2D HASTE
slices (3T, Siemens, TR=3-3.5s, TE=100ms, 1.25×1.25×
3mm, FA=90◦) interleaved with 3D EPI navigator volumes
(3T, Siemens, TR=25-46ms, 4-6mm, TE=12-22ms, flip
angle=5◦) in 9 pregnant patients. Fetus GA ranges from
26 to 36 weeks, with mean GA 30.6 ± 2.9 weeks. The
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average FOV size is 327×327×125mm.
Recall from Appendix A that slices are prescribed ac-

cording to P̃k = TkPk. To manually annotate GT poses in
navigator volumes, we first algorithmically obtain Pk values
for all slices, using optimization-based slice-to-volume regis-
tration [73]. Since all P̃k values are available to us as part of
the acquisition parameters, we then compute Tk = P̃kP

−1
k

as the GT pose for every navigator volume preceding the kth
slice in the stack. Lastly, we manually correct the poses in
each navigator volume.

F. Baseline methods
We describe our implementations of the baseline methods
and the modifications we make in order to optimize perfor-
mance of baseline algorithms for our experiments.

FireANTs [34]. We initialize pose estimates with moments-
of-inertia matching, followed by multi-resolution adaptive
gradient optimization with learning rate 3×10−4 at downsam-
pling factors of 4, 2, and 1 with 200, 100, and 50 iterations
respectively. We find that the initialization step helps boost
performance particularly in the case of large rotational mis-
alignment between the input and template volumes.

EquiTrack [3]. This method first uses a “denoiser” CNN to
remove intensity differences between input and template vol-
umes, followed by a SE(3)-equivariant network that learns
matching landmarks. Here, we re-implement EquiTrack to
guarantee fair comparison with our method. First, we re-
train the denoiser network to remove spin history artifacts
in addition to standard intensity transformations in brain
MRI volumes, such as bias field and noise. Second, we use
RANSAC [15] to compute the optimal rigid transform to
further boost robustness to disruptive intensity perturbations
(e.g., spin history artifacts).

Fetal-Align [31]. The original implementation uses standard
image processing techniques (i.e., detection of maximally
stable extremal regions [46]) conditioned on GA, rather than
deep learning, to estimate brain and eye masks in fetal brain
volumes. We find that this approach to segmentation be-
comes unstable when applied to clinical volumes. For fair
evaluation of landmark-based pose estimation on our data,
we use the brain and eye masks predicted by our segmenta-
tion U-Net trained on simulated spin history artifacts. When
eye detection fails (a common occurrence when the arti-
fact obstructs the eyes in navigator volumes), we return the
identity transformation as an estimate of rotation.

3DPose-Net [56]. We train this network with the L1 loss
function instead of the geodesic loss proposed in the original
work. We find that this training objective provides better
performance on our datasets. For our training experiments
on Research-Fetal, we use the same augmentations as that of
E(3)-Pose. For our training experiments on dHCP, we tune

the data augmentation parameters such that log γ is sampled
uniformly from [-3,-1] and voxel size is sampled uniformly
from [3,9]mm.

6DRep [14]. Similar to 3DPose-Net, we replace the geodesic
loss function with the L1 loss function, which operates on the
output and GT orthonormal basis directions. Again, we find
that this modification improves the test-time performance
on our data. We use the same training augmentations as
3DPose-Net.

RbR [23]. We find that this method provides more stable
and accurate pose estimates on fetal brain volumes that are
preprocessed with the same steps as our E(3)-CNN, i.e.,
inputs that are center-of-mass aligned and scaled based on
the size of the brain. Since center-of-mass alignment of input
volumes eliminates the need for translation estimation, we
keep the translation estimation of E(3)-Pose and predict only
rotation with the output of RbR. We use the same training
augmentations as 3DPose-Net. We use Adam optimization
with learning rate 10−4 to train the network.

G. Additional results

Evaluation of translation estimation. We separately evalu-
ate the accuracy of translation estimation with our segmen-
tation network by providing the translation error ||t̂ − t||2.
We compare E(3)-Pose to baseline methods that estimate
translation differently from E(3)-Pose, i.e., FireANTs and
EquiTrack. Table 3 shows that E(3)-Pose outperforms both
FireANTs and EquiTrack on navigator volumes. The pres-
ence of spin history artifacts breaks the assumption of simi-
larity between the input and template volume intensity distri-
butions. Template-free pose regression improves robustness
to highly disruptive artifacts compared to the template-based
alignment strategy.

Additional examples. In this section, we provide additional
example alignments produced by E(3)-Pose aand the base-
line methods. Fig. 9 displays the same volumes aligned
by the baseline methods that were omitted from Fig. 3 in
the main paper, i.e., EquiTrack, 3DPose-Net, and 6DRep.
Fig. 10 displays the same set of volumes aligned by all meth-
ods trained on dHCP. Fig. 11 replicates Fig. 3 for a different
set of test volumes in each dataset.

H. Sensitivity study

Intensity perturbations. To understand performance gaps
between Research-Fetal and Navigators, we assess robust-
ness to simulated larger voxel size and spin history artifacts
in test volumes from Research-Fetal (Fig. 12). E(3)-Pose
remains much more consistent than all five tested baseline
algorithms, which become increasingly error-prone as the
severity of the perturbation increases. Particularly, E(3)-Pose
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Table 3. Performance statistics for translation estimation. Mean ± standard deviation for translation error (mm) are reported. Best
score is in bold. * indicates statistical significance compared to E(3)-Pose (p<0.05, pairwise Wilcoxon test). We compare E(3)-Pose only
to methods that estimate translation differently from E(3)-Pose. We evaluate the instance of E(3)-Pose trained on Research-Fetal since
translation estimation relies only on brain segmentation. FireANTs runtime is 1.8s, prohibiting real-time deployment.

Research-Fetal test dHCP test Clinical-Young Navigators
FireANTs [34] 2.0 ± 2.3* 0.5 ± 1.6* 0.6 ± 0.5* 4.2 ± 3.1*
EquiTrack [3] 1.3 ± 0.9* 1.1 ± 0.7* 1.6 ± 1.6* 4.4 ± 3.2*
E(3)-Pose (ours) 0.9 ± 0.8 0.8 ± 0.8 0.9 ± 1.1 3.8 ± 2.8
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Figure 9. Example results comparing E(3)-Pose to EquiTrack, 3DPose-Net, and 6DRep, trained on Research-Fetal. See Fig. 3 in the
main paper for descriptions.

exhibits the smallest increase in both error metrics from
the original 3mm volumes to the 6mm volumes with simu-
lated spin history artifacts. This is particularly the case for
template-dependent methods, which are highly sensitive to
the presence of disruptive artifacts. Furthermore, while E(3)-
Pose, 6DRep and RbR are trained on volumes augmented
with these intensity transformations, E(3)-Pose significantly
outperforms 6DRep and RbR on 6mm volumes with artifacts
(p<0.05, pairwise Wilcoxon). This result demonstrates that
E(3)-CNNs display more effective generalization than stan-
dard CNNs.

Spatial perturbations. To evaluate robustness of the method
across input poses, we use test volumes from Research-Fetal
to simulate a wide range of rotational misalignments of the
canonical object frame relative to the input volume. E(3)-
Pose displays the most stable consistency across rotational
misalignments (Fig. 13). This result underscores the value
of modeling rotation equivariance in pose estimation.

I. Ablation study
Table 4 reports the performance statistics on research data
for the ablations corresponding to Table 2 in the main pa-
per. For most experiments, there is no significant difference
in performance metrics between E(3)-Pose and ablations.

These results suggest that modeling inherent symmetries by
construction yields competitive accuracy but does not im-
prove performance on in-distribution, high-SNR volumes.
Specifically, methods that do not explicitly address pose am-
biguities perform well when such ambiguities are eliminated
by clearly visible anatomy. The design choices in E(3)-Pose
provide the largest performance gains in cases with low
visibility and high uncertainty, which is more common in
clinical data.

J. Simulation study

Additional implementation details. We simulate stacks
of 2D diagnostic slices (1×1 pixels, 3mm slice thickness)
in a specific target anatomical orientation (i.e., left→right,
posterior→anterior, or inferior→superior). We simulate
navigator volumes rapidly acquired before each slice from
test volumes in Research-Fetal, by augmenting with 6mm
isotropic resolution and a simulated spin history artifact
based on the imaging plane parameters of the preceding
slice. We simulate one stack in each orientation for each
test volume, resulting in 168 total stacks. The number of
slices per stack is adjusted for brain size as in current clinical
practice, resulting in 23-40 slices per stack.

Recall from Appendix A that every slice is prescribed ac-
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Figure 10. Example results for methods trained on dHCP. We omit FireANTs and Fetal-Align since these methods are not trained on
dHCP. See Fig. 3 in the main paper for descriptions.
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Figure 11. Additional example results for methods trained on Research-Fetal. See Fig. 3 in the main paper for descriptions.

cording to P̃k= T̂kPk, where T̂k is the estimated head pose
in the preceding navigator volume. We compare T̂k returned
by E(3)-Pose to that of “motion-blind” slice prescription,
where we set T̂k = Tk=0 for all k ≥ 0. To simulate inter-
slice fetal brain motion for k > 0, we sample rigid motion
Tk+1T

−1
k from real fetal head motion trajectories, interpo-

lated at time intervals of TR=3s to match the time between
navigator volume acquisitions in the clinical setting [59].
Our motion trajectory dataset consists of full time-series
from subjects in Clinical-Young, since increased uterine mo-
bility in younger fetuses produces wider ranges of motion
for our analysis. We follow prior work [72] in annotating
motion trajectories in this dataset for the purposes of sim-

ulation. Specifically, we apply an existing fetal landmark
detection algorithm to detect the fetal eyes and shoulders in
every frame [13], manually correct algorithmically estimated
landmarks, and finally compute the rigid motion between
consecutive frames using detected landmarks.

We define the slice coverage distribution pC over the
underlying brain volume on a 1mm resolution grid as the
sum of the Gaussian kernels representing the point spread
function [38, 55, 72] of all slices in the stack. We then
compute the coverage gap as the proportion of the brain
volume where pC=0.

Additional evaluations. Automated prescription of diag-
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Table 4. Ablation performance statistics on research data. Mean ± standard deviation statistics for rotation error (◦) and average absolute
error (AAD, mm). Best score is in bold. * indicates statistical significance compared to E(3)-Pose (p<0.05, pairwise Wilcoxon test).

Trained on Research-Fetal Trained on dHCP
Research-Fetal dHCP Research-Fetal dHCP

Rot. error AAD Rot. error AAD Rot. error AAD Rot. error AAD
E(3)-Pose (ours) 5.1 ± 2.6 3.0 ± 1.7 7.4 ± 3.6 3.7 ± 1.8 5.7 ± 3.6 3.4 ± 2.0 7.3 ± 3.4 3.7 ± 1.7
Standard CNN 6.9 ± 3.5* 3.8 ± 1.9* 7.5 ± 4.2 3.7 ± 2.0 11.2 ± 4.9* 6.2 ± 3.1* 7.5 ± 3.4 3.7 ± 1.7
no pseudovector 5.6 ± 2.4 3.2 ± 1.6 8.6 ± 3.3 4.2 ± 1.7 5.9 ± 3.0 3.4 ± 1.8 6.8 ± 3.2 3.4 ± 1.6*
h(R)=ey⊕ez 5.3 ± 2.5 3.1 ± 1.5 6.8 ± 3.5 3.4 ± 1.6 5.9 ± 2.7 3.4 ± 1.6 7.5 ± 3.4 3.7 ± 1.7
Lϕ =

∑
k∈{x,y,z} sin (θk/2) 4.9 ± 2.4 2.9 ± 1.5 7.2 ± 3.6 3.5 ± 1.6 5.9 ± 3.2 3.4 ± 1.8 7.3 ± 3.2 3.6 ± 1.5

geodesic loss 4.9 ± 2.1 2.9 ± 1.2 6.5 ± 3.8* 3.3 ± 1.7* 14.7 ± 38.1 6.8 ± 14.9 73.8 ± 84.4* 24.9 ± 27.4*
no artifact augmentation 5.1 ± 2.2 3.0 ± 1.4 6.6 ± 3.2* 3.2 ± 1.5* 7.2 ± 3.9* 4.1 ± 2.4* 7.6 ± 3.4 3.8 ± 1.6
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Figure 12. Sensitivity to intensity perturbations. We evaluate all
well-performing methods trained on Research-Fetal on augmented
test volumes in Research-Fetal. E(3)-Pose remains robust to pro-
gressively larger voxel sizes (left), even when simulating additional
spin history artifacts (right).
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Figure 13. Sensitivity to spatial perturbations. We evaluate all
well-performing methods trained on Research-Fetal on rotated test
volumes in Research-Fetal. E(3)-Pose demonstrates stable pose
estimates across a wide range of input poses.

nostic 2D slices in fetal brain MRI aims to improve spatial
coverage of the brain and the radiological interpretability

of the acquired stack of slices. In the main paper, we par-
tially quantify these qualities with the coverage gap and
slice obliqueness, respectively. In this section, we include
two additional metrics that further assess the diagnostic po-
tential of the simulated slice stacks. First, because uneven
spatial coverage is correlated with poor coverage quality
and coverage gaps, we calculate the coverage irregularity
KL(pC ||pU ), where KL is the Kullback-Leibler divergence
and pU is the uniform distribution over the underlying brain
volume. Second, since slice obliqueness only quantifies the
rotational incoherence of slices within each stack, we also
assess translational incoherence by computing the slice off-
set, i.e., the distance in mm between the center voxels of the
GT and prescribed slices. Fig. 14 demonstrates that in our
simulations, slice prescription with E(3)-Pose significantly
improves both additional quantitative metrics of diagnostic
potential, compared to motion-blind prescription.

K. Rotational object symmetries

In this work, we have demonstrated a rotation-equivariant
framework for pose estimation of objects with reflectional
symmetries, e.g., the fetal head. However, many real-world
objects possess more complex symmetries. In this section,
we sketch a method to estimate the pose of objects with N -
fold rotational symmetries about an axis with an E(3)-CNN.
We hypothesize that this will stabilize pose estimation in
high-ambiguity situations, and will investigate the proposed
method in future work.

Rotation parametrization. Recall that we denote the rota-
tion of the object frame as R, the rotation parametrization as
h(R), and object symmetry group as Gsymm. Here we con-
sider the case where Gsymm = {gθ=2π(k/N)|k = 1, ..., N}
where θ = 2π(k/N) are the N -fold rotations in the plane of
rotational symmetry. Let e⟲ be axis of rotational symmetry,
and let parity(N ) be equal to the parity of the integer N .
Then, we can train an E(3)-CNN to predict the following
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Figure 14. Additional simulation results. Left: Coverage irregularity and slice offset (mm) of diagnostic slice stacks obtained using
motion-blind prescription and E(3)-Pose. Mean ± standard deviation statistics are displayed. * indicates statistical significance (p<0.05,
pairwise Wilcoxon). Right: See Fig. 5 in the main paper for details. Here, coverage irregularity (blue) and slice offset (green, mm) metrics
are respectively displayed.

rotation parametrization:

h(R) = ex ⊕ ey ⊕ ez,

s.t. ex=Dl=N
:,−N (R), ey=D

l=N
:,N (R) and ez=e⟲,

ρh(gr)= Dl=N (gr)⊕Dl=N (gr)⊕M(gr)

=ρl=N
parity(N)(gr)⊕ ρl=N

parity(N)(gr)⊕ ρl=1
odd (gr),

(11)
where Dl : SO(3) → R2l+1×2l+1 is the Wigner-D matrix
function of order l, and Dl

:,m denotes its columns, indexed
from −l ≤ m ≤ l. Columns of the Wigner-D matrices
are irreducible tensors with irreducible Wigner-D matrix
representations [19, 67]. Since h(R) is parametrized in
terms of irreducible tensors, it maintains equivariance under
E(3). Therefore, the E(3)-CNN output is formulated as 1
vector and 2 irreducible tensors of order l=N and parity
p=parity(N).

Invariance under object symmetry. Here we show
that h(R) = ρh(gθ=2π(k/N))h(R) for all k = 1, ..., N .
First, it is easy to see that ez = M(gθ=2π(k/N))ez
because in-plane rotations leave orthogonal vectors un-
changed. Next, we show that ey = Dl=N (gθ=2π(k/N))ey
by showing that

∑
−N≤m′≤N

[ey]m′Y l=N
m=m′(θ, ϕ) =∑

−N≤m′≤N

[Dl=N (gθ=2π(k/N))ey]m′Y l=N
m=m′(θ, ϕ), where

Y l
m is the spherical harmonic function of degree l and order
m, and the spherical coordinates (θ, ϕ) refer to the polar and
azimuthal angles, respectively. The same reasoning can be
applied to ex.

Let (θ, ϕ) R−→ (θ′, ϕ′) define the spherical coordinate
transformation under rotation R ∈ SO(3). We observe that∑

−N≤m′≤N

[ey]m′Y l=N
m=m′(θ, ϕ)

=
∑

−N≤m′≤N

Dl=N
m′,N (R)Y l=N

m=m′(θ, ϕ)

= Y l=N
m=N (θ′, ϕ′)

(12)

where we have used the property Ym(θ′, ϕ′) =

∑
−l≤m≤l

Dl
m′m(R)Y l

m′(θ, ϕ).

Similarly, we have∑
−N≤m′≤N

[Dl=N (gθ=2π(k/N))ey]m′Y l=N
m=m′(θ, ϕ)

=
∑

−N≤m′≤N

[Dl=N (gθ=2π(k/N))D
l=N
:,N (R)]m′Y l=N

m=m′(θ′, ϕ′)

=
∑

−N≤m′≤N

Dl=N
m′,N (gθ=2π(k/N)R)Y

l=N
m=m′(θ, ϕ)

= Y l=n
m (θ′ +

2πk

N
, ϕ′)=eiN2π(k/N)Y l=N

m=N (θ′, ϕ′)

= ei2πkY l=N
m=N (θ′, ϕ′)=Y l=N

m=N (θ′, ϕ′)

=
∑

−N≤m′≤N

[ey]m′Y l=N
m=m′(θ, ϕ)

(13)
where we use the property Y m

l (θ1 + θ2, ϕ) =
eimθ2Y m

l (θ1, ϕ).

Training. We aim to maintain symmetry invariance in our
training objective. To this end, any standard regression loss
(e.g., L1 or L2 norm) on the error term h(R)− [êx⊕ êy⊕ êz]
between the GT rotation parametrization and the E(3)-CNN
output, respectively, satisfies this condition.

Inference. Since Wigner-D matrices are a Fourier basis
for functions defined on SO(3), the E(3)-CNN output repre-
sents a likelihood function P over SO(3), where P (R′) is
monotonically related to the inner product between h(R′)
and [êx ⊕ êy ⊕ êz] [41]. It is possible to sample from P by
querying values on a predefined equivolumetric grid over
SO(3) [26]. Indeed, if the E(3)-CNN output [êx⊕ êy ⊕ êz] is
equal to h(R), then P is nonzero and uniformly distributed
over the set of poses that are symmetrically equivalent to R,
and zero elsewhere.
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