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Abstract
Standard large-scale pretrained models typically
lack equivariance to geometric transformation
such as rotations, which limits their performance
when subject to input distribution shift. Group
equivariant neural network can address such sym-
metry by design, but they requires specialized
layers and costly training. This report reviews
Equivariant Adaptation of Large Pretrained Mod-
els (1), a wrapper based on learned canonicaliza-
tion (2), where inputs are transformed to a canon-
ical pose before being processed by a frozen or
fine-tuned pretrained backbone. A key contribu-
tion is the use of a canonicalization prior, based
on the dataset, that reduces misalignment with
the backbone’s training distributon, aiming at pre-
serving in-distribution (ID) performance while
enhancing transformation robustness.

1. Introduction
Large pretrained models, such as Vision Transformers and
PointNet, achieve state of the art performance by being
trained on massive datasets. However, typically they are
highly sensible to out-of-distribution (OOD) inputs. There-
fore, achieving equivariance, meaning a predictable transfor-
mation of the output given a transformation of the input, usu-
ally involves redesigning the internal layers (architectural
equivariance), which is often computationally expensive for
large models.

The research goal of the paper ”Equivariant Adaptation
of Large Pretrained Models” is to develop a method that
provides equivariance as a ”drop-in” wrapper (EquiAdapt)
for any pretrained backbone without the need to modify its
internal weights or architecture.

2. Methodology
The idea behind this paper comes from the single-view-plus-
transformation model for invariant shape recognition, where
it is suppose that humans convert an object to a canonical
orientation by a transformation process before recognize

it (3). Similarly, the authors aim to learns how to rotate
the input data back to a canonical orientation before the
backbone sees it and returns its prediction.

2.1. Groups and equivariance

A group G is a set equipped with associative binary op-
eration such that is closed under this operation and each
element g ∈ G has a unique inverse. A group representation
is a mapping from a group G to an invertible linear operators:
ρ : G −→ GL(X ), where a linear action is: ρ(g) · x, for each
x ∈ X . Therefore, we can say that a function f : X −→ Y is
equivariant if:

f (ρ(g) · x) = ρ′(g) · f(x) (1)

particularly, if ρ′(g) = I, ∀g ∈ G then f is invariant.

2.2. Canonicalization framework

A general way to enforce equivariance is to use orbit induced
by the group G. For any x ∈ X , the orbit Ox = {ρ(g) · x :
g ∈ G} represents all the transformed version of the specific
sample. Let’s consider now p : X −→ Y a pretrained model,
c : X −→ G the canonicalization function for the group G,
and ρ : G −→ GL(X ) the group representation function. We
can define a function f(x) as:

f(x) = ρ′ (c(x)) · p
(
ρ(c(x)−1) · x

)
(2)

where we are first canonicalizing, ρ(c(x)−1 · x), then pre-
dicting, p(·), and finally restoring such prediction, ρ′(c(x)),
as illustrated in Fig. 1.

Crucially, a sufficient condition for eq. 2 to be equivariant
is if c is G-equivariant:

c(ρ(g) · x) = ρ(g) · c(x) ∀g ∈ G,x ∈ X (3)

Effectively decoupling equivariance from the prediction task
through Learned Canonicalization (LC), as shown by (2).

Frequently, the prediction network p is already equivari-
ant to a subgorup K ≤ G (e.g. translations for CNN). As
shown in (2), the canonicalization framework supports par-
tial canonicalization, where the canonicalizer is responsible
only for the missing symmetries.
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Figure 1. Representative expample of how equivariance via canon-
icalization is achieved for a segmentation task.

An important consideration to be done is the following: if
x has non-trivial stabilizer Gx = {g ∈ G : ρ(g) · x = x} it
might be impossible to select a unique canonical representa-
tion, because multiple elements of the stabilizer correspond
to the same observed sample. To address this, (2) introduce
relaxed equivariance, where equivariance is required only
up to a stabilizer coset:

∀g1,x ∃g2 ∈ g1Gx : h (ρ(g1) · x) = ρ′(g2) ·h(x) (4)

which allows the canonicalizer to produce asymmetric out-
puts from symmetric inputs. Such symmetry breaking is
essential in physics and chemistry where symmetric starting
state can lead to asymmetric results. We often refer to this
phenomena as Curie’s principle.

2.3. Dataset’s prior and regularization

The paper’s innovation stems from the introduction of a
canonicalization prior to resolve two problems with a
”naive” application of canonicalization:

1. Alignment problem: canonicalization may turn data
into orientations that are mathematically valid but mis-
aligned with the training distribution of the backbone,
causing poor performance (1).

2. Augmentation problem: at the beginning of training,
randomly initialized canonicalizer may cause exces-
sive data augmentation. For those datasets that require
only small transformations, this variance can lead to
unstable training and lower performance on ID samples
(1).

Therefore, to ensure canonical orientations remain consis-
tent with the pretrained model’s preferences, the authors
introduce a prior loss based on the Kullback-Leibler (KL)
divergence:

Lprior = Ex∼D
[
DKL(PD∥Pc(x))

]
(5)

where PD represents the prior distribution over the group G
(typically a distribution q(R) centered at the identity), and
Pc(x) is the one predicted by the canonicalization network.

Expanding the KL divergence for a fixed prior q(R) and a
predicted density p(R|c(x)) we get:

DKL(q∥p) =
∫
G
q(R) log q(R) dR−

∫
G
q(R) log p(R|c(x)) dR

Because the prior distribution q(R) is constant, the first
term is a constant C during optimization. By consequence,
minimizing the KL divergence is mathematically equiva-
lent to minimizing the cross-entropy, leading to an actual
implementation through negative log-likelihood:

Lprior = −Ex∼DER∼q [log p(R|c(x))] (6)

An instance of such process is represented in Fig. 2

2.4. Discrete and continuous rotations

For discrete rotations (e.g. the cyclic group Cn), the prior
is defined as a Dirac delta δR,I at the identity, simplifying
the loss to −Ex∼D log pc(x)(I). In the case of continuous
rotations, the objective is defined by using the isotropic
version of the matrix Fisher distribution on SO(n):

p(R|R̂, s) = 1

n(s)
exp

(
Tr(R̂TR)

)
(7)

where R ∈ SO(n) is a random rotation matrix, while R̂
and s are, respectively, the mode and the concentration
around different axis of the distribution. Specifically, by
Proposition 1 of (1) it can be shown that given a pre-
diction p(R|R̂p, sp) and a prior q(R|R̂q, sq), where R̂q = I,
the canonicalization prior loss is:

Lprior = −λTr(Rc(x)) =
λ

2
∥Rc(x) − I∥F (8)

where λ = N(sq)sp.

2.5. Technical implemenation and optimization

From a practical perspective the representations were
achieved as follows.

Discrete the canonicalization network, G-CNN (4) or E(2)-
Steerable Network (5), are designed to outputs logits cor-
responding to each group element along a fibre dimension.
Logits are then transformed through softmax, by using the
straigh-through gradient (6) estimator to deal with the non-
differentiability of argmax during backpropagation.

Continous for image domain two vector fields are outputted
by E(2)-Steerable Network, then spatially averaged and
Gram Schmidt orthonormalized. For point clouds, they
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Figure 2. Training and inference with regularized canonicalization
method. The canonicalization function outputs a distribution over
image orientations used to canonicalize the input image. Addition-
ally, during training, this predicted distribution is regularized to
match the orientations seen in the dataset. (Source (1))

used the same set up as in (2) where they create a E(d)-
equivariant Network by defying the canonicalization func-
tion as h(x) = ρ

(
hO(x), ht(x)

)
, where hO outputs the

rotation and reflection which is Gram Schmidt orthonormal-
ized, while ht represent the translation.

3. Experiments
They tested their framework on three tasks: image classi-
fication, image segmentation, and point clouds, either on
frozen or fine-tuned model.

They confirm that large pre-trained model are not equivari-
ant, and that Prior Regularized Learned Canonicalization
(PRLC) can largely address this without the accuracy loss
of naive LC. For instance, on CIFAR10, a pretrained Vanilla
ResNet50 achieves 96.97% ID accuracy but collapses to
57.77% under C8 averaging. On the other hand, PRLC pre-
serves near-equivariance performances (96.19% vs 95.31%).
As shown in Tab. 5 (1), PRLC increases (from LC) “identity”
canonicalizations from 0.23 to 0.76 on CIFAR10, supporting
the alignment explanation (Figs. 3, 4, 5). In segmentation,
the canonicalizer capacity is decisive: for COCO Mask
RCNN, a small canonicalizer (0.2 M params) yields 35.77
C4-Avg mAP, while a larger one (1.9 M params) reaches
44.50, close to the 45.57 baseline for the non-rotated test set.
The main limitations are the residual ID gaps versus Vanilla
models, which seem to convey an expressivity bottleneck
and reported difficulty scaling the prior to continuous rota-
tions in images. Results tables are provided in the appendix
(Figs. 6, 7, 8).

4. Critical Review
4.1. The equivariant problem

Standard neural network architectures, such as CNNs and
Vision Transformers, essentially learn a function p. While
CNNs are translation equivariance, they do not possess rota-
tion or reflection equivariance. Consequently, the network

needs to learn diverse filters for recognizing vertical edges
and horizontal ones despite the figure being geometrically
identical but rotated. This require the model to re-learn
those features with different orientations, which is computa-
tionally expensive if re-training or fine tuning is needed for
such models.

Because of this the best way to ensure performance is
through higher number of filters, or parameters, which might
cause parameter explosion, and scale differently with di-
verse transformations (cubic with 3D data).

In order to address this problem two methods have been
proposed: architectural equivariance and Frame Averaging.

Architectural Equivariance the way in which equivariance
is achieved is through restriction to the convolution ker-
nels (filters). For instance, in Tensor Field Network (TFNs)
(7) we achieve SE(3) equivariance by utilizing spherical
harmonics for filter parameterization and Clebsch–Gordan
coefficients to couple features, which are represented as a
direct sum of SO(3) irreps. While in General E(2) - Equiv-
ariant Steerable CNNs (5) we generalize 2D convolutions
to be equivariant under E(2) rotations and reflections by
using steerable kernels, irreps decomposition, and linear
constraints.

Since the fundamental operations of such models are dif-
ferent from most others, they often require a training from
scratch which is lengthy and costly.

Frame Averaging (FA) also called Group Symmetrization,
or the Reynolds Operator, consist of averaging the model’s
output over the entire group G. For a non-equivariant model
p, an equivariant function f can be constructed by applying
the inverse transformation g−1 to the output:

f(x) =
1

|G|
∑
g∈G

ρout(g
−1)p (ρin(g) · x)

FA (8) forms the theoretical basis of Equi-Tuning (9), which
applies this operator to pretrained models in order to mini-
mize the L2 distance between the original and equivariant
features. Reynolds Operator is actually a special solution to
a constrained version of the theoretical optimization prob-
lem proposed in (9) (more details in App. C) While this
enables the use of any backbone, it also cause inference
costs to increase proportionally with the cardinality of the
group |G|. Moreover, for continuous group, such as SO(3),
exact solution are impossible therefore we requires Monte
Carlo approximation (10), which might introduce variance
and instability.

EquiAdapt addresses the limitations of both approaches by
decoupling the equivariance mechanism and avoiding the
architectural needs, thus treating the backbone as a black
box, while retaining efficiency by executing only a single
forward pass. However, while Equi-Tuning guarantees math-
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ematical universality and equivariance for discrete groups,
EquiAdapt only promises relaxed equivariance.

4.2. Equivariance with Learned Canonicalization (LC)

Underpinning the ’EquiAdapt’ approach is the paper (2) that
explored the idea of learning equivariance via canonicaliza-
tion functions.

LC solved intelligently some of the previous problems, but
has some core limitations that are addressed by PRLC, for
instance in (2) the LC and the backbone are trained jointly,
making the misalignment risk impossible to arise.

Here are some clear advantage of using a conditioning prior
such as in the presented paper (1):

Scalability because it enables the independent scalability
of the backbone, without the need to retrain it. For instance,
SAM is comprehensive of 641 million (11), which are not
modified while ”making it” equivariant.

Versatility the use of an external canonicalization network
makes it architecture agnostic, meaning that any specific or
desired architecture could be used for the backbone. The
authors tested ResNet50, ViT, MaskRCNN, PointNet, and
DGCNN. All these have different architectures.

Efficiency by using a canonicalization network we are likely
to add only a small overhead in inference time, with respect
to complex equivariant architectures and FA. In our paper
(1) were added only 0.3% of additional parameters (approx.
1.9M), with increased inference time by a modest 7.3%.

Obviously there are some core limitation to this approach
too:

Circular dependency since in order to work EquiAdapt
needs the canonicalization function c to be equivariant, then
the needs for an equivariant network has simply shifted, but
it didn’t disappear. We still relies on an equivariant network.

Transformation restrictions the EquiAdapt approach has
been applied for well defined equivariant architectures for
which enstablished transformation model exist: translation
(CNNs), rotation (G-CNN, E(2)-Steerable), and permuta-
tions (DeepSets). In particular, experiments were focused
on discrete rotations (C4, C8) for images and 3D rotations
(SO(3)) for point cloud. However, it has to be tested on
more complex transformations.

Expressivity bottleneck of the canonicalization function
highly influence the overall model performance, therefore
we might run the risk that its ability to canonicalize might
dictate overall task performance. This means that it might
requires bigger canonicalization network, falling back into
the circular dependency fallacy. For instance, in the COCO
dataset experiments using a simple G-CNN (0.2M parame-
ters) resulted in a mAP of 59.28, while the more expressive

G-WideResNet (1.9M parameters) improved mAP to 62.13
(1).

Training time using FA with 100 discretized rotation re-
quires approximately x100 times more at inference, it is
also true that there is no need to train an additional network,
since the FA’s backbone is frozen.

Overall, the EquiAdapt approach seem to have some core
advantages, but also some limitations, which might restrict
the span of application of this method.

4.3. Continuous groups

Handling continuous symmetries like 2D or 3D rotations
can cause significant complications on optimizaiton method-
ologies. Specifically, the authors reported that enforcing the
prior on continuous rotation, using Steerable E(2) networks,
was empirically difficult and led to optimization instabil-
ity (1). Some of the possible problem associated with this
might be:

Gradient variance estimating gradients on SO(3) often
suffers from high variance, leading to slow convergence.

Topological obstruction canonicalization on SO(3) is im-
possible for specific objects that have high symmetry, which
is why we allow for symmetry breaking, but at the same
time this lead to discontinuities in c(x) mapping.

Moreover, the term λ = N(sq)sp is fixed by the authors,
that reduces it to a parameter, but this only works for the
specific isotropic case. The computation of the (general)
matrix Fisher normalisation constant n(F) involves a hy-
pergeometric function which is computationally expensive
and numerically unstable to compute and differentiate (12).
This impair a broader generalisation of such approach for
continuous rotations.

4.4. Curie’s symmetry principle

Curie’s principle states that an equivariant function cannot
produce an output with less symmetry than its input.

In the paper ”Probing Equivariance and Symmetry Breaking
in Convolutional Networks” (13) the authors analyze the
joint invariance constraint where if X is your data and R
is your reference frame (pose), the model f(X,R) must
satisfy:

f(gX, gR) = f(X,R) ∀g ∈ G

because by providing R the pair (X,R) becomes asymmet-
ric allowing the network to produce specific, non-symmetric
outputs, while remaining globally equivariant.

The authors argue that standard invariant models suffer from
maximum effective pose entropy, which requires the use of
symmetry breaking, through explicit frame reference, to
distinguish semantically distinct but geometrically symmet-
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ric features. This is supported by the mode failure that is
possible to observe in (1), where naive LC result in poor per-
formance due to misalignment. The PRLC function as the
practical implementation of this symmetry breaking mech-
anism. Since by minimizing the KL diverge, EquiAdapt
effectively reduce pose entropy to zero.

While (13) internalizes these symmetry breaking in the ar-
chitecture of Rapidash by using geometric input features
and global frames, EquiAdapt decouples it through an equiv-
ariant canonicalization module. This difference seem to rein-
force the idea that symmetry breaking, specifically through
prior-regularized canonicalization, help to mantain align-
ment between the two networks.

4.5. EquiOptAdapt

A core limitation of PRLC is the circular dependency, where
in order to avoid larger equivariance network we rely on an
additional, yet smaller, equivariant architecture.

Some of the authors addressed this problem with the frame-
work EquiOptAdapt (14). They use the optimization ap-
proach propose in (2), where we try to minimize the dis-
tance (energy) between the input and the canonical sample
of the orbit: s (ρ(g),x)). Therefore, we can define a canon-
icalization function as:

c(x) ∈ arg min
ρ(g)∈ρ(G)

s (ρ(g),x) (9)

where s : ρ(G)×X −→ R can be a neural network and c(x)
is a subset of a coset of the stabilizer of x, so it respects eq.
4. Now the equivariance condition on s can be satisfied with
a non-equivariant function u : X −→ R, by defying:

s (ρ(g),x) = u
(
ρ(g)−1 · x

)
(10)

Therefore, for a discrete group G, we define canonicalization
as:

g∗ ∈ argmin
g∈G

u
(
ρ(g)−1 · x

)
(11)

where u(·) should allow for a unique minimum over the
orbit.

Rather than outputting scalars directly, the method learns u
through a neural network sθ(·) that outputs vectors for each
transformed input. Given a reference vector vR and temper-
ature τ , we can formulate a canonicalization distribution:

Pc(g | x) =
exp

(
vR · sθ(ρ(g)−1x)/τ

)∑
g′∈G exp

(
vR · sθ(ρ(g′)−1x)/τ

) (12)

where the canonical element is selected via argmaxg Pc(g |
x), implemented with a straight-through gradient estimator.
Intuitively, vR converts the high-dimensional embedding
vector into a scalar, while τ influence the sharpness and
decisiveness of the canonicalization process.

To prevent representation collapse and enforce distinct em-
beddings across orbit elements, the network is trained to
minimize a within-orbit similarity objective, which is effec-
tively a pairwise dot products:

LOpt = Ex∈D

 ∑
gi,gj∈G
gi ̸=gj

sθ(ρ(gi)
−1 · x) · sθ(ρ(gj)−1 · x)


(13)

where D is the training dataset. For fine-tuning or zero-
shot adaptation an identity prior regularizer is added. With
identity e, we formulate the loss as:

Lprior = −Ex∈Df
logPc(g = e | x), (14)

which encourage canonicalization alignment with the iden-
tity.

The results of (14) shows that this approach of training a
non-equivariant network to return a score which is then used
to determine the canonical transformation to be applied
has yield similar or exceeding result when compared to
EquiAdapt, both in image classification and segmentation
(point cloud was not tested). EquiOptAdapt closed also the
gap with baseline models on ID samples (Figs. 10, 11).
Additionally, it demonstrated faster converge to canonical
form (Fig. 9). Nevertheless, EquiOptAdapt was tested
exclusively on C4 transformation.

In conclusion, this method addresses the circular depen-
dency, increases versatility, improves efficiency, and reduces
training time. On the other hand, it still faces an expres-
sivity bottleneck, with a remaining performance gap on ID
samples (Tab. 1, (14)), and it is limited to a restricted set of
transformations, leaving its generalization to larger groups
still an open question.

4.6. Scientific Machine Learning (SciML)

The principles of EquiAdapt could be particularly useful,
where symmetries are fundamental physical law, because
we could combine the power of fundamental models (e.g.
Transformers) to solve complex problem while guaranteeing
their equivariant architecture mathematically. This wrap-
ping technique provides the necessary physical inductive
biases without the computational burden of redesigning and
training specialized equivariant layers throughout the entire
internal backbone.

The practical impact of this decoupling is notably evident
in E(3)-equivariant problems, like N-body dynamics pre-
diction (Sec. 5.2, (2)). In tasks that aim to predict future
positions of interacting particles, standard non-equivariant
Graph Neural Networks (GNNs) achieve a MSE of 0.0107.
In contrast, a learned canonicalization approach (CN-GNN)
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significantly reduces this error to 0.0043± 0.0001 (2), out-
performing architectures such as Tensor Field Networks
(0.0155) and SE(3) Transformers (0.0244).

Furthermore, EquiAdapt offers a scalable alternative to gen-
erative modeling frameworks like Action Matching (15). By
enforcing geometric symmetries such as SO(3) through an
external canonicalization network, we could ensure physical
generalization in point cloud tasks, where original imple-
mentations may lack such mathematical guarantee. This
allows researchers to use the high expressivity of state-of-
the-art models while ensuring the final output remains con-
sistent with physical symmetries.

5. Conclusion
This review discussed and analysed EquiAdapt, an ap-
proach that shifts from architectural equivariance to a frame-
work that decouples equivariance from prediction tasks via
learned canonicalization. Its main contribution is the canon-
icalization prior, which addresses both the alignment issue
and the excessive augmentation effect during training, en-
abling robust performance without sacrificing ID perfor-
mance. In comparison with architectural equivariance and
Equi-Tuning, or frame averaging, EquiAdapt seems to offer
good efficiency and equivariance guarantees by requiring
only a single forward pass at inference time and retaining
symmetry “control” through the canonicalizer. Nevertheless,
it still depends on an equivariant canonicalization network, it
has been tested on a limited set of transformations (discrete
rotations and point-cloud ones), and it reports optimization
difficulties for continuous rotations. Some of these limi-
tations were addressed by EquiOptAdapt, which enables
prior-regularized canonicalization even without an equiv-
ariant canonicalization network, but is again only explored
with a limited scope. Overall, EquiAdapt is a scalable di-
rection, particularly interesting for SciML, due to inherent
physical symmetry requirements and the possibility of avoid-
ing expensive retraining or architectural redesign at a time
where speed and GPU runtime matter.
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A. Original paper’s results
In this section of the appendix are reported images and tables from the original paper, which are relevant and indicative for
the analysis, as well as being cited in the report itself.

Figure 3. Fraction of images mapped to identity.

Figure 4. Distribution of angles output from canonicalization function in C8 for Learned Canonicalization for CIFAR10 before and after
training. We use indices on the x-axis instead of angle values to represent the corresponding multiple of 45 degrees . Frequency denotes
the number of images mapped to a particular multiple of 45 degrees.

Figure 5. Distribution of angles output from canonicalization function in C8 for Learned Canonicalization [30] with prior regularization
for CIFAR10 [31] before and after training. We use indices on the x-axis instead of angle values to represent the corresponding multiple
of 45 degrees. Frequency denotes the number of images mapped to a particular multiple of 45 degrees
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Figure 6. Performance comparison of large pretrained models finetuned on different vision datasets. Both classification accuracy and
G-averaged classification accuracies are reported. Acc refers to the accuracy on the original test set, and C8-Avg Acc refers to the
accuracy on the augmented test set obtained using the group G = C8. C8-Aug. refers to fine-tuning the pre-trained model with rotation
augmentations restricted to C8.

Figure 7. Zero-shot performance comparison of large pretrained segmentation models with and without trained canonicalization functions
on COCO 2017 dataset. Along with the number of parameters in canonicalization and prediction network, we report mAP and C4-
averaged mAP values. † indicates G-CNN and ‡ indicates a more expressive G-WRN for canonicalization.

Figure 8. Classification accuracy of different pointcloud models on the ModelNet40 dataset in different train/test scenarios and ShapeNet
Part segmentation mean IoUs over 16 categories in different train/test scenarios. x/y here stands for training with x augmentation and
testing with y augmentation. z here stands for aligned data augmented by random rotations around the vertical/z axis and SO(3) indicates
data augmented by random 3D rotations
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B. Mathematical Proofs
[TO ADD: proof eq. 6 prior loss for continuous rotation, canonicalization is respected for c(x), presentation images and
tables. Equi-Tuning (optimization stile format?) IMPORTANT

B.1. Equivariance of the canonicalization framework

Referring to 1 in the previous report, we will show equivariance, therefore that f(ρ(g) · x) = ρ′(g) · f(x), where f(x) is
defined in 1.

1. We take any rotation x′ = ρ(g) · x.

2. We substitute x′ into 1:

f(ρ(g) · x) = ρ′(c(ρ(g) · x)) · p
(
ρ
(
c(ρ(g) · x)−1

)
· (ρ(g) · x)

)
.

3. Given that c(x) is equivariant, i.e. c(ρ(g) · x) = ρ(g) · c(x), we substitute into the previous expression:

f(ρ(g) · x) = ρ′(ρ(g) · c(x)) · p
(
ρ
(
(ρ(g) · c(x))−1

)
· (ρ(g) · x)

)
.

4. We use (a · b)−1 = b−1 · a−1, hence

(ρ(g) · c(x))−1 = c(x)−1 · ρ(g)−1.

Substituting:
f(ρ(g) · x) = ρ′(ρ(g) · c(x)) · p

(
ρ
(
c(x)−1 · ρ(g)−1

)
· (ρ(g) · x)

)
.

5. For homomorphism of ρ, ρ(a · b) = ρ(a) · ρ(b), we obtain

ρ
(
c(x)−1 · ρ(g)−1

)
= ρ

(
c(x)−1

)
· ρ

(
ρ(g)−1

)
.

Therefore
f(ρ(g) · x) = ρ′(ρ(g) · c(x)) · p

(
ρ
(
c(x)−1

)
· ρ

(
ρ(g)−1

)
· (ρ(g) · x)

)
.

6. Notice that ρ
(
ρ(g)−1

)
· (ρ(g) · x) = x (the inverse action cancels the action). Hence the argument of p(·) simplifies to

ρ
(
c(x)−1

)
· x,

and we get
f(ρ(g) · x) = ρ′(ρ(g) · c(x)) · p

(
ρ
(
c(x)−1

)
· x

)
.

7. Finally, using that ρ′ is also a homomorphism (i.e. ρ′(a · b) = ρ′(a) · ρ′(b)), we can factor:

ρ′(ρ(g) · c(x)) = ρ′(g) · ρ′(c(x)) .

Substituting:
f(ρ(g) · x) = ρ′(g) · ρ′(c(x)) · p

(
ρ
(
c(x)−1

)
· x

)
.

8. By definition of f(x) in 1,
f(x) = ρ′(c(x)) · p

(
ρ
(
c(x)−1

)
· x

)
,

therefore
f(ρ(g) · x) = ρ′(g) · f(x),

which proves equivariance.
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B.2. Continuous rotations proposition proof

The cross-entropy is given by

ER∼q

[
log p

(
R | R̂p, sp

)]
=

∫
SO(n)

q
(
R | R̂q, sq

)
log p

(
R | R̂p, sp

)
dR, (8)

where dR is the invariant Haar measure on SO(n). Here we assume that it is scaled such that∫
SO(n)

dR = 1.

We obtain

ER∼q

[
log p

(
R | R̂p, sp

)]
=

∫
SO(n)

q
(
R | R̂q, sq

)(
sp Tr

[
R̂⊤

p R
]
− log c(sp)

)
dR, (9)

= sp Tr
(
R̂⊤

p ER∼q[R]
)
− log c(sp). (10)

From Theorem 2.2 and Lemma 2.2 of (? ), we have

ER∼q[R] =
d log c(sq)

dsq
R̂q. (11)

Therefore, we find

ER∼q

[
log p

(
R | R̂p, sp

)]
=

d log c(sq)

dsq
sp Tr

(
R̂⊤

p R̂q

)
− log c(sp), (12)

which completes the proof.
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C. Equi-Tuning
Equi-tuning is a procedure that converts a pretrained (generally non-equivariant) model into a model that is exactly
equivariant to a discrete group, while staying as close as possible to the pretrained features on all transformed versions of
the inputs.

C.1. Setup

Let M : X ⊂ Rn → Y ⊂ Rm be a pretrained model. Let G be a finite group acting on the input and output spaces via the
maps

ΓX : G×X → X, ΓY : G× Y → Y.

We write ΓX(g, x) = gx and ΓY (g, y) = gy when unambiguous. An equivariant model MG satisfies, for all g ∈ G and
x ∈ X ,

MG(gx) = gMG(x). (15)

C.2. Equi-tuning objective

Assume the dataset contains all transformations {gx : g ∈ G} for each x, meaning we have a complete orbits under G. The
goal is to construct an equivariant MG that preserves the pretrained representation of M across the orbit. This is formalized
by minimizing the discrepancy between pretrained features and the new model features over all group elements:

min
MG(x)

∑
g∈G

∥M(gx)−MG(gx)∥22 s.t. MG(gx) = gMG(x) ∀g ∈ G. (16)

To express the loss in a form that depends only on MG(x), use the equivariance constraint MG(gx) = gMG(x):

min
MG(x)

∑
g∈G

∥M(gx)− gMG(x)∥22 s.t. MG(gx) = gMG(x) ∀g ∈ G. (17)

If ΓY (g, ·) is an orthogonal (norm-preserving) action on Y (i.e., ∥gy∥2 = ∥y∥2), then applying g−1 inside the norm yields
the equivalent objective

min
MG(x)

∑
g∈G

∥∥g−1M(gx)−MG(x)
∥∥2
2

s.t. MG(gx) = gMG(x) ∀g ∈ G. (18)

C.3. Closed-form solution via Reynolds operator

A convenient way to solve (18) is to temporarily drop the equivariance constraint, yielding the unconstrained problem

min
z∈Y

∑
g∈G

∥ag(x)− z∥22 , ag(x) := g−1M(gx). (19)

This is a convex least-squares objective in z with unique minimizer given by the mean of the targets {ag(x)}g∈G:

MG(x) =
1

|G|
∑
g∈G

g−1M(gx). (20)

The operator in (20) is precisely the Reynolds operator (group averaging) applied to M .

C.4. Equivariance of the solution

Define MG by (20). Then MG is equivariant: for any h ∈ G,

MG(hx) =
1

|G|
∑
g∈G

g−1M(g(hx)) =
1

|G|
∑
g∈G

g−1M((gh)x). (21)

12
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Using the change of variables k = gh (a bijection on G since G is a group), we get

MG(hx) =
1

|G|
∑
k∈G

(kh−1)−1M(kx) =
1

|G|
∑
k∈G

h k−1M(kx) = hMG(x), (22)

which matches (15). Therefore the closed-form minimizer of the unconstrained problem is already feasible for the constrained
problem (18), and hence also solves it.

C.5. Interpretation

Equation (20) is projecting the pretrained model M onto the space of G-equivariant functions by averaging over the group
action. This preserves the pretrained knowledge in the sense that minimized the squared deviation from the pretrained
features across the full orbit while guaranteeing exact equivariance to G.

C.6. Implementation note

Computing (20) requires evaluating M(gx) for each g ∈ G and averaging the transformed outputs g−1(·). For finite G, this
is straightforward; practical implementations exploit structure in G (and batching) to reduce overhead.

13



Seminar: Selected Topics in Deep Learning - Equivariance & Dynamics

D. EquiOptAdapt
In this section are reported some of the relevant images and results related to the EquiOptAdapt implementation and testing.

Figure 9. Identity metric vs. Relative wall-time (in minutes). We define the identity metric as the percentage of input images mapped to
the identity group element e, which is our prior distribution Pc(x). This figure demonstrates that our EquiOptAdapt is able to learn the
prior faster than EquiAdapt.

Figure 10. Performance comparison of large pretrained models finetuned on different vision datasets. Both Accuracy (Acc) and C4-
Average Accuracy (C4-Avg Acc) are reported. Acc refers to the accuracy on the original test set, and C4-Avg Acc refers to the accuracy
on the augmented test set obtained using the group C4

Figure 11. Zero-shot performance comparison and inference times of large pretrained segmentation models with and without trained
canonicalization functions on the validation set of COCO 2017 dataset
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