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Figure 1. Visualization of the ViT [12] weights with our soft equivariance layer (w.r.t. 90→ rotation) under different softness levels, along
with the corresponding extracted features and the equivariance errors. Our tunable design allows the layers’ weights to transition smoothly
from perfectly equivariant to fully non-equivariant behavior in a controlled manner.

Abstract

Equivariance is a fundamental property in computer vision
models, yet strict equivariance is rarely satisfied in real-
world data, which can limit a model’s performance. Control-
ling the degree of equivariance is therefore desirable. We pro-
pose a general framework for constructing soft equivariant
models by projecting the model weights into a designed sub-
space. The method applies to any pre-trained architecture
and provides theoretical bounds on the induced equivariance
error. Empirically, we demonstrate the effectiveness of our
method across multiple pre-trained backbones, including ViT
and ResNet, for image classification, semantic segmentation,
and human-trajectory prediction. Notably, our approach
improves the performance while simultaneously reducing
equivariance error on the competitive ImageNet benchmark.

1. Introduction
A model is equivariant to a transformation if applying that
transformation to the input results in a predictable transfor-
mation at the output. Consider image segmentation: when an
object in an image is shifted, the predicted mask is expected
to shift by the same amount; this is known as shift equivari-
ance. Although designing models with built-in equivariance
has been well studied and shown to be effective in various

applications [8, 29, 45, 46, 49, 55, 63, 69], such architectures
remain uncommon in mainstream vision systems. In practice,
real-world data only approximately satisfies equivariance,
and strictly enforcing it can reduce a model’s expressiveness.

This led to the development of soft equivariant mod-
els, i.e., models that are only approximately equivariant.
Common approaches include augmentation [3, 57, 59] and
regularization-based methods [14, 28, 56]. However, these
techniques do not offer guarantees on a model’s equivariance
properties after training. Another direction [16, 53, 61, 62]
achieves soft equivariance by adding non-equivariant com-
ponents into equivariant models, providing a way to trade
off between expressiveness and equivariance. Nonetheless,
these methods still lack guarantees on the resulting equivari-
ance and rely on specialized architectural designs that cannot
be easily adapted from off-the-shelf models.

To address these challenges, we propose to construct soft-
equivariant models through a generalized notion of “blurring”
filters, which can be applied to any pre-trained model. This
is inspired by the special case of shift-invariance in con-
volutional neural networks (CNNs) by Zhang [76], where
anti-aliasing (blurring) filters are used to make CNNs more
invariant. Our approach extends this idea beyond shift equiv-
ariance to other groups and further provides a bound on the
equivariance error. This allows us to systematically tune
the trade-off between equivariance and expressiveness in a
principled manner; see illustration in Fig. 1.
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In our experiments, we first demonstrate the tunability
of the proposed soft equivariant models on small-scale im-
age classification. We then incorporate the proposed layer
into various pre-trained backbones, including ViT [12], DI-
NOv2 [43], ResNet [21], and Segformer [71] for image
classification (CIFAR10/100 [31], and ImageNet [11]) and
segmentation task (PASCAL VOC [15]). We demonstrate
that utilizing our soft equivariance layer further improves
the model’s performance and reduces equivariance errors.
Finally, we go beyond image tasks and evaluate our layers
on trajectory prediction [19] and a synthetic O(5)-invariant
regression problem [17]. Our main contributions:
• We introduce a novel framework for constructing soft

equivariant layers by restricting the parameters via projec-
tions, applicable to any pre-trained model.

• We derive bounds on the equivariance error, which guides
the design of the tunable soft equivariant layers, allowing
a controllable expressiveness-equivariance trade-off.

• Extensive experiments on three applications (classifica-
tion, segmentation, and trajectory prediction) and four
backbones demonstrate the practicality and effectiveness
of the proposed approach.

2. Related Work
Group equivariant architectures. Early work focused on
group convolutions [2, 8, 9], while subsequent research ex-
tended equivariance to broader architectures, including trans-
formers [4, 32, 60] and graph neural networks [13, 35, 36,
39, 42, 73]. Later developments generalized equivariance be-
yond rotation and translation [5, 51, 52, 76] to include permu-
tations [20, 50, 75], scaling [48, 58], and reflections [72]. Re-
cent works have explored ways to finetune pre-trained vision
models to be equivariant to specific transformations [1, 27].
Despite strong theoretical foundations, strict equivariance
assumptions are often misaligned with real-world data and
tasks, leading to suboptimal performance [66].
Soft equivariance. Several works address misalignment by
relaxing strict equivariance constraints. One line of research
softens the rigid structure of group convolutions by introduc-
ing additional parameters or input-dependent modulation of
the convolution operation [53, 54, 61, 64, 67]. Another line
employs loss-based regularization to encourage approximate
equivariance [14, 28]. Residual mixing between equivariant
and non-equivariant layers has also been explored, where the
mixing weights are learned from data [16, 61, 62].

Recently, there have been works aiming to learn the under-
lying group representations directly from data [40], relating
to broader efforts on discovering symmetries in data [74].
These techniques have been adopted to various applica-
tions [23, 26, 70]. However, these approaches are dependent
on group equivariant architectures [53, 61, 64, 67] or rely
on kernels defined directly on the symmetry group [54], thus
limiting their applicability to modern large-scale foundation

models. In contrast, our framework is architecture-agnostic.
While our approach shares conceptual similarities with Finzi
et al. [17], it generalizes the idea beyond exact equivariance,
integrates seamlessly with modern pre-trained vision models,
and provides explicit control over the level of equivariance.
Signal processing (SP). Traditional signal processing es-
tablishes a tight connection between low-pass filters, ban-
dlimited subspaces, and shift-invariance: a bandlimited sub-
space remains bandlimited under shifts [65]. Equivalently, a
low-pass (anti-aliasing) filter can be interpreted as a projec-
tion operator onto a shift-invariant bandlimited space. This
projection viewpoint has been generalized to graph signal
processing via the graph Laplacian [6, 7], extended to ar-
bitrary discrete groups [47], and recently adapted to image
generative models [78].

3. Preliminaries
For readers needing a refresher on the concept of groups, we
provide a review in Appendix Sec. B. Here, we will only
discuss the most essential background information.
A group G is a set with a binary operation that is closed,
associative, has an identity element e, and every element has
an inverse. The group representation ω : G → GL(V ) maps
group elements to linear transformations on a vector space
V , which describes the action of the group on V .
Lie algebra and Lie group. A Lie group G is a smooth man-
ifold whose multiplication and inversion maps are smooth.
The associated Lie algebra g is the tangent space at the
identity, equipped with the Lie bracket [·, ·] : g ↑ g → g
(bilinear, antisymmetric, and satisfying the Jacobi identity).
Let {A1, A2, . . . , AN} denote a basis of g, then any ele-
ment A ↓ g can be written as A =

∑N
i=1 aiAi with real

coefficients ai.
The exponential map exp : g → G connects the algebra

to the group. For a matrix Lie group and A ↓ g, this is given
by the matrix exponential

exp(tA) =

→∑

n=0

(tA)
n

n!
, (1)

where the real parameter t ↓ R controls the magnitude.
A group representation ω induces an Lie algebra represen-

tation dω : g → End(V ) by differentiation at the identity:

dω(A) =
d

dt
ω(exp(tA))

∣∣∣∣
t=0

, A ↓ g. (2)

Here, dω(A) is the infinitesimal generator describing the
first-order derivative action near the identity on V .
Generalized Taylor expansion. The Taylor approximation
of a smooth function h : R → R around x0 = 0 is given as
h(x) = h(0) + h

↑
(0)x + O(x

2
). This can be extended to

functions on a compact, connected Lie group f : G → R.
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Any g ↓ G can be expressed as g = exp(A) for A ↓ g. The
first-order Taylor approximation of f around the identity
element e, f(exp(

∑k
i=1 tiAi)) is:

f(e) +

k∑

i=1

ti
εf(exp(

∑
i tiAi))

εti

∣∣∣∣
t=0

+ O(↔A↔2
g), (3)

where ↔ · ↔g denotes the norm on the Lie algebra.
Equivariance. A function F : X → Y is equivariant with
respect to a group G if

F (ωX (g)x) = ωY(g)F (x) ↗g ↓ G, x ↓ X , (4)

where ωY and ωX are representations (group actions) of G on
X and Y , respectively. When ωY(g) = ωY(e) = I ↗g ↓ G,
then this is a special case called invariance.

4. Towards Soft Equivariant Networks
Soft equivariance can be viewed as a relaxation of the equal-
ity constraints (Eq. (4)) into inequality constraints, e.g., the
amount of violation measured in norm difference (a.k.a.
equivariance error):

↔F (ωX (g)x) ↘ ωY(g)F (x)↔ ≃ ϑ. (5)

This formulation has been considered in prior work [37, 40].
However, such a definition is sensitive to the scale of the
output F (x), making it difficult to interpret the significance
of the equivariance error ϑ. Hence, we propose a relative
notion of soft equivariance as follows:

Definition 1 (ϖ-Soft Equivariant). A function F is ϖ-soft
equivariant with respect to a group G if it satisfies:

↔F (ωX (g)x) ↘ ωY(g)F (x)↔
↔JF (x)↔F↔x↔

≃ ϖ, ↗g ↓ G,x ↓ X.

(6)
Here, JF (x) is the Jacobian of F at x, and ϖ ↓ R+ is the
soft equivariance constant. When ωY is the identity, then
we say F is ϖ-soft invariant.

Intuitively, the Jacobian ↔JF ↔ represents the scaling lo-
cally around x. Hence, Eq. (6) is measuring equivariance
relative to F ’s own local output variation, making ϖ easier to
interpret. To avoid degeneracy, we assume ↔JF (x)↔F > 0

and ↔x↔ > 0 for all x in the domain (see Sec. D.1 for details).
In the following, we will develop soft equivariant linear lay-
ers for both continuous and discrete groups. This is followed
by practical considerations and guidance on incorporating
them into pre-trained models.

4.1. Soft equivariance for continuous groups
We describe our proposed soft invariant/equivariance linear
layers for continuous groups. For readability, we present the

layer for a single generator and a single output channel.
Soft invariant fully connected layer. A fully connected
layer is defined as y = FFC(x; w) ↭ w↓x; here, we con-
sider x,w ↓ Rd. To achieve ϖ-soft invariance, we im-
pose a structure on w via a “blurring”/ projection operator
Binv ↓ Rd↔d, i.e.,

y ↭ (Binvϱ)
↓x, with w ↭ Binvϱ (7)

where ϱ ↓ Rd is the learnable parameter of the layer. This
projection operation is derived from the Lie algebra represen-
tation for a given group G. Let’s denote the singular value
decomposition (SVD) of the Lie algebra representation as

A ↭ dωX (A) = U!V ↓
, (8)

where singular values are sorted, i.e., 0 ≃ ς1 ≃ ς2 . . .

with corresponding left and right singular vectors ui and vi,
respectively. We design the projection operator

Binv ↭
∑

i:ωi<b

uiu
↓
i , (9)

where it filters out the components with a cut-off value
b ↓ R+. Intuitively, this projection operation removes the
directions that are highly affected by the group action.

We now formalize the soft invariance property of the
proposed layer in the following claim.
Claim 1. For any compact and connected Lie group G

with injective radius rG and nG number of generators,
the function FFC(x,Binvϱ) is ϖb-soft invariant, i.e.,

↔(Binvϱ)
↓x ↘ (Binvϱ)

↓
ωX (g)x↔

↔JFFC(·;w)(x)↔F↔x↔
≃ ϖb, ↗g ↓ G (10)

where ϖb = b
⇐
nGrG + φG, b ↓ R+ is the cut-off value

for the projection operator , and φG is the residual from
the first-order Taylor approximation.

Proof. We use the Taylor expansion in Eq. (3) to express the
invariance error in terms of the Lie algebra representation
dω. Next, we relate the contribution of each singular vector
of dω(A) to the overall invariance error. Finally, we show
that Binv bounds this error by constraining w to lie within
a subspace spanned by a selected subset of singular vectors.
See proof in Appendix E.1.

Claim 1 states that the invariance error is dependent on the
cut-off value b and other group properties rG and nG charac-
terizing the group’s size and complexity, e.g., for continuous
2D rotation, rG = ↼ and nG = 1.
Remarks. In the case of shift invariance, our construction
of Binv yields a blurring filter whose cut-off frequency is
determined by the degree of invariance. While Zhang [76]
empirically showed that anti-aliasing (blurring filters) im-
proves shift invariance in CNNs, our general framework
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provides a mathematical justification linking bandlimited
signals to shift invariance.
Multiple generators. For groups with multiple generators
{Ai}ki=1, we construct the combined projection operator
Binv by calculating the left singular vectors of the concate-
nated generators

A ↭ [dω(A1) | dω(A2) | . . . | dω(Ak)] . (11)

The rest of the design remains the same following Eq. (8)
and Eq. (9). See Appendix E.2 for proof.
Soft equivariant fully connected layer. A vector-valued
fully connected layer is defined as y = FFC(x; W ) ↭ Wx.
Here, we consider x ↓ Rd and W ↓ Rd→↔d. Similar to the
invariant layer, to achieve ϖ-soft equivariance, we impose a
structure on W via a projection operator Beq ↓ Rd·d→↔d·d→

as follows:

vec(W ) ↭ Beqϱ, (12)

where ϱ ↓ Rd·d→
is the learnable parameter of the layer and

vec is the vectorization operator that stacks the columns of
a matrix into a vector.

Next, the equivariance constraint in Eq. (4) involving the
input and output representations can be consolidated using
the Kronecker product [17, 24]. Similarly, we design a ma-
trix L using the Kronecker product of Lie algebra represen-
tations, which quantifies deviation from exact equivariance:

L ↭ (dωX (A)
↓ ⇒ Id→ ↘ Id ⇒ dωY(A)) ↓ Rd·d→↔d·d→

. (13)

Let the SVD of L be denoted as

L = U L
!
LV L↓

, (14)

where the singular values are sorted, i.e., 0 ≃ ς1 ≃ ς2 . . .

with corresponding left and right singular vectors uL
i and

vL
i , respectively. We propose the projection operator for

equivariance as

Beq ↭
∑

i:ωi<b

vL
i v

L
i
↓
, (15)

where it filters out the components with a cut-off value b ↓
R+. We now formally state the soft equivariance property
of this layer.
Claim 2. For any compact and connected Lie group G

with injective radius rG and nG generators, let W be
defined as in (12). Then FFC(x,W ) is ϖb-soft equivariant,
i.e.,

↔W ωX (g)x ↘ ωY(g)Wx↔
↔JFFC(·;W )(x)↔F ↔x↔

≃ ϖb, ↗ g ↓ G, (16)

where ϖb = b
⇐
nG d↑ rG + φG, b ↓ R+ is the cut-off

value of the projection operator Beq, d↑ is the output
dimension, φG is the residual from the first-order Taylor
approximation.

Proof. We use the Taylor expansion in Eq. (3) to express the
equivariance error in terms of the Lie algebra representation
dω. Using properties of the Kronecker product and singular
value decomposition, we separate the contribution of each
of the singular vectors in the equivariance error. Complete
proof in Appendix E.3.

Efficient design of soft equivariant layer. The compu-
tational complexity of performing the SVD on matrix L
in Eq. (14) is O((d · d↑

)
3
) for a parameter ϱ ↓ Rd·d→

. While
the SVD is precomputed only once per group G before train-
ing, it remains computationally expensive for large values
of d · d↑. To address this, we further propose an alternative
design using the Schur decomposition [24] with time com-
plexity of O(max(d, d

↑
)
3
) for a group whose Lie algebra

representations are normal matrices (commute with conju-
gate transpose), e.g., 2D or 3D rotations.

Denote the real Schur decomposition of dωX and dωY as

dωX = UX!X U↓
X and dωY = UY!YU↓

Y . (17)

As dωX and dωY are normal matrices, the !X and !Y are
block diagonal, i.e., !X = diag({Sk}pk=1) and !Y =

diag({Tl}ql=1), where {Sk}pk=1 and {Tl}ql=1 are sets of 1↑1

or 2↑ 2 Schur form blocks. The UX and UY are orthogonal
matrices.

Let ϱ be the learnable parameter and ” ↓ Rd→↔d
: X →

Y with vec(”) ↭ ϱ. We transform ” into the Schur basis:

”
↑
= U↓

Y ”UX (18)

Lemma 1. The weight matrix ” is equivariant if it satis-
fies the condition

!Y”
↑ ↘ ”

↑!X = 0 ⇑⇓ Tl”
↑
lk = ”

↑
lkSk ↗l, k, (19)

where ”
↑
lk are blocks of ”

↑ corresponding to the blocks
of !Y and !X of dimensions dim(Tl) ↑ dim(Sk).

Proof. We apply the change of basis using UX and UY to
the equivariance condition, which results in block diagonal-
ization of the Lie algebra representations. Complete proof
in Appendix E.4.

From Lemma 1, we are motivated to leverage the block-
wise diagonal structure in our design. Let the magnitude
of the maximum eigenvalue of Sk and Tl be ↽Sk and ↽Tl

respectively. We defined the Schur equivariance projection
BSchur as W ↑

= BSchur [”
↑
] with block-wise operation as

W ↑
lk =






0 if Tl ⇔↖ Sk,↽Sk + ↽Tl > b,

Sym(”↑
lk) if Tl ↖ Sk,↽Sk + ↽Tl > b,

”
↑
lk otherwise

(20)
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where b is the cut-off value, Tl ↖ Sk implies that Tl and
Sk have common eigenvalues (Tl ⇔↖ Sk otherwise). For any

2 ↑ 2 matrix ”
↑
lk =

(
a b

c d

)
, we define

Sym(”↑
lk) =

(
a+d
2

b↗c
2

↘ b↗c
2

a+d
2

)
. (21)

This form is based on the observation from the condition in
Lemma 1 that each block ”

↑
lk solves a Sylvester equation.

When Tl ⇔↖ Sk only zero matrix satisfies the condition [24].
When Tl ↖ Sk, by Schur’s Lemma [18], for 1 ↑ 1 blocks,
any unconstrained scalar satisfies the condition. For 2 ↑ 2

blocks, the solutions have the form
(

⇀ ⇁

↘⇁ ⇀

)
, ⇀,⇁ ↓ R, (22)

i.e., it has the weight symmetric form imposed by Sym(·).
Our proposed Schur projection eliminates the weight com-
ponents that break the equivariance condition, depending
on the cut-off value b. We now state the soft equivariance
bound.
Claim 3. For any Lie group G with normal Lie algebra
representations with injective radius rG and nG gener-
ators. Let W = UYBSchur [”

↑
] U↓

X , then the function
FFC(x,W ) is ϖb-soft equivariant

↔W ωX (g)x ↘ ωY(g)Wx↔
↔JFFC(·;W )(x)↔F↔x↔

≃ ϖb, ↗g ↓ G (23)

with ϖb = b
⇐
nGrG+φG, b is the cut-off value of the Schur

filter BSchur and φG is the residual from the first-order
Taylor approximation.

Proof. Complete proof in Appendix E.5. The proof follows
the same overall structure as the previous claims.

4.2. Soft equivariance for discrete groups
The projection design in Sec. 4.1 builds on the Lie group Tay-
lor expansion in Eq. (3) and its Lie algebra representation,
which do not apply to discrete groups. We extend this formu-
lation by introducing a group forward-difference operator,
the discrete analogue of the Lie-algebra representation, and
use it to derive the first-order Taylor expansion for discrete
groups.
Taylor approximation for discrete groups. For a finite
discrete group G with generating set S (reviewed in Ap-
pendix B), we defined the forward difference operator #s as
action of function f : G → R along generator s ↓ S as

#sf(g) = f(sg) ↘ f(g), ↗g ↓ G. (24)

Using the forward difference operator, we can state the
first-order Taylor approximation for discrete groups as fol-
lows:

Lemma 2. Let G be a finite discrete group with generat-
ing set S = {s1, . . . , sk}, and f : G → R be h-Lipschitz
with respect to the word metric dS, then the first-order Tay-
lor approximation of f at the identity element e defined as
f̂(g) ↭ f(e) +

∑k
i=1 nsi #sif(e) satisfies the following

point-wise error bound:
∣∣∣f(g) ↘ f̂(g)

∣∣∣ ≃ 2h · dS(e, g), (25)

where nsi number of occurrence of si in the canonical
word representation of g.

Proof. The error |f(g) ↘ f̂(g)| decomposes into two terms
via the triangle inequality: the global displacement |f(g) ↘
f(e)| and contribution of each generators

∑
i ni|#sif(e)|.

Each term is then bounded using the h-Lipschitz condition.
The complete proof is in Appendix E.6.

With Taylor approximations for discrete groups, the pre-
viously introduced designs can be extended to a discrete
group by replacing the Lie algebra representation dω with
the forward difference operator #s.

4.3. Soft equivariant layers in practice
The proposed soft equivariant/invariant layers can be seam-
lessly integrated into existing architectures, whether pre-
trained or trained from scratch, without introducing addi-
tional learnable parameters.
Integration into existing architectures. For vision mod-
els, we incorporate soft equivariant and invariant layers to
improve consistency under spatial transformations. These
layers are applied to operations defined on structured grids,
e.g., convolution, patch embedding, positional encoding, and
fully connected layers over flattened grids. The point-wise
non-linearities (e.g., ReLU) are equivariant by design. For
other modalities, such as 2D/3D point clouds or geometric
inputs (e.g., velocity or flow direction), we apply the soft
equivariant and invariant layers to the fully connected layers
operating on point features.
Softness control. The degree of softness is controlled by
the cut-off value b in the projection operator Binv and Beq.
A smaller b results in a stronger bias towards equivariance,
while a larger b allows for more flexibility at the cost of
increased equivariance error. In practice, we treat b as a
hyperparameter that can be tuned based on validation perfor-
mance or specific requirements of the task at hand.

We defer the multi-generator equivariant layer design,
smooth cut-off with soft threshold, and additional implemen-
tation details to Appendix C.

5. Experiments
We empirically validate the effectiveness of our soft equiv-
ariance method. In Sec. 5.1, we demonstrate the ability

17697



Results on Rotations G̃1

Results on Roto-Reflection G̃2

Figure 2. Tunable softness results (cAcc & iErr). Compared to
RPP, ours achieves comparable performance with better iErr across
two groups.

to control a model’s equivariance error. Next, we show
that our method can adapt pre-trained vision models to im-
prove their equivariance consistency and performance in
image classification (Sec. 5.2) and semantic segmentation
(Sec. 5.3). We also showcase an application on human trajec-
tory prediction (Sec. 5.4). For experiments in Sec. 5.2, 5.3
and 5.4, we focus on 2D rotation equivariance following
prior works [16, 27, 41].

5.1. Validating tunable softness level

Experiment setup. We aim to demonstrate the tunability of
our soft equivariance approach. We evaluate on the MNIST
classification dataset [33]. All the models here are trained
from scratch. Our model and RPP are trained with varying
rotation equivariance ‘softness’ ↓ [0, 1), where ‘softness’ of
1 corresponds to a non-equivariant model and 0 to a fully
equivariant model. The ‘softness’ value controls the fraction
of the total number of basis vectors in the projection operator
by adjusting the cutoff value b. See Appendix G for details.
Evaluation metric. We report the following metrics:
• Test accuracy (Acc): The standard test set’s accuracy.
• Augmented test accuracy (aAcc): Accuracy evaluated on

augmented test samples, where augmentations are uni-
formly drawn from an augmented set G̃, a subset of the
group G to which the model is designed to be equivariant.

• Combined accuracy (cAcc): To have a single metric, we
report the geometric mean between Acc and aAcc.

cAcc ↭ (Acc · aAcc)1/2. (26)

• Invariance error (iErr): As the classifiers output probabili-
ties, we use the KL divergence to measure the invariance
error, i.e.,

iErr ↭ Ex↘D,g↘G̃KL
[
F (x) ↔ F (ω(g)x)

]
. (27)

In this experiment, we consider two groups: rotations and
roto-reflections to design the models. For evaluation, the
augmented set for rotations is G̃1, which consists of rotations
within ±60

≃, while for the roto-reflection group it is G̃2,
which includes the same range of rotations plus reflections.
Baseline. We compare with the residual-based soft equiv-
ariance method (RPP) [16]. This approach starts from an
equivariant model and introduces a non-equivariant branch
through residual connections, roughly doubling the model
size. For tunability, we incorporate a scalar parameter on
their residual path to balance between equivariance and non-
equivariance.
Results. In Fig. 2, we observe that for both the rotation and
the roto-reflection group, on different degrees of softness of
equivariance, our method has lower invariance error (iErr)
while maintaining higher combined accuracy (cAcc). We
also observe that RPP has a worse trade-off between accuracy
and invariance error compared to ours.

5.2. Image classification
We demonstrate that our proposed method can be effectively
incorporated into pre-trained models through fine-tuning.
Setup. We evaluate on CIFAR10/100 [31] and ImageNet-
1K [11]. For pre-trained backbones, we use models from
PyTorch Image Models [68], including ViT-B/16 [12],
DINOv2-Base [25, 43], and ResNet-50 [21]. For CIFAR-
10/100, the classification head is replaced to match the num-
ber of classes, and the image is interpolated to match the
expected input size of the pre-trained model. While for
ImageNet-1K, we fine-tune the released models without
modification.
Evaluation metric. We follow the same metrics of Acc,
aAcc, cAcc, and iErr as described in Sec. 5.1. The main
results are reported with the augmentation set G̃ that consists
of rotations between ±30

≃. We also report on ±15
≃
, 45

≃
,

and 60
≃.

Baselines. Alongside the original model (Base) for which
we applied our method, we also compare against the canon-
icalizer (Canon.) baseline [41]. An equivariant network is
used to predict the group element that standardizes the im-
age before passing it to the base model. Building on prior
work, we employ discrete rotations to construct the mod-
els [9, 27, 41]. Note that ResEq [16]’s method builds on
top of an equivariant model, so we are unable to adapt a
non-equivariant backbone.
CIFAR10/100 results. In Tab. 1, we present the results on
CIFAR10 and CIFAR100. We observe that Ours achieves
the best overall performance across CIFAR10/100 and all
backbones (ViT, DINOv2, ResNet-50). In every setting,
Ours consistently improves both aAcc and cAcc, and reduces
iErr relative to the Base model. While Canon. achieved a
smaller iErr for DINOv2 or ResNet-50, it does so with a
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Table 1. Performance on CIFAR10 and CIFAR100 across various backbones. Acc(!) is top-1 accuracy with ! vs. Base; aAcc is
accuracy under augmentation; cAcc is the combined accuracy; iErr is invariance error (→10↑2, lower is better). We observe that Ours offers
a strong performance while maintaining low invariance error.

Arch. ViT [12] DINOv2 [43] ResNet-50 [21]
Acc(!)↑ aAcc↑ cAcc↑ iErr↓ Acc(!)↑ aAcc↑ cAcc↑ iErr↓ Acc(!)↑ aAcc↑ cAcc↑ iErr↓

C
IF

A
R

10 Base 97.79(00.00) 96.62 97.20 07.21 98.81(00.00) 97.27 98.04 08.16 96.32(00.00) 91.15 93.70 27.29
Canon. 93.23(-04.56) 92.62 92.92 10.97 97.16(-01.65) 96.88 97.02 05.58 91.11(-05.21) 90.66 90.89 10.32
Ours 97.79(00.00) 96.69 97.24 07.02 98.82(00.01) 97.43 98.12 07.03 96.61(00.29) 91.28 93.91 24.20

C
IF

A
R

10
0 Base 86.36(00.00) 84.09 85.22 23.81 91.01(00.00) 85.52 88.22 43.02 83.10(00.00) 73.73 78.28 59.36

Canon. 78.42(-07.94) 76.83 77.62 24.55 84.39(-06.62) 83.66 84.02 20.86 72.90(-10.20) 72.11 72.50 19.07
Ours 86.60(00.24) 84.13 85.36 23.80 91.03(00.02) 86.81 88.90 35.17 83.30(00.20) 74.27 78.66 58.50

Table 2. ImageNet results with various backbones. Acc(!) is top-1 accuracy with ! vs. Base; aAcc is accuracy under augmentation;
cAcc is the combined accuracy; iErr is invariance error (→10↑2, lower is better).

Arch. ViT [12] DINOv2 [43] ResNet-50 [21]
Acc(!)↑ aAcc↑ cAcc↑ iErr↓ Acc(!)↑ aAcc↑ cAcc↑ iErr↓ Acc(!)↑ aAcc↑ cAcc↑ iErr↓

Base 81.67(00.00) 77.29 79.40 00.36 84.27(00.00) 82.82 83.52 00.13 77.91(00.00) 75.12 76.48 00.24
Canon. 76.51(-05.16) 75.81 76.15 00.15 83.22(-01.06) 82.54 82.87 00.07 72.07(-05.84) 70.89 71.46 00.24
Ours 82.28(00.61) 80.56 81.40 00.15 85.31(01.04) 84.44 84.87 00.05 77.96(00.06) 75.52 76.72 00.11

Table 3. Aug. accuracy (aAcc) with various angles on ImageNet.

Arch. ViT [12] DINOv2 [43] ResNet-50 [21]
15

≃
45

≃
60

≃
15

≃
45

≃
60

≃
15

≃
45

≃
60

≃

Base 79.04 74.83 72.66 83.63 81.78 80.37 75.77 73.42 70.70
Canon. 75.91 76.01 75.92 82.57 82.57 82.42 70.93 71.01 70.78
Ours 81.23 79.36 77.55 84.80 84.08 82.74 76.47 73.70 71.27

substantial drop, roughly 5 to 9%, in performance. We
note that Canon. does not achieve zero invariance error
due to boundary effects under rotation. When rotating an
image, corner pixels move outside the field of view, and
these missing pixels can change the canonicalizer prediction.
ImageNet results. Tab. 2 shows results on ImageNet. As in
the CIFAR experiments, we observe that Ours is best across
all backbones on ImageNet, both in terms of accuracy and
invariance error. Ours achieved the best aAcc and cAcc
in every case. At the same time, it matches or improves
the invariance error (iErr), tying the best with ViT and out-
performing DINOv2 and ResNet. In this case, there is no
trade-off between performance and invariance, i.e., Ours
improves both simultaneously. Finally, in Tab. 3 we report
additional experiments on different ranges of rotation an-
gles. As expected, the performance generally drops when a
larger degree of rotation is used. In general, the same trend
in Tab. 2 holds for Ours.

5.3. Semantic segmentation

Setup. We report on the PASCAL VOC (2012) dataset [15],
which comprises 21 object classes for semantic segmenta-
tion. For the pretrained backbones, we choose ViT [12],
DINOv2 [43] and SegFormer [71] (trained on the ADE20K
dataset [77]). Following the linear probing experiment in
DINOv2, we add a linear classification head on top of fea-

tures extracted from ViT and DINOv2. For SegFormer, we
replace the output head to match the number of classes.
Evaluation metrics. We report the standard mean Intersec-
tion over Union (mIoU). Analogous to the image classifica-
tion setting, we report mIoU on the augmented set (aIoU)
and the combined mIoU (cIoU). As segmentation models F
are equivariant, we report the equivariance error (eErr):

E(u,v),x,g↘G̃KL
[
F (ωX (g)x)[u, v] ↔ ωY(g)F (x)[u, v]

]
, (28)

where (u, v) indexes the set of valid pixels, excluding those
that go out of bounds after rotation. A lower eErr. indicates
the model is more consistent in its prediction under the aug-
mentation. We study G̃ consisting of ±30

≃ degree rotations.
Note, larger rotation leads to significant boundary issues for
segmentation, which are less meaningful to study.
Baselines. Same as in the classification experiment, we
compare with the Base model, and with the Canonicalization-
based approach [41].
Results. Tab. 4 shows segmentation results. Our method
improves aIoU, cIoU, and reduces eErr across all settings.
For ViT and SegFormer, there is an increase in mIoU, and
a mild drop for DINOv2. In contrast, the Canon. baseline
reduces mIoU significantly and worsens consistency. We
found that the canonicalizer was unable to effectively predict
the rotation. In summary, our method offers a better, or even
no, trade-off between performance and equivariance error.

5.4. Human trajectory prediction

Setup. Beyond image-based tasks, we evaluate our method
on human trajectory prediction using the ETH [44] and
UCY [34] datasets, which together comprise five scenes
(ETH, Hotel, Zara1, Zara2, and Univ) with varying crowd
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Table 4. Segmentation Performance on PASCAL VOC [15]. mIoU (!) is the mean intersection over union with ! vs. Base; aIoU is the
augmented mIoU; cIoU is the combined mIoU; eErr is equivariance error (→10↑2, lower is better.)

Arch. ViT [12] DINOv2 [43] SegFormer [71]
mIoU(!)↑ aIoU↑ cIoU↑ eErr↓ mIoU(!)↑ aIoU↑ cIoU↑ eErr↓ mIoU(!)↑ aIoU↑ cIoU↑ eErr↓

Base 73.40(00.00) 70.09 71.73 12.31 89.57(00.00) 88.10 88.83 04.06 65.34(00.00) 61.17 63.22 11.03
Canon. 65.36(-08.03) 61.93 63.62 20.39 83.48(-06.09) 82.73 83.11 44.93 57.50(-07.84) 55.23 56.36 24.82
Ours 74.78(01.38) 71.61 73.18 11.12 89.48(-00.09) 88.70 89.09 03.70 66.34(00.99) 62.52 64.40 10.64

Table 5. Prediction Error on Human Trajectory Datasets. cADE and cFDE are combined metrics. eErr is equivariance error in →10↑2.

Scenes ETH UNIV ZARA1 ZARA2 HOTEL
cADE↓ cFDE↓ eErr↓ cADE↓ cFDE↓ eErr↓ cADE↓ cFDE↓ eErr↓ cADE↓ cFDE↓ eErr↓ cADE↓ cFDE↓ eErr↓

Base [19] 4.73 6.15 1.68 7.91 8.16 0.73 3.61 4.68 1.14 3.17 3.79 1.17 5.84 6.67 2.50
EqAuto [10] 5.40 7.33 0.00 8.16 8.33 0.00 3.66 4.98 0.00 2.94 3.63 0.00 6.16 6.78 0.00
Ours 4.58 6.23 1.42 7.85 8.07 0.69 3.40 4.67 0.39 2.91 3.60 0.24 5.69 6.26 0.41

Table 6. Runtime (s) of Schur vs. SVD to compute the projection
operator across input sizes.

Size 4!4 6!6 8!8 10!10 12!12 14!14
SVD 1.7·10

↗1
5.0·10

↗1
1.0·10

1
4.5·10

1
2.8·10

2
8.9·10

2

Schur 4.0·10↗3 1.0·10↗2 2·10↗2 5·10↗2 1.3·10↗1 2.5·10↗1

densities. The task predicts the next 10 time steps of pedes-
trian positions y given the past 10 time steps x, where each
position is represented by 2D coordinates.
Evaluation metrics. Following prior work [19], we report
standard performance metrics of the Average Displacement
Error (ADE) and Final Displacement Error (FDE) to quan-
tify performance. As with the other tasks, we report the
augmented metrics (aADE, aFDE). For the combined met-
rics (cADE, cFDE), as these are no longer probabilities, we
directly combine the standard and augmented metrics with
their average.

Next, for equivariance error, as the output y is 2D coordi-
nates, we use the ,2-loss to capture differences, i.e., eErr is
defined as:

Ex↘D,g↘G̃ ↔F (ωX (g)x) ↘ ωY(g)F (x)↔2 , (29)

where D is the test set and G̃ consists of ±30
≃ rotations.

Baselines. We adopt the autoregressive transformer model
by Giuliari et al. [19] as our base architecture (Base) and
apply our proposed method (Ours) on top of it. We also com-
pare against an equivariant baseline (EqAuto), an equivariant
autoregressive transformer based on vector neurons [10]. We
adopt continuous rotation to design the models.
Results. In Tab. 5, we report the quantitative metrics. Our
method outperforms both the standard and equivariant trans-
former baselines in terms of cADE and cFDE across most
scenes. We observe that EqAuto with full equivariance does
not necessarily lead to better performance. Our approach
achieves the best cADE and cFDE on four of the scenes.

Table 7. Hard vs. Soft threshold performance for image seg-
mentation on PASCAL VOC [15].

Hard Threshold Soft Threshold
mIoU↑ aIoU↑ cIoU↑ eErr↓ mIoU↑ aIoU↑ cIoU↑ eErr↓
73.92 69.70 71.78 11.74 74.78 71.61 73.18 11.12

5.5. Ablation studies

Schur decomposition vs. SVD. The runtime comparison
between Schur decomposition and SVD is reported in Tab. 6.
We observe that the cost of constructing the projection op-
erator via SVD grows rapidly, reaching nearly 15 minutes
for an input size of 14 ↑ 14. In contrast, the Schur-based
operator requires less than one second.
Hard threshold vs. smooth cut-off in projection. In Tab. 7,
we provide the ablation results comparing the hard vs.
smooth thresholding method. The experiment follows the
same setup as in the segmentation experiment using the ViT
backbone. We observe that using the smooth cut-off in pro-
jection leads to improved performance (mIoU, aIoU, cIoU)
and lower equivariance error (eErr). We defer additional
results and ablations to the Appendix F.

6. Conclusion
We propose a principled framework for designing soft in-
variant and equivariant layers with tunable and theoretically
bounded equivariance error. This enables the creation of a
family of layers with controllable softness levels. Our layer
can be used to adapt existing non-equivariant pre-trained
models to soft-equivariant ones. Extensive experiments on
image classification, segmentation, trajectory prediction, and
synthetic O(5) invariant tasks demonstrate that our approach
improves task performance while reducing equivariance er-
ror. Notably, our method achieves gains on the competitive
ImageNet benchmark. Overall, our framework provides a
practical solution for incorporating soft equivariance into
modern vision systems with guarantees.
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