
Quick ViTs: Speeding up Vision Transformers
through Equivariance

David Nordström1, Johan Edstedt2, Fredrik Kahl1, and Georg Bökman3

1 Chalmers University of Technology
2 Linköping University

3 University of Amsterdam
https://github.com/davnords/octic-vits

Abstract. Natural images exhibit strong geometric regularities: local
structures, such as edges, corners, and textures, appear in many orienta-
tions and mirror configurations. Since Vision Transformers (ViTs) operate
on square image patches, these transformations naturally correspond to
the dihedral symmetry group D8, also known as the octic group. Recent
work has shown that ViTs can be made reflection equivariant and more
e!cient than standard ViTs simultaneously by implementing the linear
layers in the Fourier domain of the reflection group. In this work, we
extend the equivariance to reflections and rotations and analyze the
scalability of the resulting networks. Our Quick ViTs, based on octic
equivariant linear layers, achieve 5.33x reductions in FLOPs and up to 8x
reductions in memory compared to ordinary linear layers. By analyzing
the arithmetic intensity of these layers, we identify theoretical limits on
how much the FLOP savings translate into throughput improvements on
modern GPUs. However, these limitations disappear as the embedding
dimensions increase. Enabled by their computational e!ciency, we con-
duct a broader empirical evaluation of equivariant ViTs than in previous
work. Upon training supervised (DeiT-III) and self-supervised (DINOv2)
on ImageNet-1K, we find that our Quick ViTs match or exceed baseline
accuracy while at the same time providing substantial e!ciency gains.

Keywords: Equivariance · Vision Transformer · E!ciency

1 Introduction

In the pursuit of flexible yet scalable models, Vision Transformers (ViTs) [22] have
emerged as the dominant architecture in modern computer vision. While ViTs are
sometimes heralded as having minimal inductive biases, one key to their success
is the construction of visual tokens from image patches and the weight-sharing
over the tokens implemented by transformer layers. This weight-sharing ensures
permutation equivariance and yields better performing models than allowing
arbitrary interactions over tokens [5].

In general, equivariance can provide a powerful inductive bias in neural net-
works by enforcing structured responses to transformations such as permutations,
translations, rotations, or reflections. However, implementations of equivariant
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Fig. 1: Computational savings. Using our equivariant layers in ViTs significantly
reduces the computational complexity without sacrificing accuracy on ImageNet-1K, for
both supervised and self-supervised training. Detailed results can be found in Section 5.

networks often lack in computational e!ciency compared to non-equivariant coun-
terparts [35], limiting their popularity in large scale settings. The permutation
equivariance in transformers is a clear exception to this rule, as it instead improves
the computational e!ciency of the model. Recent work has furthermore demon-
strated how equivariance under reflections can be implemented e!ciently in ViTs,
obtaining equivariant ViTs that are more computationally e!cient than standard
ViTs [11]. In this work, we extend the equivariance to rotations and reflections
and introduce Quick ViTs, a family of computationally e!cient equivariant vision
transformers. Our central observation is that implementing equivariance in the
Fourier domain of the symmetry group allows the linear layers to be computed
significantly more e!ciently. While [11] only present proof-of-concept experiments,
we provide a more extensive evaluation using a self-supervised DINOv2 pipeline
and evaluating on both segmentation and classification. We find that rotation
and reflection equivariant layers can e"ectively preserve or improve performance
of baseline models while requiring significantly fewer FLOPs, see Figure 1.

The analysis of computational complexity in [11] is limited to counting FLOPs.
We also consider the arithmetic intensity of the equivariant layers, which is crucial
to obtain optimal GPU throughput. The analysis of arithmetic intensity shows
how the combination of hardware and datatype determines how much of the
reduction in FLOPs can be expected to translate into throughput improvements.

In summary, our contributions are as follows:
(a) We introduce Quick ViTs, a family of vision transformers with octic equivari-

ant layers (Section 3). We propose two variants that are either fully equivariant
(I8) or break equivariance in late layers of the network (H8). The equivariant
linear layers use 5.33 times fewer FLOPs and 8 times less memory per feature
dimension than ordinary linear layers.

(b) We analyze the arithmetic intensity of the equivariant linear layers and relate
this analysis to the observed throughput improvements (Section 4).

(c) We demonstrate empirically that our ViTs can be integrated with state-of-
the-art training recipes (DeiT III and DINOv2) without re-tuning hyperpa-
rameters (Section 5). We achieve a 40% FLOP saving with our I8(ViT-H)

and H8(ViT-H) models while matching baseline performance (Figure 1).
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(d) We study the e"ects of di"erent invariantization methods including symmetry
breaking and varying number of equivariant layers (Section 5.3). These
ablations help guide future research on equivariant architectures at scale.
Our approach seamlessly integrates into existing ViT architectures and leads

to significant gains in throughput and memory e!ciency, without sacrificing
accuracy. In addition to introducing new state-of-the-art ViTs, from a broader
perspective, our contributions give clear evidence that equivariance can matter
at scale, which has been a subject of debate in recent literature [1, 11,12,60].

2 Related Work

Vision Transformers. The ViT was introduced by [22] and has subsequently
achieved state-of-the-art results in many domains of computer vision [14,23,34,40,
46,58]. Significant e"orts have been made to scale ViTs [19,64], alongside strategies
to do so e!ciently [2]. Our approach to making ViTs faster via equivariance
is orthogonal to other approaches such as pruning or quantizing. We view it
as interesting future work to combine our method with such other e!ciency
improvements.

Equivariant Networks. The equivariance of CNNs to (cyclic) image transla-
tions can be extended to incorporate larger symmetry groups such as rotations and
reflections, as shown by [15,21] using Group Equivariant CNNs (G-CNNs). [16,61]
generalized G-CNNs to steerable CNNs, where the features transform according
to general group representations. Our ViTs can be seen as a more scalable ViT
analogue of the octic steerable CNNs by [16]. There have also been prior e"orts
on attention- and transformer-based equivariant architectures, for both point
clouds [3, 26, 30,38] and, more closely to ours, images [37,48,49,63]. Even when
equivariance is not explicitly built into the architecture, neural networks may
still learn approximately equivariant representations when trained on data with
the corresponding symmetries [10]. However, these prior works do not obtain
computational benefits over non-equivariant networks, in contrast to our ViTs.

Our work is part of an ongoing research direction of studying and improving
the scalability of equivariant networks [6,7,12,43,56]. Prior work in this direction
mostly focuses on point cloud data, with the notable exception of [28] and [11]
who consider images. [28] increase the computational e!ciency of G-CNNs but
in contrast to our work do not achieve benefits over standard networks.

Directly inspiring our work, [11] demonstrate that incorporating reflection
equivariance into modern image classifiers increases computational e!ciency while
maintaining classification performance. In this work, we use both rotation and
reflection equivariance, to obtain larger computational savings. We evaluate our
equivariant ViTs on a larger set of tasks than prior literature on equivariant image
models and we extend the analysis of computational e!ciency from counting
FLOPs to looking at arithmetic intensity. We also analyze the optimal number
of equivariant layers and invariantization.
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3 Method

In this section, we explain the construction of rotation and reflection equivariant
ViT layers. We begin with preliminaries in Section 3.1, followed by the introduction
of equivariant ViTs in Section 3.2, specifics of the transformer layers in Section 3.3.
We summarize the most important notation at the end of Section 3.1.

3.1 Preliminaries on Octic Equivariance

In this work, we focus on the dihedral group with eight elements,

D8 = {e, r, r2, r3, s, sr, sr2, sr3}, (1)

such that r4 = s2 = e is the identity element and r3 = srs.4 D8 acts on images
by horizontal reflections s and 90

→ anti-clockwise rotations r (the reflection axis
and rotation direction are arbitrary choices). D8 is also called the octic group,
and we opt for this shorter name throughout. We discuss the generalization to
larger dihedral groups in Appendix C.

In equivariant network layers, we need to keep track how the output trans-
forms when the input transforms under D8. As mentioned in the introduction,
transformer layers are generally equivariant under permutations of the tokens.
When we reflect and rotate an image, the image patches get permuted but also
reflected and rotated. In our equivariant ViTs, we will specify a transformation of
the channel dimension of the visual tokens that should correspond to the internal
reflections/rotations of the image patches. Then we will construct our layers such
that they preserve equivariance with respect to both permutations (obtained
by default in token-wise transformer layers) as well as the additional internal
transformation, and the internal transformation will be formalized using a real
group representation of D8 as explained next.

In our setting, a real group representation is a vector space Rn equipped with
a group homomorphism ω from D8 to the group of n → n invertible real matrices.
In other words for every g ↑ D8, ω(g) is an invertible matrix and for every
g, h ↑ D8, ω(gh) = ω(g)ω(h). ω specifies how a vector in Rn transforms under D8.
There are only a few di"erent representations of D8 used in this work, we list
them below as examples. Finally, it is worth mentioning that all representations
considered here are orthogonal, i.e., satisfy ω(g)↑1

= ω(g)T.
The atomic building blocks of group representations are the so-called irre-

ducible representations.

Example 1 (Irreducible representations). The five irreducible representations,
short irreps, of D8 are defined by

ωA1(r) = ωA1(s) = 1; ωA2(r) = 1, ωA2(s) = ↓1;

ωB1(r) = ↓1, ωB1(s) = 1; ωB2(r) = ωB2(s) = ↓1;

and ωE(r) =

(
0 ↓1

1 0

)
, ωE(s) =

(
↓1 0

0 1

)
.

(2)

4 The reader is cautioned that D8 is sometimes alternatively denoted D4.
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We use the same notation as the original work on steerable CNNs [16] for
these irreps, but choose a di"erent basis for ωE . It is known from elementary
representation theory that any representation of D8 can be decomposed into
irreps as

ω(g) = Q
(⊕

i↓{A1,A2,B1,B2,E} miωi(g)
)
Q↑1 (3)

where ↔ denotes direct sum of representations, or stacking matrices in a block
diagonal, and we write miωi(g) for ↔’ing ωi(g) with itself mi times. Here Q is an
invertible matrix and the mi are integers specifying the multiplicity of each irrep.

Example 2 (Regular representation). The regular representation ωreg can be
thought of as D8 acting canonically on the vector space of functions ε : D8 ↗ R:

[ωreg(g)ε] (h) = ε(g↑1h). (4)

We identify each ε : D8 ↗ R with the vector
(
ε(e) ε(r3) ε(r2) ε(r) ε(s) ε(sr3) ε(sr2) ε(sr)

)T
↑ R8 (5)

so that ωreg(g) can be written as a permutation matrix. Importantly, ωreg com-
mutes with pointwise activation functions such as GELU [29].

Example 3 (Isotypical decomposition / Fourier transform). The regular represen-
tation ωreg can be block-diagonalized to its isotypical decomposition ωiso through
(3) as ωreg(g) = Qregωiso(g)Q↑1

reg
with

ωiso(g) = ωA1(g) ↔ ωA2(g) ↔ ωB1(g) ↔ ωB2(g) ↔ 2ωE(g). (6)

The change of basis Qreg (written out in full in Section A) is the inverse Fourier
transform of D8, with Q↑1

reg
= QT

reg
being the Fourier transform.

Equivariant networks use equivariant linear layers, which map between rep-
resentations. A linear G-equivariant map or intertwiner, W ↑ Rn↔n, between
representations ω1, ω2, commutes with their action, i.e., ω2(g)W = Wω1(g). It
follows from Schur’s lemma that W = ϑI for some scalar ϑ if ω1, ω2 are irreps, and
that ϑ = 0 if ω1, ω2 are not isomorphic [52, Section I.2.2]5. As ωiso is just a stack of
irreducible representations, any intertwiner between such representations will be
sparse, which is why they are less computationally expensive than ordinary linear
layers. The naive computational complexity for a linear map W : R|D8| ↗ R|D8|

is |D8|
2
= 64 multiplications6. In contrast, intertwiners ωiso ↗ ωiso require a total

of
∑k

i m
2
i di = 1 + 1 + 1 + 1 + 2

2
· 2 = 12 multiplications for D8. From a signal

processing perspective, this is analogous to convolution being point-wise multipli-
cations in frequency space. We visualize the computational savings obtained by
working in the Fourier domain of D8 in Figure 2.
5 We can apply Schur’s lemma for complex representations here since the irreps listed

in Example 1 are irreducible over the complex numbers. We will however only use
real-valued linear layers, i.e. ω → R.

6 We ignore the additions for simplicity.
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Fig. 2: D8 Linear layers. Implementing equivariant linear layers in the Fourier domain
of D8 gives a major computational benefit. Left: A C↑C weight matrix being multiplied
by L tokens of feature dimension C. Center: The block-diagonalization that happens
when enforcing the layer to be D8-equivariant in the Fourier domain. More precisely,
we enforce equivariance with respect to the representation C

8 εiso that splits into irreps
εA1, εA2, εB1, εB2 and εE as detailed in Section 3. There is no mixing between di"erent
irreps and the weight sharing in the block-diagonal stems from the fact that εE is a
two-dimensional irrep. Right: An e!cient implementation of the original C ↑ C by
C ↑L matrix multiplication as four C

8 ↑
C
8 by C

8 ↑L and one C
4 ↑

C
4 by C

4 ↑ 2L matrix
multiplication. An equivariant linear layer of this type requires 16/3 ↓ 5.33 times fewer
FLOPs to compute and has 8 times fewer parameters than the ordinary linear layer
shown to the left.

Example 4 (Images). Square images can be considered as elements of R3↔M↔M

where 3 is the number of color channels and M is the image height/width in
pixels. There is a natural D8-representation ωimage associated with square images,
where ωimage(r) is the pixel permutation rotating the images anti-clockwise by
90

→ and ωimage(s) is the permutation reflecting the images left-to-right.

Example 5 (ViT features). In ViTs, features are elements of RC↔N↔N , which we
will think of as C → N2 matrices. N is the number of image tokens along the
height/width of the image, so N = M/P where P is the patch size (typically P =

14 or P = 16) and C is the channel dimension. The simplest representation that
we consider on features is the permutation representation ωtoken that, analogously
to ωimage, permutes the tokens according to elements of D8.

Example 6 (Steerable ViT features). We can equip the channel dimension of ViT
features with a group representation ωchan to obtain “steerable” features. If C is
divisible by 8, we can consider multiples of ωreg or ωiso as ωchan. The complete
representation ω acting on the C → N2-matrix x, is then permuting the tokens
according to ωtoken and modifying the channels according to ωchan. Concretely,

ω(g)Vec(x) = Vec
(
ωchan(g)xωtoken(g)

T
)
= (ωtoken(g) ↘ ωchan(g))Vec(x), (7)

where Vec(x) is the column-wise vectorization of the matrix x and ↘ is the tensor
product of representations or (equivalently) the Kronecker product of matrices.
We refer to features transforming according to (7) as ωchan-steerable, or features
of type ωchan. This is a simpler form of the induced representations typically
considered in steerable CNNs [16,61], the simplification coming from the fact that
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we don’t enforce translation equivariance. Steerable ViT-features are illustrated
in the Appendix, Figure 5.

Example 7 (Patchification of images). One can consider a patchified image as
a steerable ViT feature in the following way. By patchification we mean the
operation of reshaping a 3 → M → M image first to N2 patches of size P → P ,
with NP = M and then to a 3P 2

→ N2 matrix. When we transform the original
image by ωimage, the patchified image is rotated by ωtoken and ωchan as in (7).
Now ωchan(g) is a permutation matrix that rotates or mirrors a patch and we
will denote this particular ωchan by ωpatch.

Notation. For convenience of the reader, we collect the most important notation
in this section. We use the bold letter x for ViT features, which have shape
C → L, where L is the number of tokens and C the channel dimension. Typically,
L = N2, where N is the image height/width in tokens, or L = N2

+1 with a class
token. For an individual C-dimensional token we use the letter x which is often
acted on by ωchan =

C
8 ωiso, in which case we can split x into C/8-dimensional sub-

tokens xA1, xA2, xB1, xB2, xE11, xE12, xE21, xE22, where the first four transform
according to the irreps ωA1, ωA2, ωB1, ωB2 respectively while the 2 →

C
8 -matrices

(xE11 xE12)
T and (xE21 xE22)

T both transform according to ωE.

3.2 Quick ViTs

We construct ViT versions that map images to steerable ViT features x ↑ RC↔L in
the first layer (PatchEmbed) and then process steerable ViT features in subsequent
layers. We choose ωchan to be a multiple of ωiso, enabling e!cient linear layers.
Typically, we write ωchan =

C
8 ωiso where C is the embedding dimension of the

ViT. For classification tasks, we map the steerable ViT features to D8 invariant
features fed into a classification head. We will also consider networks that use
ωchan-steerable features for the first layers and then map either to DωA1-steerable
features, these networks are denoted I8(ViT), or break equivariance, denoted
H8(ViT) (here I is short for invariant and H for hybrid). We refer to ViTs that
fall into these three families broadly as Quick ViTs or, as they in our current
implementation are specialized for the octic group, octic ViTs. In Section 5.3, we
study the e"ect of varying the number of ωchan-equivariant layers.

A commonly appreciated fact is that a transformer component b such as an
MLP or Attention layer, is permutation equivariant over tokens, which implies

b(xωtoken(g)
T
) = b(x)ωtoken(g)

T. (8)

For b to be fully equivariant it also needs to be so in the channel dimension

b
(
ωchan(g)xωtoken(g)

T
)
= ωchan(g)b(x)ωtoken(g)

T. (9)

Designing the components of ViT blocks so that (9) holds is the topic of Sec-
tion 3.3.
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Fig. 3: Quick ViT architecture. Patches are first extracted from an image using
specialized octic equivariant filters and the resulting features are processed by k octic
equivariant ViT blocks. The final embeddings can be fed to l ↔ k standard transformer
blocks (as demonstrated by our H8 and I8 ViTs).

3.3 Octic Equivariant Layers

In this section we detail our implementations of D8 equivariant transformer layers.
Together, these pieces can be combined into a ViT block b = b2 ≃ b1 where

b1(x) = x+MHA(LN(x)), b2(x) = x+MLP(LN(x)). (10)

LN is layer normalization, MHA multi-head self-attention and MLP a C ↗ 4C
linear map, GELU, and 4C ↗ C linear map. The blocks can subsequently be
stacked, as illustrated in Figure 3.

The Patch Embedding Layer. The first layer in a ViT, following [22], is the
patch embedding, short PatchEmbed. In our case, it can be viewed as a mapping
from steerable features of type ωpatch to steerable features of type C

8 ωiso where
C is the embedding dimension of the ViT. It is implemented as a convolution
over the input image with kernel size and stride equal to the patch size P . The
convolution kernels are weight sharing constrained to map to features of the
di"erent irreps-types in C

8 ωiso, see Appendices D and D.1 for kernel visualizations.
Directly after PatchEmbed, we add a learnable positional encoding e ↑ RC↔L

to the features. The positional encoding is not constant over tokens, thereby
breaking translation equivariance. To be D8 equivariant e must satisfy

⇐x : ωchan(g)xωtoken(g)
T
+ e = ωchan(g)(x+ e)ωtoken(g)

T

⇒⇑ e = ωchan(g)eωtoken(g)
T.

(11)

In words, the positional encoding at a specific token position p must be a
ωchan(g)-transformed version of the positional encoding at the token position that
is permuted to p by ωtoken(g). After adding the positional encoding, we append a
learnable class token [CLS]↑ RC↔1 to the features. To ensure equivariance, we
enforce it to be non-zero only in the A1 feature type.
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Linear Layers. Linear layers appear in ViTs both in the MLP block and the
MHA block. As mentioned in Section 3.1 and illustrated in Figure 2, equivariant
linear layers map between irreps of the same type due to Schur’s lemma. This
fact was used to construct e!cient reflection-equivariant neural networks by [11].
Here, we use the same approach for octic equivariance.

To re-iterate, for features of type ωchan =
C
8 ωiso we consider each token x ↑ RC

split into xA1, xA2, xB1, xB2, xE of dimensions C/8, C/8, C/8, C/8 and 2 → C/4.
Linear layers map each irrep type to itself, meaning that they are parameterised
by four C/8→C/8 matrices and one C/4→C/4 matrix, yielding a factor 8 fewer
parameters than a general linear layer.

In terms of FLOPs needed to compute the linear layer, xi ⇓↗ Wixi requires
C/8 · C/8 = C2/64 FLOPs for i ↑ {A1, A2, B1, B2} while due to the “weight-
sharing” over the two dimensions in ωE, it requires 2 · C/4 · C/4 = C2/8 FLOPs
for i = E. In total we therefore get 16/3 ⇔ 5.33 times fewer FLOPs than the C2

required for an ordinary linear layer.

Activation Functions, Layer Norm, Attention, and Invariantization. A
pointwise activation function ϖ can be applied equivariantly after transforming
the features from the Fourier domain (multiples of ωiso), to the spatial domain
(multiples of ωreg), as discussed in Example 3. In the spatial domain ϖ can be
applied point-wise as this commutes with the permutation representation ωreg.
In Quick ViTs, following prior work, we apply the GELU activation function.

We implement (token-wise) equivariant layer normalization by transforming
each irrep separately to mean 0 followed by division of norm over all the irreps.

If two tokens q and k transform according to the same orthogonal repre-
sentation ωchan, then qTk is invariant under D8 since (ωchan(g)q)T(ωchan(g)k) =
qTωchan(g)Tωchan(g)k = qTk. This means that the computation of attention logits
in ordinary scaled dot-product attention is invariant, so the subsequent weighted
sum over value tokens is equivariant.

To output D8 invariant classification predictions, we map from features of
type C

8 ωiso to features of type CωA1 and then extract the [CLS] token. We ablate
di"erent invariantizations to A1-tokens in Appendix E, including linear invariants,
triple correlation [32,51], max filtering [13], generators of the ring of invariant
polynomials and canonisation of the signal [31]. We find that a power spectrum
invariantization works well and settle on that for the the experiments.

4 Computational E!ciency

As transformers scale, the linear layers dominate the execution time [33]. Thus, as
ViTs grow, the FLOPs savings will approach those of the linear layer, a reduction
of 5.33 times. We plot the FLOPs savings of a ViT block as the embedding
dimension increases in Figure 4a. The computational benefits of equivariant ViTs
are more pronounced at scale, and we benchmark the throughput of various
ViT sizes from the literature and their equivariant counterparts in Table 1. In
this throughput benchmark we replace all of the ViT blocks with equivariant
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Table 1: Compute scaling. We measure the scaling of D8-equivariant ViTs. The
model sizes are taken from [19] and we do not train the largest models as part of this
work. The numbers ending in “x” describe the change from standard ViT statistics of
the corresponding equivariant ViTs. We benchmark in half precision. In full precision
speed gains are much more pronounced, especially at small scales, c.f. Table 2. In this
table we show models where all linear layers are replaced by block-diagonal layers.
In Section 5 we train models with only half of the layers block-diagonal. Hence the
throughput improvements there are lower.

Model Width Depth MLP-dim Heads Speed(bf16) FLOPs Peak Mem.

ViT-L 1024 24 4096 16 1.32x 1/4.58x 1/2.44x
ViT-H 1280 32 5120 16 1.47x 1/4.58x 1/2.88x
ViT-G 1664 48 8192 16 1.91x 1/4.88x 1/4.36x
ViT-e 1792 56 15360 16 2.37x 1/5.01x 1/5.30x
ViT-22B 6144 36 24576 48 3.54x 1/5.18x 1/5.80x

blocks, and therefore the models fall into the I8 family of networks, but with
invariantization after the last block rather than half the blocks.

As shown in Table 1, savings in FLOPs do not translate one-to-one to improve-
ments in throughput (images per second) in our current implementation. However,
it is still the case that the throughput is greatly improved. Our Quick ViT models
are pure PyTorch with torch.compile, except for the GELU nonlinearity. We
implement a custom Triton [54] kernel that fuses the GELU nonlinearity with
the Fourier and inverse Fourier transforms, limiting memory transfers and kernel
invocation overhead. While ordinary GELU is pointwise, the new fused Triton
kernel is eight to eight points. For extra e!ciency, we implement the Fourier
transforms by a FFT on D8, described in Appendix A. In Appendix A.2 we
show that the overhead of our nonlinearity compared to standard GELU is
minimal when compared to the computational complexity of the linear layers.
The gap between savings in FLOPs and speedup is in fact due to the linear
layers not having su!cient arithmetic complexity at low channel dimensionality
as demonstrated in the next section.

4.1 Arithmetic Intensity

The arithmetic intensity of an operation is the FLOPs per transferred byte to the
GPU and it can be compared with the FLOPs per bandwidth of a given device
to obtain a bound on the maximum achievable throughput [4]. The arithmetic
intensities are 2BCF

P (BC+CF+BF ) and 2BCF/5.33
P (BC+CF/8+BF ) for the standard and octic

linear layers, respectively, where B is the batch size in tokens, C is the input
dimension, F is the output dimension and P is the precision in bytes. This
means that the octic and ordinary layers scale di"erently. At large scale, not only
FLOPs are improved by octic layers but also arithmetic intensity. For instance,
for B = 196 (one image worth of tokens), P = 2 (half precision) and F = 4C
(a typical MLP expansion factor) one can calculate that ordinary linear layers
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Fig. 4: (a) Reduction in FLOPs from a non-equivariant transformer block to an octic-
equivariant block vs. embedding dimension. The matmul ratio reflects only matrix
multiplications in linear layers and Attention; the total ratio includes all computations.
(b) The e"ect of changing number of octic blocks (k) for ViT-L, out of l = 24 blocks.

have higher arithmetic intensity up to C ⇔ 3200, whereas octic linear layers have
higher arithmetic intensity at thereafter. For the experiments in this paper, we
are not able to scale to such large dimensions, but still get throughput benefits
due to savings in FLOPs, as shown in Table 1.

For larger batch sizes, standard linear layers typically have larger arithmetic
intensity than octic linear layers, because the terms without B in the denominator
become negligible. However, at su!ciently large C both standard and octic linear
layers are compute bound and hence what matters for throughput is the total
number of FLOPs, making octic linear layers 5.33 times faster.

As mentioned, the main bottleneck to achieve throughput gains closer to the
actual FLOP reductions in octic ViTs is that the linear layers are not performing
su!ciently well for low feature dimensions C. To more clearly illustrate the
bottleneck and tie it to the arithmetic intensity (AI) of the layers we conduct a
simple throughput benchmark for only linear layers. We include standard linear
layers, octic equivariant linear layers and block-diagonal layers with eight equal
size blocks, all from C to F = 4C channels. The block-diagonal layers have
arithmetic intensity 2BCF/8

P (BC+CF/8+BF ) .
We benchmark with batch size 64 · 196 (i.e. 64 images worth of tokens) on

an A100-80GB GPU. The performance in bf16 and fp16 precision is equal with
an advertised maximum achievable performance of 312 TFLOPs/s. We use bf16
precision when training the networks in this paper. For reference we also include
results in fp32 precision, where the advertised maximum achievable performance
is 19.5 TFLOPs/s. The ridge point for when computations become theoretically
compute bound is at 156 FLOPs/byte for the lower precision and 10 FLOPs/byte
for the higher precision. We see in Table 2 that for non-compute bound layers
such as octic and block-diagonal linears at C = 1024 in fp16, the performance in
TFLOPs/s is far below the compute bound layers, leading to a lower speedup
than predicted by the FLOP counts. However, in fp32 the speedup is drastically
higher.
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Table 2: Benchmarking linear layers. Performance of three di"erent types of linear
layers over di"erent precisions and di"erent amount of channels.

AI Time Perf.
Linear layer Precision Channels (FLOPs/byte) (ms) (TFLOPs/s) Speedup

Standard fp16 1024 ↗ 4096 770 0.47 230 1.0
D8 fp16 1024 ↗ 4096 150 0.19 110 2.6
Eight blocks fp16 1024 ↗ 4096 100 0.13 100 3.6

Standard fp16 8192 ↗ 32768 4300 24 280 1.0
D8 fp16 8192 ↗ 32768 1200 5.3 240 4.6
Eight blocks fp16 8192 ↗ 32768 770 3.4 250 7.2

Standard fp32 1024 ↗ 4096 380 5.6 19 1.0
D8 fp32 1024 ↗ 4096 80 1.2 17 4.8
Eight blocks fp32 1024 ↗ 4096 50 0.76 17 7.4

Standard fp32 8192 ↗ 32768 2200 360 19 1.0
D8 fp32 8192 ↗ 32768 580 67 19 5.33
Eight blocks fp32 8192 ↗ 32768 380 45 19 7.95

5 Experiments

In this section, we evaluate our Quick ViTs on supervised (DeiT III) and self-
supervised (DINOv2) training recipes and perform ablations. DeiT III [55] is
a popular and highly tuned supervised training recipe for classification and
DINOv2 [44] is a state-of-the-art self-supervised method to extract visual features
at large scale. All models are trained on ImageNet-1K [20,47,50] following the
o!cial implementations. Code is available at https://github.com/davnords/octic-
vits.

5.1 DeiT III

We train an array of networks on the supervised task of image classification and
compare to the performance reported by [55] and [11]. We find, as illustrated in
Table 3, that incorporating octic-equivariant layers provides significant compu-
tational savings without sacrificing accuracy. In particular, our H8(ViT-H/14)
model achieves a classification performance of 85.0% compared to the baseline
of 84.6% while using only 61% of the FLOPs and matching the performance
of the H2(ViT-H/14) that incorporates flopping (D2) equivariance while being
more computationally e!cient. Similar computational gains are obtained with
the invariant model I8(ViT-H/14), which achieves a performance of 84.7%.

In the final column of Table 3, we study the e"ect of evaluating models on
a randomly rotated validation set without training on such augmentations. We
find that the invariant model performs equally well while the performance of the
remaining models (including H8) significantly degrade.

https://github.com/davnords/octic-vits
https://github.com/davnords/octic-vits
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Table 3: DeiT III evaluation. We measure the Top-1 classification accuracy on
ImageNet-1K for di"erent model sizes. Our networks are marked with †.

Model params throughput bf16 FLOPs Peak Mem. Top-1 OOD Rot.
(↑106) (im/s) (↑109) (MB) Acc. ↘ ϑAcc.↘

ViT-H/14 632.1 569 167.8 3285 84.6 -12.6
H2(ViT-H/14) 474.2 640 127.4 2734 85.0 -13.4
I8(ViT-H/14)† 362.3 657 104.0 2249 84.7 0.0
H8(ViT-H/14)† 355.8 660 102.3 2223 85.0 -13.4

ViT-L/16 304.4 1421 61.9 1557 84.2 -13.4
H2(ViT-L/16) 228.3 1610 46.9 1458 84.5 -13.9
I8(ViT-L/16)† 175.5 1618 38.5 1210 84.0 0.0
H8(ViT-L/16)† 171.3 1615 37.7 1194 84.5 -13.6

Table 4: DINOv2 evaluation. We evaluate the frozen DINOv2 features by classifica-
tion accuracy on ImageNet-1K (IN1K) and segmentation mIoU on ADE20K [66, 67]
and VOC2012 [24]. Our networks are marked with †.

Model FLOPs IN1K (acc.) ↘ADE20K (mIoU) ↘ VOC2012 (mIoU) ↘

(↑109) linear k-NN linear k-NN linear k-NN

ViT-H/16 127.7 81.7 81.0 34.7 30.6 70.7 60.9
H2(ViT-H/16) 97.0 81.9 80.9 34.8 30.8 70.7 61.2
I8(ViT-H/16)† 77.7 81.9 80.9 33.9 29.2 70.6 61.2
H8(ViT-H/16)† 77.5 82.2 81.4 35.1 31.1 70.8 61.7

ViT-L/16 61.9 80.9 80.5 33.2 28.4 69.1 58.1
H2(ViT-L/16) 46.9 81.3 80.7 33.4 29.0 69.3 58.0
I8(ViT-L/16)† 38.5 81.2 80.4 32.6 28.0 70.0 59.6
H8(ViT-L/16)† 37.7 81.3 80.8 33.6 29.4 69.1 59.5

5.2 DINOv2

As another pretraining task, we consider the DINOv2 recipe and train our
own baselines.7 Results are summarized in Tab. 4. We find that incorporating
octic-equivariant layers maintains or improves downstream classification and
segmentation performance while saving FLOPs. In particular, our invariant
network I8(ViT-H/16) matches the downstream performance of the baseline while
using only 61% of the FLOPs and H8(ViT-H/16) slightly improves performance
with similar savings.

In Appendix F.3, we further investigate the performance of our invariant model
and evaluate it on white blood cell classification, a task that lacks a canonical
orientation. The invariant model I8(ViT-L/16) outperforms the baseline on most
evaluated metrics.
7 Note that the pretraining objectives for DINOv2 [44] and DINOv3 [53] are identical.
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5.3 Ablations

Impact of Equivariance. We study the e"ect of equivariance by replacing
the kernel constrained equivariant patch embed by an arbitrarily linear mapping
while keeping the rest of the architecture the same as for H8. In principle, the
model can learn to be equivariant. We evaluate ViT-B using the DeiT III recipe
and achieve an accuracy of 82.4 compared to 83.0 for H8(ViT-B). The results
suggest that equivariance yields higher accuracy than arbitrary mappings with
the same block-diagonal structure (in addition to providing steerable features
that can be useful in downstream applications).

Number of Octic Blocks. We experiment with incorporating non-equivariant
blocks following [61]. We include networks where the first k of the ViT blocks
are octic and the remaining l ↓ k are standard blocks. Figure 4b ablates di"erent
values of k for ViT-L (l = 24). We find that k =

l
2 strikes a good balance between

computational e!ciency and representational power and use this throughout the
paper. Note that I8 performs worse for small k due to early invariantization.

We find that the H8-networks typically outperform I8-networks. This useful-
ness of symmetry breaking corroborates findings in prior work, e.g . [56, 61]. The
intuition is that ImageNet is not a rotationally invariant dataset, so it leads to
improved performance to let the network use the fact that the images are upright
as extra information for solving the classification task.

6 Limitations

In this work, we limit our scope to an extensive study of the D8 group and
leave larger dihedral groups for future work. A theoretical discussion regarding
scaling to larger dihedral groups is given in Appendix C for reference. We follow
baseline training recipes without hyperparameter tuning, and we do not conduct
an extensive ablation study of the share of features per irrep or scale the size
beyond ViT-H.

7 Conclusion

We introduced octic-equivariant ViT layers that, when incorporated, maintain
accuracy while significantly reducing computational complexity. We validated our
proposed architectures by their e"ectiveness in both supervised and self-supervised
learning, and conducted ablation studies to isolate the e"ect of invariantization,
equivariance, and the number of octic blocks. In particular, we achieved an
approximate 40% reduction in FLOPs for ViT-H without sacrificing accuracy,
positioning Quick ViTs as a strong addition to the catalog of vision architectures.

For future work, we intend to incorporate Quick ViTs into a broader range of
computer vision applications, in particular in settings where geometric equivari-
ance provides a natural inductive bias. Promising directions include 3D vision
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tasks, such as multi-view masked image modeling [41] and feed-forward 3D re-
construction [58,59], as well as image matching, where robustness to rotations
and other geometric transformations is central [8, 9, 42]. These directions would
further clarify the role of equivariant architectures as e!cient and geometry-aware
backbones beyond image classification.
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