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Abstract

Dense depth and surface normal predictors should pos-
sess the equivariant property to cropping-and-resizing –
cropping the input image should result in cropping the same
output image. However, we find that state-of-the-art depth
and normal predictors, despite having strong performances,
surprisingly do not respect equivariance. The problem ex-
ists even when crop-and-resize data augmentation is em-
ployed during training. To remedy this, we propose an
equivariant regularization technique, consisting of an av-
eraging procedure and a self-consistency loss, to explicitly
promote cropping-and-resizing equivariance in depth and
normal networks. Our approach can be applied to both
CNN and Transformer architectures, does not incur extra
cost during testing, and notably improves the supervised
and semi-supervised learning performance of dense pre-
dictors on Taskonomy tasks. Finally, finetuning with our
loss on unlabeled images improves not only equivariance
but also accuracy of state-of-the-art depth and normal pre-
dictors when evaluated on NYU-v2.

1. Introduction

Depth regression [2, 14, 24, 29, 38, 40, 42, 43, 69, 71, 72]
and surface normal regression [1, 12, 22, 57] are image-to-
image dense prediction tasks that involve predicting an out-
put image of the same size as the input image. This con-
trasts with image classification, where only one or a few
category labels are predicted per image. A shared feature
among depth and normal prediction tasks is that they natu-
rally require equivariance, such that a geometric transform
(e.g., random cropping) applied to the input image results in
the same transform to the output image [8,15,28,30], when
the effect (scale of the depth prediction) of camera intrinsic
change due to cropping is accounted for. This is because the
relative depths and normals are derived from the underlying
geometrical and physical properties of the scene that are not
affected by viewport changes. Consequently, a good depth
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Figure 1. State-of-the-art depth and surface normal predictors fail
to capture equivariance, while we know equivariance needs to hold
for an ideal depth/normal predictor (when adjusted for prediction
scale and offset). We crop and resize two patches (red & blue)
from the same scene, then extract depths/normals with pre-trained
models from [42] (MiDaS-v3) and [1]. We notice clear discrep-
ancies between the predictions of the two crops, as highlighted by
the yellow boxes. The same issue exists in other depth predictors
(Figure 2) and dense prediction tasks as well (supplementary).

or normal predictor must have the equivariant property.
To our surprise, we find state-of-the-art well-engineered

depth and normal predictors often fail at equivariance. We
investigate two recent models: the MiDaS CNN-based
(v2.1) and Transformer-based (v3.0) depth predictors from
[42,43] and the uncertainty-guided CNN-based surface nor-
mal predictor from [1]. We generate a pair of resized crops
of the same test image from NYU-v2 [49], extract predic-
tions with the networks, and measure equivariance by com-
paring and computing the mean errors between the predic-
tions of the two crops. A more equivariant network would
produce smaller errors from this procedure. We discover
that the examined depth and surface normal predictors do
not handle equivariance to cropping very well, as shown in
Figure 1. There are prominent, sometimes structural, in-
consistencies in the predictions of the two crops. For this
particular scene, the mean error induced by cropping is sig-
nificant – as large as 12.6% absolute relative error (AbsRel)
between crops for depth prediction, making it compara-
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ble to the overall AbsRel error to ground truths (13.7%).
Given the widespread use of such dense predictors, for ex-
ample, MiDaS-v3 for the depth-guided inference in Stable
Diffusion-v2 [45], it is imperative to solve such an issue.

Data augmentation is a widely-used strategy to promote
the equivariance of models during training. In each mini-
batch, instead of seeing the original images, the network
sees random resized crops of them. The network is implic-
itly trained to cope with the variations caused by random
crops in a straightforward data-driven manner. However,
the problem persists even when randomly resized cropping
augmentation is used during training. In fact, the state-of-
the-art models we tested, for example, the MiDaS depth net-
works [42, 43], are already trained on random crops. This
suggests that augmentation alone is not a sufficient solu-
tion to the equivariance issue. Other methods to enforce
equivariance include invariant inputs and equivariant archi-
tectures, but they involve a nontrivial additional effort to
construct and do not apply to the cropping transform we are
concerned about. Therefore, we compare our approach to
the data augmentation strategy as our primary baseline.

In this paper, we propose an equivariant regularization
approach built on top of data augmentation to improve
equivariance in dense depth and normal prediction net-
works. Our approach consists of two parts: an equivariant
averaging step of the outputs of random crops, and an equiv-
ariant loss between the crop outputs and the average output.
The averaging step is based on the key observation that the
full output average of all possible transforms of a transfor-
mation group guarantees equivariance to that group. Our
sampling version is effectively an unbiased estimate of the
full average. The equivariant loss enforces self-consistency
and promotes equivariance explicitly rather than implicitly
as in data augmentation. Thanks to the flexible formulation,
our approach can be applied to any layer of popular net-
work architectures (e.g., CNN or Vision Transformer [13]),
and with unlabeled images – both are beyond what data aug-
mentation can do. Meanwhile, our approach retains the ben-
efit of data augmentation, as it imposes no extra cost during
testing because the network architecture and the inference
procedure are not changed in any way.

Empirically, we demonstrate the effectiveness of our
equivariant regularization approach in supervised, semi-
supervised and unsupervised learning settings. In the super-
vised setting, we benchmark our approach against the no-
augmentation and augmentation baselines on edge detec-
tion, depth prediction, and surface normal prediction tasks
of the Taskonomy dataset [75]. We find that our approach
overcomes the ineffectiveness of using data augmentation
alone. In the semi-supervised setting, we show our ap-
proach benefits from unlabeled data, improving the sam-
ple efficiency further. Finally, in the unsupervised setting,
we demonstrate the capability to adapt the state-of-the-art

depth and surface normal models to the NYU-v2 dataset
[49] (which these models are not trained on), and improve
their accuracy and equivariance, without using any ground
truth labels.

To summarize, our contributions are the following:

• We point out an obvious but overlooked issue: The
state-of-the-art depth and normal prediction networks
fail at equivariance to cropping.

• We propose an equivariant regularization approach to
learn more equivariant networks effectively.

• We show empirical successes of our approach in a
range of settings, and improve the equivariance and ac-
curacy of the state-of-the-art depth and normal models.

2. Related Work

Equivariance in ML. Equivariance is tied closely to geom-
etry and symmetry. The entire subject of physics is founded
on concepts surrounding symmetry. A wide range of natural
phenomena admits equivariance inherently since the under-
lying mechanism is oftentimes geometrical. As a conse-
quence, a lot of data that machine learning deals with has
the equivariance property. For example, camera photogra-
phy follows simple 3D geometry rules, thus a shift in cam-
era position leads to a shift in the photograph; the molecules
and point clouds have translation and rotation symmetry in
3D, thus an SE(3) transform should not change any prop-
erty. Therefore, it is natural to consider equivariance in de-
veloping machine learning models.

Equivariance in 2D computer vision. Convolutional neu-
ral networks (CNN) for 2D images are shown to have the
approximate translation equivariance property due to the
nature of convolution [30]. There is a line of work devel-
oping rotation equivariant 2D CNNs [8, 36, 59, 60, 62]. The
transformation group for 2D rotation is the Special Orthog-
onal group SO(2), and the Special Euclidean group SE(2)
if the translation is allowed. The derivation of group equiv-
ariance constraint typically results in steerable filters con-
structed from 2D harmonic bases. The convolution filter
weights are parameterized as a linear combination of the
harmonic bases.

Equivariance can also be achieved by parameter shar-
ing of the neural net weights [44]. However, this approach
is only possible for limited kinds of groups, such as 90-
degree rotations. 2D scale equivariant CNN has been stud-
ied [35, 50, 61]. This is typically done by applying the
same convolution kernel on several scales or constructing
steerable filters from the bases. Equivariant network design
method can be generalized to other groups [15,28,39,46,70]
and has rich theory in math and physics [7, 9, 20]. Equiv-
ariance can also be achieved by transforming the data to
canonical coordinate systems [17,41,52]. In particular, [41]
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tr a nsf or ms t h e d at a t o k e y c a n o ni c al fr a m es of t h e gr o u p
a n d a v er a g es o v er t h os e fr a m es, w hil e w e a v er a g e o v er a
r a n d o m s a m pl e of t h e cr o p pi n g tr a nsf or m. Tr a nsf or m ers
ar e t h e c urr e nt st at e- of-t h e- art n e ur al n et ar c hit e ct ur e [ 1 3 ].
P e o pl e h a v e s o u g ht t o c o m bi n e Tr a nsf or m er a n d e q ui v ari-
a n c e, r es ulti n g i n Li e- Tr a nsf or m er [ 2 3 ].

I n t er ms of a p pli c ati o ns, t h er e is g o o d e vi d e n c e t h at
e q ui v ari a n c e b e n e fits i m a g e s e m a nti c s e g m e nt ati o n [ 6 , 3 7 ,
5 1 ], o bj e ct d et e cti o n t o s hifti n g [3 4 ] a n d r ot ati o n of i m a g es
[1 8 ]. E q ui v ari a n c e is als o us ef ul f or g e n er ati v e m o d eli n g,
f or e x a m pl e, f or n or m ali zi n g fl o w- b as e d g e n er ati v e m o d-
els [ 2 7 ,4 8 ], a n d v ari ati o n al a ut o e n c o d ers [2 6 ]. E q ui v ari a n c e
t o r ot ati o n is b e n e fi ci al i n di git al p at h ol o g y [5 6 ]. E xt e nsi o n
t o ti m e- e q ui v ari a n c e f or vi d e o is als o p ossi bl e [2 5 ].

E q ui v a ri a n c e i n s elf-s u p e r vis e d l e a r ni n g. E q ui v ari a n c e
a n d i n v ari a n c e ar e us ef ul i n s elf-s u p er vis e d l e ar ni n g. T h e
p o p ul ar c o ntr asti v e l e ar ni n g al g orit h m r eli es o n t h e i n v ari-
a n c e of r e pr es e nt ati o ns b et w e e n a u g m e nt e d vi e ws of t h e
s a m e i m a g e [ 3 , 5 , 1 9 ]. M or e r e c e ntl y, p e o pl e ar e e x pl or-
i n g w a ys t o us e e q ui v ari a n c e i n c o ntr asti v e l e ar ni n g [6 3 ].
L e v er a gi n g e q ui v ari a n c e t o cr o p pi n g tr a nsf or m r es ults i n
d e ns e c o ntr asti v e l e ar ni n g at pi x el-l e v el: Pi x el Pr o [ 6 4 ],
D e ns e C L [ 5 8 ], a n d at r e gi o n-l e v el: R e gi o n C L [6 7 ], D et-
C o n [ 2 1 ]. E q ui v ari a n c e t o 4- w a y r ot ati o n c a n b e j oi ntl y
us e d wit h t h e i m a g e-l e v el c o ntr asti v e o bj e cti v e t o i m pr o v e
p erf or m a n c e [ 1 1 ]. S elf-s u p er vis e d l e ar ni n g fr o m e q ui v ari-
a n c e b et w e e n fl o w tr a nsf or m ati o ns of t h e i n p ut i m a g e is
als o eff e cti v e [ 6 6 ] a n d b et w e e n m at c hi n g p oi nts f or l a n d-
m ar k r e pr es e nt ati o n l e ar ni n g [ 5 4 ].

T h es e w or ks ar e es p e ci all y s u c c essf ul f or d o w nstr e a m
s e g m e nt ati o n a n d d et e cti o n t as ks. H o w e v er, t h e a d v a n c e-
m e nts i n t h es e w or k h a v e y et t o b e t h or o u g hl y e x pl or e d i n
t h e st at e- of-t h e- art d e pt h or n or m al pr e di ct ors t o t h e b est
of o ur k n o wl e d g e [ 1 ,4 2 ,4 3 ], w h er e t h e d o mi n a nt p ar a di g m
is still s u p er vis e d tr ai ni n g. I ns pir e d b y pri or w or k i n S S L
a n d s e g m e nt ati o n, o ur w or k bri n gs i n t h e p o w erf ul i d e a of
e q ui v ari a n c e t o i m pr o v e st at e- of-t h e- art s u p er vis e d d e pt h
a n d n or m al pr e di ct ors.

3. B a c k g r o u n d

We gi v e s o m e b a c k gr o u n d o n t h e iss u e of e q ui v ari a n c e
a n d h o w p e o pl e t y pi c all y a p pr o a c h e q ui v ari a n c e i n t h e lit-
er at ur e.

D e fi niti o n 1 ( E q ui v ari a n c e). F or m all y, a f u n cti o n f : X →
Y is e q ui v ari a nt u n d er t h e a cti o n of a gr o u p G o n X a n d a
gr o u p of G ′ o n Y if f or a n y t ∈ G t h er e e xists t′ ∈ G ′ s u c h
t h at f ◦ t(x ) = t′ ◦ f (x ). M or e c o m m o nl y, it is tr u e t h at
G = G ′, i. e., t h e tr a nsf or m ati o n o n b ot h X a n d Y d o m ai ns
is t h e s a m e, a n d t h e c o n diti o n b e c o m es

f ◦ t(x ) = t ◦ f (x ). ( 1)

Mi a n g ol e h e t al. + Mi D a S- v 2 Mi a n g ol e h e t al. + L e R e S Y u a n e t al., 2 0 2 2 ( N e W C R F s)

Fi g ur e 2. E q ui v ari a n c e f ail ur es i n m or e d e pt h pr e di ct ors [ 3 8 , 7 3 ]
t h a n Fi g ur e 1 , s u g g esti n g t h e iss u e is pr e v al e nt . T h e pr e di cti o n
v al u es of t h e t w o cr o ps ar e ali g n e d wit h t h e l e ast s q u ar e. T h e 2 n d
c ol u m n is dis p arit y, ot h ers ar e d e pt h. T o p- d o w n, l eft-ri g ht: N oti c e
t h e bl urr y/s h ar p e d g e, missi n g o bj e ct o n t h e st a n d, w all, p att er n o n
t h e p ers o n’s b a c k, v erti c al li n e o n t h e b uil di n g, a n d i n c o nsist e nt
tr af fi c li g ht.

It ess e nti all y st at es t h at tr a nsf or m t c o m m ut es wit h f a n d
c h a n g es t h e i n p ut a n d o ut p ut i n t h e s a m e w a y.

I n v ari a n c e c a n b e r e g ar d e d as a s p e ci al c as e of e q ui v-
ari a n c e w h er e g ′ is al w a ys t h e i d e ntit y o p er ati o n. I n ot h er
w or ds, i n v ari a n c e m e a ns f ◦ t(x ) = f (x ) f or a n y a cti o n
t ∈ G . F or e x a m pl e, e q ui v ari a n c e is us ef ul f or m o d eli n g
tr a nsf or m- a w ar e p h e n o m e n a, w hil e i n v ari a n c e is us ef ul f or
m o d eli n g cl assi fi c ati o n t as ks.

N o n- e q ui v a ri a n c e iss u e i n d e pt h a n d n o r m al p r e di ct o rs.
C o n v ol uti o n al n e ur al n et w or ks p oss ess a c ert ai n d e gr e e of
tr a nsl ati o n e q ui v ari a n c e, b ut f or a br o a d er cl ass of tr a ns-
f or m ati o ns, s u c h as r esi z e d cr o p pi n g, r ot ati o n, a n d s c ali n g,
t h e y ar e n ot d esi g n e d t o c a pt ur e e q ui v ari a n c e. M or e r e c e nt
n et w or ks s u c h as Tr a nsf or m ers [ 1 3 ] h a v e littl e i n d u cti v e bi-
as es b uilt-i n, t h e y li k el y d o n ot p oss ess m u c h e q ui v ari a n c e
o n t h eir o w n as w ell, a n d n e e d t o s e e a l ar g e n u m b er of tr ai n-
i n g e x a m pl es t o l e ar n e q ui v ari a n c e i n a p ur el y d at a- dri v e n
m a n n er.

Fi g ur e 1 s h o ws t h e f ail ur e of e q ui v ari a n c e of d e pt h [ 4 2 ]
a n d s urf a c e n or m al pr e di ct ors [ 1 ]. T h e iss u e is n ot u ni q u e
t o t h es e t w o m et h o ds. We e x a mi n e d t w o m or e r e c e nt a p-
pr o a c h es [ 3 8 , 7 3 ] i n Fi g ur e 2 . [3 8 ] is es p e ci all y i nt er esti n g,
b e c a us e it si mil arl y m er g es s m all cr o ps t o r e d u c e t h e err or
of pr e-tr ai n e d d e pt h pr e di ct ors at i nf er e n c e ti m e.

W hil e [ 3 8 ] a n d w e b ot h us e t h e a v er a g e i d e a, w e c o n d u ct
a v er a gi n g at tr ai ni n g ti m e i nst e a d of i nf er e n c e ti m e. T h e
f a ct t h er e ar e still str u ct ur al c h a n g es wit h cr o p pi n g s u g g ests
t h at i nf er e n c e-ti m e a v er a gi n g d o es n ot c o m pl et el y s ol v e t h e
iss u e. O n t h e ot h er h a n d, a n et w or k tr ai n e d wit h o ur a p-
pr o a c h i m pr o v es e q ui v ari a n c e wit h o ut e xtr a i nf er e n c e c osts.
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A d diti o n all y, w e f o c us o n r e d u ci n g i n c o nsist e nt pr e di cti o ns
b et w e e n ( oft e n l ar g e) cr o ps, w hil e [ 3 8 ] f o c us es o n i m pr o v-
i n g d e pt h d et ails wit h l ots of s m all cr o ps, n ot n e c ess aril y
i m pr o vi n g e q ui v ari a n c e.

A n ot h er p oi nt t o n ot e is t h at c a m er a i ntri nsi c c h a n g e ( of
c e nt er a n d s c al e) c a us e d b y r a n d o m cr o p pi n g c a n n ot e x pl ai n
t h e dis cr e p a n ci es i n Fi g ur es 1 , 2 . C a m er a i ntri nsi c c h a n g e
m a y l e a d t o o v er all s hifti n g or r es c ali n g of pr e di ct e d d e pt hs,
as n oti c e d a n d fi x e d b y [ 1 4 ]. H o w e v er, t h e f ail ur es w e o b-
s er v e ar e str u ct ur al a n d r el at e d t o t h e c o nt e nt, li k e missi n g
or cr e ati n g n o n- e xist e nt o bj e cts, e v e n wit h l ar g e cr o ps t h at
o nl y mil dl y aff e ct i ntri nsi cs. W h at w e o bs er v e is a s e p ar at e
n o n- e q ui v ari a n c e iss u e t h at n e e ds t o b e s ol v e d.

3. 1. E xisti n g A p p r o a c h es

We r e c o g ni z e t hr e e t y p es of m et h o ds t o i ntr o d u c e e q ui v-
ari a n c e i nt o m a c hi n e l e ar ni n g m o d els. T h e y h a v e diff er-
e nt a d v a nt a g es, dis a d v a nt a g es, a n d s uit a bl e a p pli c ati o n d o-
m ai ns. U nf ort u n at el y, d at a a u g m e nt ati o n h as b e e n t h e o nl y
a p pr o a c h t h at w or ks f or t h e r a n d o m r esi z e d cr o p pi n g tr a ns-
f or m i n t h e d e ns e pr e di cti o n t as ks w e st u d y h er e, w hi c h is
still i n a d e q u at e.

D at a A u g m e nt ati o n. D at a a u g m e nt ati o n is t h e si m pl est
w a y t o e n c o ur a g e t h e e q ui v ari a n c e of M L m o d els [ 5 ,1 9 ,6 8 ].
As l o n g as t h e tr a nsf or m ati o n f u n cti o n is a v ail a bl e, w e c a n
arti fi ci all y cr e at e m or e tr ai ni n g e x a m pl es b y tr a nsf or mi n g
t h e ori gi n al d at a r a n d o ml y. I n t h e c as e of i n v ari a n c e, w e
o nl y a u g m e nt t h e i n p ut d at a, e. g., t h e i n p ut i m a g es f or i m-
a g e cl assi fi c ati o n, w h er e t h e o ut p ut of t h e m a c hi n e l e ar n-
i n g m o d el is tr ai n e d t o b e i n v ari a nt t o t h e tr a nsf or m ati o n.
I n t h e c as e of e q ui v ari a n c e, w e c a n a u g m e nt t h e i n p ut a n d
t h e o ut p ut si m ult a n e o usl y, e. g., t h e R G B i m a g es a n d d e pt h
m a ps. C o m m o nl y us e d d at a a u g m e nt ati o ns i n cl u d e r a n d o m
c ol or jitt eri n g, r a n d o m r esi zi n g, a n d r a n d o m cr o p pi n g. T h e
b e n e fit of t his a p pr o a c h is si m pli cit y. O n e c a n k e e p t h e
tr ai ni n g pi p eli n e a n d t h e m o d eli n g p art t h e s a m e. H o w e v er,
t h e d o w nsi d e is p ot e nti al i n ef fi ci e n c y, as w e als o s e e wit h
st at e- of-t h e- art d e pt h a n d n or m al n et w or ks i n Fi g ur e 1 . T h e
m o d el m a y n e e d t o s e e a v er y l ar g e q u a ntit y of a u g m e nt e d
d at a e x a m pl es t o l e ar n t h e e q ui v ari a n c e pr o p ert y i n a d at a-
dri v e n m a n n er.

I n v a ri a nt I n p uts. T h e s e c o n d t y p e of a p pr o a c h c o n v erts
t h e d at a i nt o a f or m at t h at is i n v ari a nt or e q ui v ari a nt t o t h e
s p e ci fi c tr a nsf or m ati o n. A n e x a m pl e of t his a p pr o a c h is t h e
dist a n c e m atri x w h e n d e ali n g wit h m ol e c ul ar d at a [ 1 6 , 4 8 ].
P e o pl e t ur n t h e C art esi a n c o or di n at es of p oi nts ( at o ms) i nt o
a r el ati v e dist a n c e m atri x b et w e e n p airs of p oi nts. It is
e as y t o v erif y t h at t h e dist a n c e m atri x is i n v ari a nt t o 3 D
tr a nsl ati o n a n d r ot ati o n. If t h e m o d el o nl y d e p e n ds o n t h e
i n v ari a nt i n p uts, it is g u ar a nt e e d t o b e e q ui v ari a nt or i n-
v ari a nt t o a n y i n p ut tr a nsf or m ati o n. A n ot h er e x a m pl e is

t h e ali g n m e nt pr o c e d ur e i n 3 D p oi nt cl o u d/ d at a pr o c ess-
i n g [4 , 3 1 , 3 2 , 4 7 , 5 5 ], w h er e o n e c a n ali g n t h e p oi nts a c-
c or di n g t o t h eir pri n ci pl e c a n o ni c al a x es eit h er gl o b all y or
l o c all y. T his a p pr o a c h w or ks w ell w h e n t h e i n v ari a nt i n-
p uts e xist, c o nt ai n s uf fi ci e nt i nf or m ati o n f or t h e t as k, a n d
ar e e as y t o c o m p ut e. H o w e v er, t h e us a g e is li mit e d w h e n
t h es e r e q uir e m e nts ar e n ot m et. F or e x a m pl e, it is n ot i m m e-
di at el y cl e ar h o w t o c o m e u p wit h i n v ari a nt i n p uts f or st a n-
d ar d i m a g e a u g m e nt ati o ns i n cl u di n g t h e cr o p- a n d-r esi z e i n
d e ns e pr e di cti o n t as ks.

E q ui v a ri a nt A r c hit e ct u r e. A ri c h li n e of r es e ar c h f o c us es
o n b uil di n g e q ui v ari a n c e pr o p ert y i nt o t h e M L m o d el i n a
“ h ar d- wir e d ” m a n n er [ 7 , 8 , 9 , 1 5 , 2 0 , 2 8 , 3 6 , 4 6 , 5 9 , 6 0 , 6 2 ].
T h e y t y pi c all y st art fr o m a gr o u p t h e or y a n d s y m m etr y
st a n d p oi nt a n d d eri v e f u n cti o n al f or ms t h at s atisf y e q ui v ari-
a n c e (r el ati v el y) pr e cis el y wit h m at h a n d p h ysi c al s ci e n c e
fl a v or. F or e x a m pl e, 2 D c o n v ol uti o n c a n b e d eri v e d f or
t h e pl a n er tr a nsl ati o n gr o u p wit h a F o uri er b asis. Mirr or-
i n g c o nstr ai nts o n c o n v ol uti o n al k er n els c a n b e d eri v e d f or
t h e l eft-ri g ht mirr ori n g gr o u p. C o n v ol uti o ns wit h s p h eri c al
h ar m o ni cs c a n b e d eri v e d f or S O( 3) gr o u ps. T h e a d v a n-
t a g e of t his t y p e of a p pr o a c h is t h at it is pri n ci pl e d, e x a ct,
a n d s a m pl e- ef fi ci e nt. As r e writi n g t h e f u n cti o n al f or m wit h
e q ui v ari a n c e i n mi n d r estri cts t h e si z e of t h e f u n cti o n cl ass
a n d i ntr o d u c es stri ct i n d u cti v e bi as es, s e ar c hi n g f or t h e ri g ht
h y p ot h esis fr o m d at a m a y b e c o m e e asi er, a n d t h e l e ar ni n g
m a y b e a c c el er at e d. H o w e v er, t h e dis a d v a nt a g es ar e t h at
o n e h as t o m o dif y t h e m o d el ar c hit e ct ur e, a n d d eri vi n g t h e
a n al yti c al s ol uti o n f or t h e e q ui v ari a n c e b asis mi g ht b e c o m-
pli c at e d or e v e n i m p ossi bl e, s u c h as f or t h e r a n d o ml y r e-
si z e d tr a nsf or m i n o ur d e ns e pr e di cti o n c as e.

4. O u r A p p r o a c h

O ur a p pr o a c h is e q ui v ari a nt r e g ul ari z ati o n. E q ui v ari a nt
pr o p ert y c a n b e i m p os e d b y a r e g ul ari z ati o n l oss i n a “s oft ”
m a n n er t o g et h er wit h d at a a u g m e nt ati o n.

We will first d es cri b e t h e m at h e m ati c al i nt uiti o n of o ur
a p pr o a c h. We st art wit h t h e d e fi niti o n of e q ui v ari a n c e, t h e n
i ntr o d u c e t h e e q ui v ari a nt a v er a g e o p er at or as a c or e t e c h-
ni q u e. T h e a v er a g e o p er at or h as ni c e pr o p erti es, s u c h as b e-
i n g a bl e t o t ur n a n o n- e q ui v ari a nt f u n cti o n i nt o a n e q ui v ari-
a nt o n e. We l e v er a g e s u c h pr o p erti es t o b uil d o ur e q ui v ari-
a nt r e g ul ari z ati o n t e c h ni q u e. We i ntr o d u c e a diff er e nti a bl e
e q ui v ari a nt l oss b et w e e n t h e a v er a g e a n d i n di vi d u al pr e di c-
ti o ns, w hi c h c a n b e mi ni mi z e d t o e n c o ur a g e e q ui v ari a n c e.

N o w w e c o nsi d er t h e f oll o wi n g a v er a g e o p er at or.

D e fi niti o n 2 ( E q ui v ari a nt a v er a g e o p er at or). L et P (t) b e a
u nif or m distri b uti o n o v er gr o u p el e m e nts t ∈ T . We d e fi n e
t h e e q ui v ari a nt a v er a g e of a n ar bitr ar y f u n cti o n f as

f̄ ( x ) = E t ∼ P ( t ) t− 1 ◦ f ◦ t(x ) . ( 2)
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T h e i nt uiti o n b e hi n d t his d e fi niti o n is v ari a n c e r e d u cti o n.
E a c h s u m m a n d i n t h e e x p e ct ati o n is a n esti m at or of t h e pr e-
di ct e d q u a ntit y, wit h s o m e v ari a n c e. Ta ki n g cr o p tr a nsf or m
as a n e x a m pl e, e a c h t t a k es a p arti c ul ar cr o p p e d vi e w of t h e
i n p ut i m a g e, f m a k es t h e pr e di cti o ns f or t his vi e w, a n d t− 1

tr a nsf or ms t h e pr e di ct e d i m a g e b a c k t o t h e ori gi n al c o or di-
n at e fr a m e. N o w, e a c h t mi g ht l e a d t o a diff er e nt t y p e of
err or i n t h e pr e di cti o n, b ut a v er a gi n g ( or s u m mi n g) o v er all
of t h e m will m a k e t h e diff er e n c es dis a p p e ar. T his i nt uiti o n
is f or m all y d es cri b e d i n t h e f oll o wi n g pr o p erti es.

P r o p ositi o n 1. T h e a v er a g e d f̄ i s e q ui v ari a nt t o T .

Pr o of. F or a n y t ∈ T , it is str ai g htf or w ar d t o v erif y t h at

f̄ ◦ t(x ) = E t 1 ∼ P ( t ) t− 1
1 ◦ f ◦ t1 ◦ t(x )

( d e fi niti o n of f̄ )

= E t 2 ∼ P ( t ) (t2 ◦ t− 1 ) − 1 ◦ f ◦ t2 (x )
(l et t2 = t1 ◦ t, ass o ci ati vit y)

= E t 2 ∼ P ( t ) t ◦ t− 1
2 ◦ f ◦ t2 (x ) ( 3)

= t ◦ E t 2 ∼ P ( t ) t− 1
2 ◦ f ◦ t2 (x )

(li n e arit y of e x p e ct ati o n)

= t ◦ f̄ ( x ) ( d e fi niti o n of f̄ )

w hi c h is t h e d e fi niti o n of e q ui v ari a n c e.

P r o p ositi o n 2. T h e e q ui v ari a nt a v er a g e o p er at or pr es er v es
t h e f u n cti o n f if f is alr e a d y e q ui v ari a nt. As a c or oll ar y, t h e
o p er at or is i d e m p ot e nt, n a m el y, ¯̄f = f̄ .

P r o of. Us e t h e e q ui v ari a n c e d e fi niti o n of f a n d t h e ass o ci a-
ti vit y of f u n cti o n c o m p ositi o n,

f̄ ( x ) = E t ∼ P ( t ) t− 1 ◦ f ◦ t(x ) = E t ∼ P ( t ) t− 1 ◦ t ◦ f (x )

= E t ∼ P ( t ) [f (x )] = f (x ).
( 4)

Fr o m Pr o p ositi o n 1 , w e k n o w t h at f̄ i s al w a ys a n e q ui v ari-
a nt f u n cti o n, t h er ef or e ¯̄f = f̄ .

Pr o p ositi o n 1 a n d 2 ar e pr a cti c all y us ef ul. T h e y t o-
g et h er j ustif y tr e ati n g t h e e q ui v ari a nt a v er a g e as a n or m al-
i z ati o n o p er ati o n b e c a us e ( 1) it c a n t ur n a n ar bitr ar y n o n-
e q ui v ari a nt f u n cti o n i nt o a n e q ui v ari a nt o n e, ( 2) a p pl yi n g it
t wi c e h as n o f urt h er eff e ct t h a n a p pl yi n g it o nl y o n c e.

O n c e w e h a v e t h e e q ui v ari a nt a v er a g e, w e c a n us e it as
a tr ai ni n g t ar g et t o a c hi e v e hi g h er e q ui v ari a n c e. S p e ci fi-
c all y, w e c o nstr u ct t h e f oll o wi n g l oss f u n cti o n b as e d o n t h e
e q ui v ari a nt a v er a g e o p er at or t o e n c o ur a g e e q ui v ari a nt pr o p-
ert y o n a tr ai n a bl e f u n cti o n f . T his f c a n b e t h e o ut p ut of a
d e ns e pr e di cti o n n et w or k or a n y i nt er m e di at e f e at ur es.

D e fi niti o n 3 ( E q ui v ari a nt l oss). We d e fi n e t h e E q ui v ari a nt
l oss as t h e m e a n L 2 err or b et w e e n t h e i n di vi d u al pr e di cti o n
f ◦ t(x ) a n d t h e a v er a g e d pr e di cti o n f̄ ( x ):

ξ (f ) =
1

Z ( f̄ )
E t ∼ P ( t ) ∥ f ◦ t(x ) − t ◦ f̄ ( x )∥ 2

2 ( 5)

f

f

f

E q ui v ari a nt
L 2 l o s s

A v er a g eI n p ut cr o ps

O ut p ut cr o ps

S u p l oss

Fi g ur e 3. Ill ustr ati o n of o ur e q ui v ari a nt r e g ul ari z ati o n a p pr o a c h
wit h 3 cr o ps f or t h e 2 D t e xt ur e e d g e d et e cti o n t as k. We g e n er at e 3
cr o ps of t h e i n p ut i m a g e a n d p ass t h e m t hr o u g h t h e n et w or k f t o
g et 3 o ut p uts. We p erf or m t h e e q ui v ari a nt a v er a g e t o r e gist er t h e m
t o g et h er a n d g et t h e a v er a g e d o ut p ut. N e xt, w e cr o p t h e a v er a g e d
o ut p ut t o o bt ai n 3 o ut p ut cr o ps. T h e y c orr es p o n d t o t h e s a m e i m-
a g e r e gi o ns as t h e i n p ut cr o ps. We us e t h e m as tr ai ni n g t ar g ets
( gr a di e nt-st o p p e d) f or t h e i n di vi d u al cr o p’s o ut p uts. A st a n d ar d
s u p er vis e d l oss w o ul d us e t h e gr o u n d tr ut h as a t ar g et, w h er e as
o ur a p pr o a c h us es t h e a v er a g e d o ut p ut as a t ar g et.

w h er e Z is t h e n or m ali zi n g c o nst a nt: Z ( f̄ ) = ∥ f̄ ( x )∥ 2
2 as-

s u mi n g f̄ i s n ot e v er y w h er e 0 .

T h e n or m ali zi n g c o nst a nt Z is a t e c h ni c al tri c k t o n or-
m ali z e t h e s c al e of t h e e q ui v ari a nt l oss. Wit h o ut Z , si m pl y
m ulti pl yi n g f wit h a s c al ar will e nl ar g e t h e e q ui v ari a nt l oss,
w hi c h is u n d esir e d. Wit h Z ( f̄ ) , si n c e Z (α f̄ ) = α 2 Z ( f̄ ) ,
w e c a n s h o w t h at

ξ (α f ) =
1

α 2 Z ( f̄ )
E P ( t ) α 2 ∥ f ◦ t(x ) − t ◦ f̄ ( x )∥ 2

2 = ξ (f ).

( 6)
I n pr a cti c e, it is oft e n c o m p ut ati o n all y i nf e asi bl e t o e n u-

m er at e a n d a v er a g e o v er all p ossi bl e tr a nsf or ms t’s, as t h er e
ar e t o o m a n y. T his is t h e c as e f or t h e c o m m o nl y- us e d r a n-
d o m r esi z e d cr o p pi n g a u g m e nt ati o n w e c ar e a b o ut. T h e
r a n d o m cr o p pi n g i n d u c es a c o m bi n ati o n of c o nti n u o us ri gi d
tr a nsf or m ati o n a n d s c ali n g gr o u ps. We c a n cir c u m v e nt t his
iss u e b y M o nt e C arl o esti m ati o n, i. e., s a m pl e a c o u pl e of
t’s a n d c o m p ut e t h e e m piri c al a v er a g e of f̄ a n d l oss. T h e
s a m pl e si z e K is a h y p er- p ar a m et er t o b e st u di e d e m pir-
i c all y t h at tr a d es off a c c ur a c y a n d c o m p ut ati o n ef fi ci e n c y.
T h e f oll o wi n g e q u ati o ns st at e t h e s a m pli n g v ersi o n:

f̄ ( x ) =
1

K
k

t− 1
k ◦ f ◦ tk (x ) , ( 7)

ξ (f ) =
1

Z ( f̄ )

1

K
k

∥ f ◦ tk (x ) − tk ◦ f̄ ( x )∥ 2
2 . ( 8)

We c a n att a c h t h e e q ui v ari a nt l oss o nt o a n y l a y er of a
n e ur al n et, a n d tr ai n t h e n et w or k wit h t h e li n e ar c o m bi n a-
ti o n of t h e t as k l oss a n d t h e e q ui v ari a nt l oss. F or m all y, as-
s u m e t h e t as k l oss is ℓ a n d t h e e q ui v ari a nt l oss is i m p os e d
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o n t h e l-t h l a y er f l wit h l oss c o ef fi ci e nt λ l , t h e t ot al l oss
writ es as

ℓ t ot al(f ) = ℓ (f (x ), y) + λ l ξ (f l ). ( 9)

Fi g ur e 3 ill ustr at es o ur e q ui v ari a nt r e g ul ari z ati o n a p-
pr o a c h r e g ar di n g t h e r a n d o m r esi z e d cr o p tr a nsf or m.

4. 1. Dis c ussi o n

T h e diff er e n c e b et w e e n o ur a p pr o a c h a n d t h e e q ui v ari a nt
ar c hit e ct ur e is t h at w e d o n ot e m p h asi z e e x a ct e q ui v ari a n c e
i n t his c as e. O n c e tr ai n e d, t h e m o d el is all o w e d t o h a v e a
c ert ai n d e gr e e of n o n- e q ui v ari a n c e t h a n a stri ct e q ui v ari a nt
m o d el b ut is e x p e ct e d t o p oss ess a hi g h er d e gr e e of e q ui v ari-
a n c e t h a n a b as eli n e m o d el wit h o ut a n y s p e ci al e q ui v ari a n c e
tr e at m e nt.

O ur a p pr o a c h b uil ds o n t o p of d at a a u g m e nt ati o n. It
stri k es a b al a n c e b et w e e n t h e e q ui v ari a nt ar c hit e ct ur e a n d
t h e d at a a u g m e nt ati o n a p pr o a c h es. It i m pr o v es u p o n p ur e
d at a a u g m e nt ati o n b y i ntr o d u ci n g e x pli cit l e ar ni n g si g-
n als f or e q ui v ari a n c e a n d d o es n ot r e q uir e t h e c o m pli c at e d
d eri v ati o n or ar c hit e ct ur e m o di fi c ati o n of a stri ct e q ui v ari a nt
m o d el. I n f a ct, t h er e s h o ul d b e n o a d diti o n al o v er h e a d t o a
r e g ul ar m o d el at i nf er e n c e ti m e. We als o h a v e t h e fl e xi bilit y
t o a dj ust t h e r e g ul ari z ati o n str e n gt h b y t u ni n g l oss c o ef fi-
ci e nts, w h e n t h e t as k is n ot p erf e ctl y e q ui v ari a nt or t o stri v e
f or b ett er o v er all p erf or m a n c e. O ur a p pr o a c h c a n als o e x-
t e n d n at ur all y wit h u nl a b el e d d at a si n c e t h e pr o c e d ur e d o es
n ot i n v ol v e gr o u n d tr ut h l a b els.

5. E x p e ri m e nt

5. 1. D at as ets, M o d els, a n d T as ks

We e v al u at e o ur a p pr o a c h o n t hr e e d at a l a b eli n g s etti n gs
wit h i n cr e asi n g dif fi c ult y: s u p er vis e d, s e mi-s u p er vis e d a n d
u ns u p er vis e d.

S u p e r vis e d s etti n g. F or a s u p er vis e d s etti n g, w e us e t h e
Tas k o n o m y d at as et [ 7 5 ] st a n d ar d Ti n y s plits f or e x p eri m e n-
t ati o n. Tas k o n o m y c o nt ai ns R G B- D s c a ns of i n d o or b uil d-
i n g s c e n es. S e v er al d e ns e pr e di cti o n t as ks ar e d eri v e d fr o m
t h e s c a ns. We f o c us o n 2 D t e xt ur e d et e cti o n, a l o w-l e v el vi-
si o n t as k; a n d d e pt h z- b uff er pr e di cti o n a n d s urf a c e n or m al
pr e di cti o n, t w o r el at e d g e o m etri c visi o n t as ks. T h e Ti n y
s plit h as 2 4 tr ai ni n g b uil di n gs ( 2 5 0 K i m a g es; ori gi n all y 2 5
b uil di n gs, 1 b uil di n g is r e m o v e d d u e t o d at a c orr u pti o n) a n d
5 v ali d ati o n b uil di n gs ( 5 2 K i m a g es).

T h e m o d el i n v ol v e d i n t h e s u p er vis e d s etti n g is t h e st a n-
d ar d U- N et fr o m X Tas k C o nsist e n c y [ 7 4 ]. T his U- N et h as
6 d o w ns a m pli n g, 6 u ps a m pli n g bl o c ks, a n d t h e s ki p c o n-
n e cti o ns b et w e e n c orr es p o n di n g d o w ns a m pli n g a n d u ps a m-
pli n g st a g es. T h e s u p er vis e d l oss is t h e L 1 l oss b et w e e n
t h e o ut p uts a n d gr o u n d tr ut h t ar g ets. F or d e pt h, w e us e i n-
v ers e d e pt h (i. e., dis p arit y) f oll o wi n g [ 4 3 ]. We a p pl y o ur

e q ui v ari a nt r e g ul ari z ati o n l oss t e c h ni q u e o n t h e s e c o n d t o
l ast c o n v ol uti o n al l a y er of t h e n et w or k. T h e l oss l o c ati o n
will b e a bl at e d. T h e l oss c o ef fi ci e nt is s et t o 1 e- 4. F or
e a c h i m a g e, w e g e n er at e K = 3 r a n d o m cr o ps wit h s c al e
v ari ati o n u nif or ml y s a m pl e d fr o m 0. 4- 1. 0, as p e ct r ati o fr o m
3/ 4- 4/ 3, all o wi n g at m ost 2 0 % p a d di n g l e n gt h, a n d c o m m o n
c ol or jitt eri n g ( bri g ht n ess = c o ntr ast = s at ur ati o n = 0. 4, h u e
= 0. 1). I n pr a cti c e, w e als o e m pl o y a w ei g hti n g wi n d o w
wit h s m o ot h e d g es w h e n c o m p uti n g t h e e q ui v ari a nt a v er-
a g e t o s u p pr ess t h e b o u n d ar y eff e cts. We tr ai n all m o d els
wit h t h e A d a m W o pti mi z er [ 3 3 ], wit h l e ar ni n g r at e c osi n e
a n n e al e d fr o m 1 e- 3 t o 0, a n d w ei g ht d e c a y 1 e- 4, f or 7 8 K
gr a di e nt st e ps wit h b at c h si z e 3 2 distri b ut e d o n 4 G P Us. I n-
p ut r es ol uti o n is 2 5 6 x 2 5 6. T o m ai nt ai n f air c o m p aris o n, t h e
s u p er vis e d b as eli n e is als o tr ai n e d wit h K = 3 cr o ps p er
i m a g e, t h er ef or e t h e w all- cl o c k ti m e of all e x p eri m e nts is
r o u g hl y t h e s a m e.

T h e st a n d ar d e v al u ati o n m etri cs ar e L 1 err or f or e d g e;
t h e p er c e nt a g e of pi x els wit h a r el ati v e d e pt h err or l ar g er
t h a n 1. 2 5 (δ > 1 .2 5 ), m e a n a bs ol ut e r el ati v e err or ( A bs R el)
f or d e pt h; a n d m e a n a n g ul ar err or f or s urf a c e n or m al [7 4 ,
7 5 ]. Si n c e d e pt h pr e di ct or is us u all y n ot ali g n e d t o m etri c
d e pt h, i. e., t h e y o ut p ut ar bitr ar y s c al e, w e ali g n pr e di ct e d
d e pt h t o gr o u n d tr ut h wit h l e ast s q u ar e r e gr essi o n f oll o wi n g
Mi D a S [ 4 2 ,4 3 ]. T h e d et ail is d es cri b e d i n S u p p. C.

T h e ess e nti al q u esti o n w e w a nt t o st u d y is w h et h er o ur
a p pr o a c h p erf or ms b ett er t h a n t h e us u al d at a a u g m e nt ati o n
a p pr o a c h i n a c hi e vi n g e q ui v ari a n c e a n d a c c ur a c y.

S e mi-s u p e r vis e d s etti n g. F or t his, w e c o n c e ntr at e o n t h e
d e pt h pr e di cti o n t as k. We us e 6 or 1 2 b uil di n gs o ut of 2 4
b uil di n gs i n t h e tr ai ni n g s et as t h e l a b el e d p orti o n, a n d us e
t h e r est of t h e b uil di n gs as t h e a d diti o n al u nl a b el e d d at a.
T h e m o d el, h y p er- p ar a m et ers, a n d o pti mi z ati o n s c h e d ul e
ar e t h e s a m e as a b o v e. D uri n g tr ai ni n g, w e s a m pl e t w o
e q u al-si z e d mi ni- b at c h es ( 2 × 3 2 i m a g es × 3 cr o ps) fr o m
t h e l a b el e d a n d u nl a b el e d d at a str e a ms, r es p e cti v el y. We
i m p os e t h e s u p er vis e d l oss o nl y o n t h e l a b el e d b at c h a n d
o ur e q ui v ari a nt l oss o n b ot h b at c h es.

T his s etti n g is t o t est w h et h er o ur a p pr o a c h pr o vi d es a d-
diti o n al b e n e fits fr o m u nl a b el e d d at a, w hi c h is n ot p ossi bl e
wit h t h e si m pl e d at a a u g m e nt ati o n a p pr o a c h.

U ns u p e r vis e d s etti n g. We f o c us o n u ns u p er vis e d fi n et u n-
i n g of pr e-tr ai n e d st at e- of-t h e- art m o d els o n t h e N Y U- v 2
d at as et [ 4 9 ]. T h e N Y U- v 2 d at as et c o nt ai ns R G B- D s c a ns
of 4 6 4 i n d o or s c e n es, of w hi c h 2 4 9 s c e n es ( 7 9 5 i m a g es) ar e
us e d f or tr ai ni n g a n d 2 1 5 s c e n es ( 6 5 4 i m a g es) f or t esti n g.
T h e r es ol uti o n is 4 8 0 x 6 4 0.

We c o nsi d er t h e Mi D a S- v 2. 1 a n d v 3. 0 d e pt h pr e di ct ors
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tr ai n e d o n r a n d o m a u g m e nt e d cr o ps of l e n gt h 3 8 4; t h er e-
f or e, w e s et t h e i n p ut s h a p e as 3 8 4 x 2 8 8 i n o ur u ns u p er vis e d
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Table 1. Supervised setting: Taskonomy Edge2D, Surface Normal,
and Depth-ZBuffer. Equivariant regularization on U-Net improves
validation performance. Sup baseline refers to baseline with-
out data augmentation, Aug refers to with augmentation, EqLoss
refers to our equivariant loss approach. Ang error is the mean an-
gular error in degrees, δ>1.25 is the percentage of pixels with a
relative depth error larger than 1.25.

Task Edge2D Normal Depth-Z
Metric L1 error (×10−3)↓ Ang error (◦)↓ δ>1.25 (%)↓

Sup baseline 8.14 6.72 27.8
+ Aug 7.35 (-9.7%) 6.55 (-2.5%) 27.0 (-2.9%)
+ EqLoss (ours) 6.35 (-22%) 6.47 (-3.7%) 25.0 (-10%)

Table 2. Semi-supervised setting: Taskonomy Depth-ZBuffer.
Equivariant regularization with additional unlabeled data improves
more. We treat 1/4, 1/2 of the original data as labeled images; the
rest as unlabeled images. Sup + EqLoss refers to using only the la-
beled part and our loss. Semi-sup + EqLoss refers to applying our
equivariant loss on both the labeled and unlabeled images. δ>1.25
is the percentage of pixels with a relative depth error larger than
1.25, AbsRel is the mean absolute relative error.

Labeled portion 1/4 1/2 All
#Buildings 6 12 24
#Images 58,783 123,496 248,148

δ>1.25 (%)↓
Sup + Aug 43.4 30.4 27.0
Sup + EqLoss (ours) 42.0 29.8 25.0
Semi-sup + EqLoss (ours) 41.0 29.3 25.0

AbsRel (%)↓
Sup + Aug 25.2 20.3 18.9
Sup + EqLoss (ours) 24.9 20.2 18.0
Semi-sup + EqLoss (ours) 24.8 19.6 18.0

finetuning experiments. We also consider the pre-trained
uncertainty-guided surface normal predictor from [1]. This
network is based on the convolutional EfficientNet back-
bone [53]. We set the input shape as 640x480 for surface
normal to match their training setting. We use AdamW op-
timizer for 800 steps, with a small learning rate of 1e-5 for
depth and 1e-4 for surface normal, as we find them work the
best. Two loss functions are involved in finetuning: the first
is the supervised loss between the outputs and the pseudo
labels generated from the pre-trained checkpoints, and the
second is our equivariant loss on the output of the network.
We set the equivariant loss coefficient to 1e-4 as well. We
sample K = 3 random crops per image with scale variation
0.7-1.0, at most 10% padding and common color jittering.

Note that all the pre-trained checkpoints investigated
here are not trained on NYU-v2. We want to see if our
approach can boost the performance of state-of-the-art pre-
trained models on this new dataset, by encouraging equiv-
ariance alone, without using any ground truth labels.

Table 3. Unsupervised setting: Adaptation of state-of-the-art pre-
trained depth networks to NYU-v2. We finetune the network
with images in NYU-v2, pseudo labels and our equivariant loss
(EqLoss row), but without ground truth labels. EqLoss reduces
validation errors, while also reducing the validation equivariant
loss (EqLoss column), suggesting the network becomes more
equivariant. The results compare favorably to other recent meth-
ods dedicated to NYU-v2.
Model δ>1.25(%)↓ AbsRel(%)↓ EqLoss↓

Models trained only on NYU-v2
Big-to-Small [29] 11.0 11.5 -
Yin et al. [71] 10.8 12.5 -
Huynh et al. [24] 10.8 11.8 -
TransDepth [69] 10.6 10.0 -

Models trained on mix datasets transfer to NYU-v2
MiDaS-2.1 CNN [43] 8.71 9.68 7.10e-3
MiDaS-2.1 CNN + EqLoss 7.82 8.92 3.77e-3
MiDaS-3.0 DPT [42] 8.32 9.16 7.86e-3
MiDaS-3.0 DPT + EqLoss 7.75 8.91 3.04e-3

Table 4. Unsupervised setting: Adaptation of a state-of-the-art pre-
trained surface normal network to NYU-v2. Our unsupervised
equivariant finetuning strategy (EqLoss row) reduces the valida-
tion mean and median angular errors while reducing the validation
equivariant loss (EqLoss column). 11.25◦ refers to the percentage
of pixels with an error larger than 11.25◦. All other models here
are trained on ScanNet [10] and evaluated on NYU-v2 directly.

Model Mean◦↓ Median◦↓ 11.25◦↑ EqLoss↓

FrameNet [22] 18.6 11.0 50.7 -
VPLNet [57] 18.0 9.8 54.3 -
TiltedSN [12] 16.1 8.1 59.8 -

Bae et al. [1] 16.03 8.47 58.8 1.26e-2
Bae et al. + EqLoss 15.71 8.30 59.4 8.80e-3

5.2. Results

Equivariant regularization improves edge, depth, and
normal dense prediction tasks in the supervised setting.
The results are organized in Table 1. Comparing the first
row to the second, we confirm that data augmentation is
better than no data augmentation, which is known widely.
This suggests that the implicit encouragement of equivari-
ance from augmentation is helpful. Comparing the second
row to the third, we find that our approach brings notice-
able gains on top of data augmentation. We achieve as large
as 22%, 3.7%, and 10% error reduction for the edge, nor-
mal, and depth predictions relative to the supervised base-
line without augmentation in their respective metrics. The
results indicate that our approach is a more effective way
to enforce equivariance during training than data augmenta-
tion and that by doing so, the accuracy is also improved.

Equivariant regularization enables unlabeled data in
the semi-supervised setting. Our equivariant regular-
ization approach naturally extends to the semi-supervised
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learning setting, where the model can learn from additional
unlabeled scene images. Apart from the usually labeled
data stream, we train with an additional equivariant loss on
the unlabeled data stream. In Table 2, we show that, al-
though Sup + EqLoss already brings decent improvements,
Semi-sup + EqLoss yields more improvements. These re-
sults demonstrate the capability of our approach to leverage
unlabeled data to achieve higher label efficiency, which is
impossible with the standard augmentation approach.

Unsupervised equivariant finetuning improves state-of-
the-art depth and surface normal predictors. Another
advantage (and important application) of our equivariant
regularization approach over data augmentation is the abil-
ity to perform an unsupervised finetuning of state-of-the-
art dense predictors to downstream datasets without any
ground truth labels. Recall that the SoTA dense prediction
networks do not preserve equivariance very well as in Fig-
ure 1. In this part, we demonstrate improvements in the
equivariance and accuracy of the state-of-the-art MiDaS-
v2.1 (CNN-based model), v3.0 (DPT-Large, Dense Predic-
tion Transformer) depth predictors [42, 43] in Table 3, and
the uncertainty-guided normal predictor [1] on the NYU-
v2 dataset [49] in Table 4. Note that none of the finetuned
models have seen any NYU-v2 ground truth. Our approach
consistently boosts their performance of them.

Quantitatively, we observe that not only the accuracy
metrics of the depth and normal predictors are increased,
but also the EqLoss column in Table 3 and 4, which mea-
sures the equivariant loss on validation images, is reduced
by our approach in both cases. Reducing the EqLoss means
that the expected error magnitude of prediction inconsis-
tency coming from different crops of the same image is re-
duced. This suggests improvements of the equivariance of
these predictors. A more thorough and direct evaluation of
the finetuned predictors is in the supplementary material.

Qualitatively, our equivariant finetuning approach signif-
icantly alleviates the non-equivariant issue of state-of-the-
art models. Figure 4 visualizes the predictions before and
after finetuning on NYU-v2. We can clearly see that the
inconsistency between predictions of two crops is lessened
after finetuning.

5.3. Ablation Study

We ablate hyper-parameters in the supervised Taskon-
omy Depth setting, and provide additional comparisons.

Number of crops (Figure 5). The optimal number of crops
per image K (appears in Eq. 7) for our approach is around
3. We choose 3 in our experiments. Note that in the figure,
a single stddev is estimated for all K as the error bars. We
also control each run to take roughly the same wall-clock
time, which means K=3 yields the best trade-off between
extra computing and performance under the fixed computa-

Table 5. Ablation study on the equivariant loss coefficient.

Coefficient 1e-5 3e-5 1e-4 3e-4

δ>1.25 (%) 25.5 25.2 25.0 25.8

Table 6. Ablation study on which layer to apply equivariant loss.

Layer L L-1 up0 up1 up2 up3

Dimension 1 16 16 32 64 128
δ>1.25 (%) 25.7 25.0 25.0 25.2 25.1 26.1

Table 7. Inference-time equivariant averaging yields only small
depth error reduction on NYU-v2, compared to the reduction from
our training-time equivariant finetuning.

δ>1.25, AbsRel(%) No averaging 3 crops averaging

MiDaS-v2.1 pre-trained 8.71, 9.68 8.63 (-0.08), 9.61 (-0.07)
MiDaS-v2.1 + EqLoss 7.82, 8.92 7.78 (-0.04), 8.86 (-0.06)

tion time budget. The depth error of our approach is almost
always below that of the data augmentation alone baseline,
indicating the higher efficiency of our approach.

Equivariant loss coefficient. In Table 5, 3e-5 or 1e-4 per-
forms well; the latter is slightly better. Table 6 studies
where to put the equivariant loss. L means applying the
loss on the final output, L-1 means the penultimate Conv
layer (which we use in experiments), up0-3 means the pro-
gressively earlier upsampling block of the U-Net. Applying
the loss around L-1 seems to be working well, while going
deeper into earlier layers yields worse results. This could
be due to the lower resolution of early-stage feature maps.

Inference-time equivariant averaging (Table 7). We
tested both the MiDaS pre-trained network and our fine-
tuned network on NYU-v2. In both cases, inference-time
averaging offers a small reduction of depth prediction error
(smaller than our equivariant finetuning), which suggests
the non-equivariant issue cannot be simply addressed by it.
Note that inference-time averaging increases latency–small
improvement at the cost of the multiplied running time. The
benefit of our approach is that the workload of averaging is
offloaded to training, so that the inference procedure is un-
changed and efficient (1 forward pass).

Comparison to contrastive learning. In Table B.1 of the
supplementary material, we initialize from DenseCL [58]
or PixelPro [65] pre-trained ResNet, and Table B.2 where
we use DenseCL loss as regularization during training. In
summary, B.1 suggests that DenseCL indeed provides supe-
rior performance than random/supervised initialization, but
it does not completely resolve the equivariance issue–and
our method can further improve upon DenseCL initializa-
tion; B.2 suggests that our method (K=3) is stronger than
pairwise DenseCL regularization during training both depth
and normal tasks.
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Depth for red crop
Before finetuning
Depth for blue crop Discrepancy Depth for red crop

After finetuning (ours)
Depth for blue crop Discrepancy

Normal for red crop
Before finetuning
Normal for blue crop Discrepancy Normal for red crop

After finetuning (ours)
Normal for blue crop Discrepancy

Figure 4. Visualization of predictions of a state-of-the-art depth network (MiDaS-v3.1 DPT Large [42]) and a surface normal network [1]
on two crops (red and blue) of the same image, before and after our unsupervised equivariant finetuning. The yellow boxes highlight the
regions where the pre-trained models struggle with. The discrepancies in those regions are suppressed considerably after finetuning.
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Figure 5. Study on the number of random crops per image.

6. Conclusion

This paper reveals a salient problem in state-of-the-art
depth and normal predictors – that they are not equivariant
to cropping, and proposes an equivariant regularization ap-
proach to address it. We demonstrate the usefulness of our
approach in supervised, semi-supervised and unsupervised
settings. We substantially improve equivariance and accu-
racy of state-of-the-art pre-trained models on NYU-v2 test

set without using ground-truth labels. We hope future work
can explore the powerful idea of equivariance in other dense
prediction tasks and with transformations beyond cropping.
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