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Abstract

Convolutional neural networks (CNNs), widely deployed
in several applications, contain downsampling operators in
their pooling layers which have been observed to be sensi-
tive to pixel-level shift, affecting the robustness of CNNs.
We study shift invariance through the lens of maximum-
sampling bias (MSB) and find MSB to be negatively cor-
related with shift invariance. Based on this insight, we
propose a learnable pooling operator called Translation
Invariant Polyphase Sampling (TIPS) to reduce MSB and
learn translation-invariant representations. TIPS results in
consistent performance gains on multiple benchmarks for
image classification, object detection, and semantic seg-
mentation in terms of accuracy, shift consistency, shift fi-
delity, as well as improvements in adversarial and distribu-
tional robustness. TIPS results in the lowest MSB compared
to all previous methods, thus explaining the strong empiri-
cal results. TIPS can be integrated into any CNN and can be
trained end-to-end with marginal computational overhead.
Code: https://github.com/sourajitcs/tips/

1. Introduction

Shift invariance is an ideal property for visual recogni-
tion models to ensure that outputs remain invariant to small
pixel-level shifts in input images. Shift-invariance is de-
sirable for image classification to ensure that categorical
outputs are not affected by small horizontal and/or vertical
pixel shift, and shift-equivariance is desirable for object de-
tection and semantic segmentation to ensure that pixel-shift
in the image results in equivalent shift in outputs. Recent
studies have also found shift-invariant vision models to be
more robust on out-of-distribution testing and adversarial
attacks, making shift invariance an important facet of trust-
worthiness and risk assessment for visual recognition.

Although convolution layers are shift-equivariant [27],
recent studies [1, 15] reveal that pooling operators such
as max pooling, average pooling, and strided convolution
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Figure 1. Translation-Invariant Polyphase Sampling (TIPS) is a
pooling operator that improves shift invariance of CNNs. (a) An
illustration of the improvements in semantic segmentation with
TIPS; (b) Greater shift consistency of TIPS at higher degrees of
pixel shift; (¢) TIPS results in consistent and architecture-agnostic
improvements in accuracy and four measures of shift invariance
for image classification and semantic segmentation.

break shift invariance by violating the Nyquist sampling
theorem [36]. Since these pooling operators sample the
highest feature activation in a pooling window, we study
if this design choice can explain model’s performance un-
der pixel shift, by introducing the concept of Maximum-
Sampling Bias (MSB) which denotes the tendency to pool
larger values within pooling windows. We observe a strong
negative correlation between MSB and shift invariance, i.e.
models with higher MSB are the least shift invariant.
Informed by this finding, we design a pooling opera-
tor, Translation Invariant Polyphase Sampling (TIPS), to
discourage MSB and improve invariance under shift trans-
formations. We introduce two loss functions: Lg; — to
discourage known failure modes of shift invariance and
Lundo — to learn to undo standard shift. We demonstrate

620



TIPS Layer with X.
s X s pooling

| polye(X) polyn(X)  polyy(X)
— X% [{g] = X*BE = Xx E—-)Convolved with stride of 8

poly;(X)
@ scalar product

fo: X—T

Xc (01 +Oo]cxhxw

$(X) € (0, +00] M
CXE2

T € [0,1)7

Xe (0,+oo]“x%x%

Figure 2. TIPS downsamples ReLLU-activated intermediate feature map X into X with stride s and learns polyphase mixing coefficients 7
(using a small fully convolutional function fy) which results in the output feature map as the weighted linear combination X . The polyphase
decomposition on input feature map X results in poly, which are then mixed as a weighted linear combination with 7 to compute X'.

that this approach consistently improves robustness under
shift transformation on multiple image classification, object
detection, and semantic segmentation benchmarks, outper-
forming data augmentation and contrastive learning strate-
gies, and resulting in state-of-the-art performance in terms
of accuracy, shift consistency, and shift fidelity under stan-
dard and circular shift transformations, while operating at
a small computational overhead. In real world scenarios,
standard shifts are more likely to occur than circular shifts;
however, current literature largely focuses on circular shift
invariance. We show that our method improves shift invari-
ance on both circular shift and standard shift (shown in Fig-
ure 1). When tested on adversarial attacks, patch attacks,
and natural corruptions, models trained with TIPS exhibit
greater robustness than previous pooling operators.

2. Related Work

Robustness of CNNs has been examined under geomet-
ric transformations [8, 12], domain shift [46], attribute
shift [16], adversarial attacks [32], and natural corrup-
tions [20]. Distributional robustness of CNNs has been ex-
plored through random or learned data augmentation [17,
47], contrastive learning [23], and Bayesian approaches [7].

Dense Sampling and Anti-aliasing. Conventional slid-
ing window downsampling in computer vision algorithms
is typically applied with stride that is bigger than 1 which
breaks shift equivariance [42]. Shift invariance can be im-
proved through dense sampling [28] with dilated convolu-
tions [48] with susceptibility to griding artifacts. Zhang
et al. [49] suggest BlurPool to enhance shift invariance
through anti-aliasing before downsampling, whereas Zou et
al. [50] propose DDAC, to learn low pass anti-aliasing filter.

Polyphase Sampling. APS [4] and LPS [40] use polyphase
sampling to satisfy the Nyquist sampling theorem [36] and
permutation invariance which provides robustness against
circular shifts. APS enhances shift invariance by sam-
pling the highest energy polyphase index (¢, norm) while
LPS learns the sampling. LPS being sensitive to gumble
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Figure 3. The end-to-end training pipeline with TIPS, regular-
ization to undo shift £, 40, regularization to discourage known
failure modes L£r s, and downstream task loss Leqsk.

softmax temperature can sample polyphases to maximize
downstream objective which does not consider shift in-
variance unless training data is shift-augmented. Evidence
[4, 39, 49, 50] suggests that although polyphase sampling
methods can improve shift invariance for circular shift, they
still struggle to deal with standard shift; we show that TIPS
can benefit both. The focus of this study is to improve ro-
bustness of CNNs against both standard and circular shifts,
which constitute significant aspects of model evaluation.

3. Translation Invariant Polyphase Sampling

In this section, we discuss the design of our proposed
TIPS pooling layer and the workflow to train CNNs with
TIPS. Let X eRe*">w pe a3 ReLU-activated feature map,
where ¢, h, w are the number of channels, height, and
width. A pooling layer with sampling rate or stride s (also
called sx s pooling) downsamples X into X.

3.1. TIPS: A Learnable Pooling Layer

TIPS learns to sample polyphase decompositions of in-
put feature maps X using two branches, as shown in Fig-
ure 2. In the first branch, polyphase components of X with
stride s are computed similar to Chaman et al. [4]:

poly, . ;(X) = X[k, sn1 + i, sn2 + j], (1)
.. s—l. c—1, ’—%-\ ’—%.l
Vi,j€L, K€L, sm€Ly" in2€ly” .
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Figure 4. Our large-scale correlation study shows a strong negative correlation of performance with MSB (%) as indicated by Pearson’s 7.

Linear clusters with negative correlation are also observed for points belonging to each pooling method.

Note that polyphase sampling can also be achieved by a
strided convolution with a s X s kernel equal to 1 at index
(4,7) and O elsewhere. A visualization of polyphase sam-
pling with s = 2 is shown in Figure 2. The second branch
is a function fy : X —7 that learns mixing coefficients
7€[0,1)%<*. () is a 3 x 3 convolutional layer followed
by ReLLU activation. All operations in fy are shift invariant.
The output of TIPS layer is computed as a weighted linear
combination of the polyphase components of it’s input:

X= Z Tis+j pOlyis+j (X)

¥

2

Regularizing TIPS to Discourage Known Failure Modes
Chaman et al. [4] have shown that skewed mixing co-
efficients (e.g. 7={0,1,0,0} for s=2) are not robust
against standard shift. TIPS with uniform mixing coef-
ficients and LPS with higher softmax temperature (e.g.
7={0.25,0.25,0.25,0.25} for s=2) is identical to average
pooling, which hurts shift invariance [49]. Based on these
known failure modes, we introduce a regularization on the
mixing coefficients in TIPS — the first term discourages
skewed 7 and the second term discourages uniform 7.

Lo =(Irll, =)+ 1 =s"|I7ll,) = (L =) lIrll,. 3)

Learning to Undo Standard Shift Although prior work
have shown the benefits of using polyphase sampling to
counter circular shift, performance still degrades with stan-
dard shifts due to information loss beyond the pooling
boundary. To address this, we shift the input feature map
with a random amount of vertical and horizontal stan-
dard shift sampled from uniform distribution U (0, Tho) and
U(0, {5) respectively to obtain a shifted X ¢ and design a
regularization with the objective of undoing this shift:

Lundo = Eh'eh]EwIEw[X:/,w’ - ¢(Xh’,w’ )}2 “

3.2. Training CNNs with TIPS

Let N be the number of training epochs. For the first
€N epochs, we train only with the task loss L4 and the
regularization to discourage failure modes £ ;. For subse-
quent epochs, the undo regularization L4, is introduced.
The final training loss is the Lagrangian (with a.€[0, 1]):

L=(1-a)Lliask + L(epoch < eN)aLuyndo + Lo (5)

We gradually introduce L4, to stabilize training so that
the downstream performance is not compromised. % (X)
contains a 3 x 3 convolution layer, ReLU, followed by
global average pooling, 1 x 1 convolution, flattening, and a
softmax operation to obtain 7 as shown in Figure 2. Weights
# are Kaiming-normal initialized [19].

4. Maximum-Sampling Bias

In this section, we set up a framework to study shift
invariance in CNNs, by defining maximum-sampling bias
(MSB). Through a large-scale analysis, we show that MSB
is negatively correlated with shift invariance.

Definition of MSB Existing pooling operators exhibit a
common tendency to propagate signals based on activa-
tion strength. We denote this phenomenon as maximum-
sampling bias (MSB), defined as the fraction of window lo-
cations for which the maximum signal value is sampled; a
higher MSB indicates a higher probability of maximum sig-
nal values being selected during pooling.

Let p() be a pooling operator in a CNN and s be the
downsampling factor; e.g. s=2 for max-pooling with a 2x2
window. Let X €R"** be the input to a pooling layer. Ap-
plying a pooling operator p() on X with downsampling fac-

622



Unshifted Standard Shift Circular Shift Unshifted Standard Shift Circular Shift
Method Acc. 1 Consistency 1 Fidelity T Consistency T Fidelity Method Acc. T Consistency 1T Fidelity  Consistency T Fidelity 1
MaxPool 78.54+022  88.45:015 69475004 92.82:+14 79.20+0.15 MaxPool 76.31:01s  89.05+0.10 67.05+006  87.56:0.13 66.82+0.17
= APS 83.01x008  91.37:006 75.852004  100.00-:000 83.0lx00s = APS 76.07:015  90.95:013 69.192013  100.00-000 76.07 015
;') LPS 85.67x01s  92.95:004 79.632005  100.00-0.00 85.67x0.18 g LPS 78.29z014  91.74003 71.822013  100.00=0.00 78.29=0.14
Z TIPS 86.78:0.19 94.27:0.14 81.80:0.1s  100.00-0.00 86.78:0.19 Z TIPS 80.24:000  92.87-:008 74.52:01s  100.00-0.00 80.24 0.0
% BlurPool (LPF-5) 82.83:013  90.81+017 75.22:012 95.87x0.19 79.414112 % BlurPool (LPF-5) 76.33:00s  90.70+0.14 69.231015 90.55+017 69.12+0.10
% APS (LPF-5) 83.52+003  92.00+020 76.84+011  100.00+0.00 83.52+003 % APS (LPF-5) 76.49+008  91.23+017 69.78+005  99.98-000 76.41+006
O LPS (LPF-5) 86.74+000  93.38x0.17 80.99:00¢  100.00-0.00 86.74+000 U LPS (LPF-5) 78.31x00s  92.49:015 72435008 100.00-0.00 78.3 1005
TIPS (LPF-5) 8691103 94.55:006 88.20:007  100.00-0.00 86.91.1013 TIPS (LPF-5) 81.36:000  93.11:003 75.75+014  100.00-+0.00 81.36:+0.10
= VIiT-B/16 (I121k)  89.34:006  73.47 1003 65.64:011  72.94:0.10 65.16+008 = VIiT-B/16 (121k)  83.89:007  84.38:005 70.79+027  81.03+011 67.98:0.19
~ VIT-L/16 (I121k)  90.75:015  74.39:0.6 67.51:004  73.85:006 67.02+0.10 ~ VIiT-L/16 (I21k) ~ 85.06:002  83.19:0.12 70.76+017  81.64 1015 69.44 1014
Swin-B (121k) 91.19+004  72.14+015 65.78x017  75.49=005 68.840.10 Swin-B (121k) 85.16:00s  85.24+010 72.59+005  82.79+008 70.50+0.15
(a) TinyImageNet (b) ImageNet

Table 1. Image classification performance on TinylmageNet and ImageNet averaged over five trials.

w

tor s results in an output X = p(X)eR**¥. It is triv-
ial to see that MSB = 1 for max-pool, as max pool se-
lects X[i, j]=max,, , X[is+m,js+n]. Average pooling
produces X [i, j]=E, nx[is + m, js + n] and is equivalent
to max-pooling if all values within the window are iden-
tical. For all other cases, the average value (less than the
maximum) is sampled and thus MSB < 1. APS pool-
ing [4] samples the polyphase component of X with max-
imum ¢, norm; X i, j]=max;s4; {||polyj(x)||p}f’;i0. As
the polyphase function poly() in APS and LPS is a mono-
tonic function, it also exhibits a preference for sampling
larger signals in the pooling window.

Negative Correlation between MSB and Shift Invari-
ance.  We investigate whether MSB is linked to shift
invariance, by conducting a large-scale analysis of corre-
lation between MSB and shift invariance on a number of
visual recognition benchmarks with multiple CNN archi-
tectures and pooling methods '. We evaluated 576 models
across different architectures, datasets, and pooling meth-
ods and conducted a correlation study as shown in Figure 4
with MSB on x-axis and performance metrics on the y-axis
for both image classification and semantic segmentation.
We observe a strong negative correlation between MSB and
shift invariance metrics and also with downstream task per-
formance (accuracy, mloU). Circular consistency is more
negatively correlated with MSB than standard consistency.
Linear relationships are observed for points corresponding
to each pooling method across architectures and datasets.
Using Global Average Pooling (GAP) [19] with no spatial
downsampling of the intermediate feature maps helps shift
invariance, but with significant computational costs. TIPS
achieves high shift invariance with marginal computational
overhead (see supplementary material for comparison).

5. Experiments

We perform experiments on multiple benchmarks for
both image classification, object detection, and semantic

I'see supp.mat. for details on experiment setup for correlation analysis.

segmentation. For image classification, we evaluate shift
invariance while for object detection and semantic segmen-
tation we evaluate shift equivariance. However, following
conventions used in prior work [40, 50], this is also referred
to as “shift invariance” in the semantic segmentation re-
sults. For both classification, detection, and segmentation,
we avoid using pre-trained CNNs since the pre-training step
use non-shift invariant strided convolution and maxpool.

5.1. Image Classification Experiments

Datasets and Baselines We benchmark the performance of
TIPS and prior work on five image classification datasets:
CIFAR-10 [24], Food-101 [3], Oxford-102 [35], Tiny Im-
ageNet [26], and ImageNet [25]. Results for Food-101 and
Oxford-102 are in the Supplementary Material. Our base-
lines include MaxPool, APS (p=2), and LPS (7=0.23), as
well as BlurPool, APS, and LPS with anti-aliasing using
nxn Gaussian low-pass filter (LPF-5). We also compare
with three Vision Transformer (ViT) architectures: ViT-
B/16, ViT-L-16 [1 1], and Swin-B [31] which are pre-trained
on the larger ImageNet-21k dataset [10].

Hyperparameters For TIPS, we choose ¢ = 0.4 and
o = 0.35 in Equation 5. All models are trained using an
SGD optimizer with initial learning rate 0.05, momentum
0.9, and weight decay le-4 with early stopping. No mod-
els in our experiments were trained on shifted images. For
each dataset-backbone pair, for fair comparison, TIPS and
all baselines are trained with identical hyperparameters.
Evaluation Metrics In addition to reporting accuracy on
the unshifted test set, we use the consistency definition
from [50] which compares the predictions for two shifted
images. However, as consistency does not consider the
ground truth label (y) for evaluation, we introduce fidelity
as a new metric. Note: 2"** denotes image x shifted by
h~U(0, %) vertically and w ~ U(0, ) horizontally.

h1,w1) —

fla)
fa)

Consistency = E E 1[f(z
z (hy,w1),(h2,w2)

Fidelity = E E 1y = f(z"r™r) =

z (h1,w1),(h2,w2)

623



Unshifted Standard Shift Circular Shift
Method Acc. T Consistency T Fidelity T Consistency T Fidelity 1
MaxPool 91.43+00s  87.43z005 79.94005  90.18003 82.45-008
@ APS 94.02+007  92.891008 87.33400s  100.00-0.00 94.02+007
< LPS 9445005 93.11x007 87.94:005  100.00-0.00 94.45+005
Z TIPS 95751011 98.38:037 94.20:00s  100.00-000 95.75:0.11
3
& BlurPool (LPF-5) 94.29:011  91.04:000 85.84+012  98.27+011 92.66-007
% APS (LPF-5) 94.44.000  93.25+013 88.06+017  100.00-0.00 94.44 1000
O LPS (LPF-5) 95.17+012  94.87+008 90.09+015  100.00+0.00 95.17+0.12
TIPS (LPF-5) 96.05013  98.65-0.11 9475010 100.00-0.00 96.05-0.13
VIiT-B/16 (I121k)  98.89+00+  82.34x007 81.43+005  83.79+015 82.86+0.12
E VIT-L/16 (121k) ~ 99.15+002  82.72+009 82.01+00s 84.41-0.1 83.69-0.06
Swin-B (121k) 99.22:003  83.19z007 82.54:00s  84.05:004 83.40=004

Table 2. Image classification performance on CIFAR-10.

Results Tables 1 and 2 show strong dataset- and backbone-
agnostic evidence for the efficacy of TIPS in terms of accu-
racy and shift invariance for both standard shift and circular
shift. TIPS results in large gains in consistency and fidelity
on standard shift, which was a challenge for prior work. Itis
important to note that TIPS with LPF-5 also improves upon
prior work that uses LPF-5 anti-aliasing. For ViTs, shift in-
variance performance is inferior to CNNS, even though they
consistently achieve higher accuracy. ViT architectures -
despite being pre-trained on a very large scale dataset Im-
ageNet21k (I21k) does not improve shift invariance which
indicates that large-scale pre-training has no implications on
shift invariance. While CNNs in general perform better on
circular shift than standard shift, there is no such clear trend
for ViT — for example, ViTs are more robust on standard
shift for Oxford-102 and Tiny ImageNet and more robust
on circular shift for the remaining datasets.

Comparison with other strategies for improving shift in-
variance. Besides pooling, we compare with methods that
use data augmentation while training: standard shift, circu-
lar shift, and their combination, and two contrastive learn-
ing approaches: SimCLR [6] (self-supervised) and Sup-
Con [23] (supervised) with the objective of aligning shifted
samples closer and are used for downstream image classifi-
cation. Table 3 shows that while data augmentation does not
significantly improve performance, both contrastive learn-
ing methods outperform MaxPool on all metrics. TIPS,
without any contrastive learning or data augmentation, re-
sults in greater shift invariance.

Applicability of TIPS to Vision Transformers We fo-
cus on improving shift invariance of CNNs — models that
are widely used in real-world applications. Our method is
based on polyphase downsampling and cannot be directly
extended to vision transformers (ViT). However, in Tables
1 and 2, we demonstrate that ViTs are not shift invariant
and our simple plug-in solution for CNNs (TIPS) achieves
higher shift invariance than ViTs. We note that in vision
transformers, three modules break shift invariance:

* Patch embeddings convert image patches into vectors us-

ing strided convolution (not shift invariant).

Unshifted Standard Shift Circular Shift
Strategy Method  Acc. T Consistency 1 Fidelity T Consistency T Fidelity 1
Pooling MaxPool  64.88 8241 53.14 80.39 50.71
(no anti- DDAC 67.59 85.43 57.74 80.90 54.68
aliasing) APS 67.05 86.39 57.92 100.00 67.05
LPS 67.39 86.17 58.07 100.00 67.39
TIPS 69.02 87.42 60.34 100.00 69.02
Pooling BlurPool  66.85 87.43 58.54 87.88 58.75
(with LPF-5) DDAC 66.98 86.92 58.22 80.35 53.82
(anti-aliasing) APS 67.52 87.02 58.76 99.98 67.51
LPS 69.11 86.58 59.84 100.00 69.11
TIPS 70.01 87.51 61.27 100.00 70.01
Data Aug. circular 64.25 83.58 53.71 84.27 54.14
standard ~ 63.91 84.45 53.97 81.27 51.94
both 64.87 84.99 55.13 85.64 55.55
Contrastive  SimCLR ~ 71.15 85.63 60.93 78.26 55.68
Learning SupCon 72.49 86.17 62.46 81.75 59.26

Table 3. Comparison of ResNetl8 trained on ImageNet using
pooling, data augmentation, and contrastive learning. Best per sec-
tion: bold; lower than MaxPool: red ; overall best: cyan .

* Positional encodings for both shifted and non-shifted in-
puts are identical (amount of shift is not encoded).

» Window-based self-attention is computationally cheap,
but applying local attention on window sizes larger than
the amount of input shift causes token values to vary.

5.2. Semantic Segmentation Experiments

Datasets and Baselines We use the following datasets:
PASCAL VOC 2012 [13], Cityscapes [9], Kvasir [22], and
CVC-ClinicDB [2]. Results for Kvasir and CVC-ClinicDB
are in the Supplementary Material. Our baselines include
MaxPool, APS, LPS, BlurPool (LPF-3), and DDAC (groups
g=8, LPF-3). BlurPool and DDAC [50] perform antialias-
ing by using a fixed low-pass filter and a learnable low pass
group-wise convolution filter, respectively.

Hyperparameters We use SGD optimizer with an initial
learning rate 0.01, momentum 0.9, weight decay Se-4 with
early stopping. We use DeepLabV3+ [5] with ResNet-18
backbone for the Pascal-VOC dataset and with ResNet-101
backbone for the Cityscapes dataset. For Kvasir and CVC-
ClinicDB, we use a UNet [41] model with “Kaiming Nor-
mal” initialization. For TIPS, we use € = 0.4, o = 0.35.

Evaluation Metrics For semantic segmentation, we com-
pute consistency and fidelity by comparing the overlapping
window for images with and without shift. Within the com-
mon crop, we compute the percentage of pixels for which
the predicted category matches the ground truth.

Results Comparison of mIOU, consistency and fidelity in
Table 4 shows that TIPS improves mIOU in comparison to
all baselines on all four benchmarks. Consistent with our
finding in image classification, we observe a sharper in-
crease in shift consistency under standard shift than with
circular. Models trained with TIPS pooling have higher
fidelity on both standard and circular shifts, depicting the
efficacy of TIPS in learning both shift invariant and high
quality segmentation. In Figure 5, we compare the quality
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PASCAL VOC 2012 - DeepLabV3+ (ResNet-18)

Cityscapes - DeepLabV3+ (ResNet-101)

Unshifted Standard Shift Circular Shift Unshifted Standard Shift Circular Shift
Method Anti-Alias mIOU 7T  Consistency T Fidelity T Consistency T Fidelity T mIOU T  Consistency T Fidelity T Consistency T Fidelity 1
MaxPool - 70.03 95.17 66.65 95.42 66.82 78.50 96.03 75.38 97.07 76.20
Blurpool LPF-3 71.02 95.52 67.84 96.03 68.20 78.90 96.09 75.82 97.94 77.27
DDAC LPF-3 72.28 96.77 69.95 95.98 69.37 79.52 96.28 76.54 98.21 78.09
APS LPF-3 72.37 97.05 70.24 96.70 69.98 79.84 97.53 77.87 98.32 78.50
LPS LPF-3 72.37 97.98 70.92 100.00 72.37 80.15 98.60 79.03 100.00 80.15
TIPS LPF-3 73.84 98.65 72.84 100.00 73.84 81.37 99.02 80.57 100.00 81.37

Table 4. Semantic segmentation performance on Pascal VOC and Cityscapes datasets.

Ground Truth

Shifted Original

Maxpool prediction Blurpool prediction DDAC prediction APS irediction LPS irediction TIPS prediction ours)

Figure 5. Qualitative comparison of segmentation masks predicted on original and shifted images. Regions where TIPS achieve improve-
ments (i.e. consistent segmentation quality) under linear shifts are highlighted with circles.

RetinaNet [29] FasterRCNN [38]
Standard Shift Circular Shift Standard Shift Circular Shift
Method AP1T AAP| AP501T AAP5 | AP1T AAP| APs5 1t AAP5 | APT AAP| AP5 T AAPs | APt AAP| AP50T AAPs |
MaxPool 36.5 2.2 56.7 5.1 364 23 56.7 54 376 29 59.0 6.4 378 34 59.3 43
BlurPool 352 14 55.1 34 363 1.6 56.3 54 378 20 58.7 4.6 383 3.7 59.5 1.3
APS 368 1.2 56.7 4.6 374 2.1 56.9 45 385 1.8 59.4 2.2 383 3.6 59.6 1.1
LPS 369 1.1 56.8 3.8 375 19 57.2 42 385 1.7 60.3 1.1 387 24 59.9 1.1
TIPS 370 09 56.8 2.7 380 20 574 3.7 386 13 60.5 1.0 389 25 60.1 0.8

Table 5. Standard and Circular Shift Equivariance for Object Detection on MS-COCO [30] validation set with RetinaNet, FasterRCNN.

of the masks predicted on shifted images when using prior
pooling operators and TIPS. The areas highlighted with red
circles demonstrate that TIPS segments objects with higher
consistency than other pooling operators under pixel shifts.

5.3. Object Detection Experiments

Datasets, Baselines, and Hyperparameters Although
there is limited work studying shift equivariance in object
detection, we evaluated the efficacy of TIPS by extending
the experimental settings from Manfredi ez al. [33] to eval-
uate both standard and circular shift equivariance analo-
gous to our semantic segmentation experiments. We train
RetinaNet [29] and FasterRCNN [38] on the MS-COCO
dataset [30] and present our findings in Table 5.

Evaluation Metrics and Results. In Table 5 we report AP,
AAP(= bestAP—worstAP), APsg, AAPso(= bestAPsg—
worstA Psq) for both standard and circular shift invariance.
Where higher value of AP and APs( denotes superior ob-
ject detection performance and lower value of AAP and
APs5 denotes superior shift equivariant object detection
performance. Table 5 demonstrates that TIPS consistently
achieves lower AAPs59 and higher APsy which demon-
strates that TIPS is also effective for shift equivariant object
detection in comparison to existing pooling methods.

6. Analysis

We analyze the impact of our regularization through ab-
lation studies, the impact of the choice of hyperparameters,
and the effect of TIPS on various measures of robustness.

6.1. Effect of £,,.q, and L), Regularization

Figure 7 shows the impact of L4, by visualizing
|¢(X) — X?t| at different training stages. As training pro-
gresses, Lyndo pushes [(X) — X*| closer to 0, guiding
TIPS to offset standard shift on intermediate features. Fig-
ure 8 quantifies this observation with accuracy and shift in-
variance measurements with different e (optimal €=0.4).

We perform an ablation study to examine the efficacy of
each term in the loss function from Equation 5. Our re-
sults in Figure 6 reveal a clear trend: o> * >A>[]. Across
all datasets and tasks, using both regularizations together
(denoted by o) leads to the highest accuracy, highest shift
invariance, and lowest MSB. Moreover, only using one of
Loundo Of Lpps also improves performance compared to
Lyiqsk- These results demonstrate the impact of each com-
ponent of our loss function on shift invariance and the in-
verse relationship between MSB and shift invariance.
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values of €, demonstrating the impact of L.ndo-

MaxPool TIPS
CNN Param. | Consistency T Param. | Consistency 1
ResNet-18 119 87.43 12.5 98.65
DenseNet-BC (k=24) [21] 15.3 90.02 16.9 96.71
ResNet-34 21.3 88.93 223 98.60
EfficientNet-B7 [44] 64.0 89.14 67.3 93.67

Table 6. Simply increasing the number of parameters in CNN
models does not improve shift invariance. However, using TIPS
as the pooling operator leads to architecture-agnostic gains.

6.2. Size of Models and Number of TIPS Layers

Table 6 shows that with max pooling, even a > 400% in-
crease in parameters (from 11.9M in ResNet18 to 64.0M in
EfficientNet) only results in a 1.71% improvement in shift
consistency. TIPS with ResNetl8 (a 5% increase in num-

ber of parameters from 11.9M to 12.5M), leads to a 11.22%
increase in shift consistency. This is observed across the
board for different architectures. Figure 11 shows that as
we train with more TIPS layers, shift invariance increases
and MSB decreases, further indicating the efficacy of TIPS.

6.3. Performance at Different Levels of Shift

In Figure 9, we demonstrate shift invariance under all
possible levels of shifts d€{0,1,..., D}, and observe that
circular shift consistency drops slower for TIPS than pre-
vious methods at higher degrees of shift. TIPS outperforms
other pooling methods on average and at all degrees of shifts
in terms of shift invariance as well as downstream accuracy.

6.4. Robustness Evaluation

Adversarial Attacks Recent studies reveal the vulnerabil-
ity of CNNs against adversarial attacks if they are optimized
for domain generalization [14] or shift invariance [43], and
a trade-off between adversarial robustness and other forms
of generalization [18,34,45]. We investigate ¢5 and /., ro-
bustness of TIPS (with ResNet-34 backbone) using PGD
and FGSM attacks from Foolbox [37]. Figure 10 shows
TIPS to have superior adversarial robustness compared to
previous methods; better shift invariance is generally corre-
lated with better adversarial robustness.

Patch Attacks We adopt the experiment setup from [4]
where square patches are randomly erased from the input
image and test models trained on the clean CIFAR-10 and
ImageNet datasets using a ResNet-18 backbone. Figure 10
demonstrates that TIPS outperforms other methods (pooling
and data augmentation) in robustness to such patch attacks.
On ImageNet, shift consistency is more pronounced than
other methods, especially when larger patches are erased.

Natural Corruptions We evaluated TIPS under an out-of-
distribution setting, where models are trained on clean im-
ages, but tested on images with natural corruptions [20] due
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Figure 11. With more downsampling layers, MSB (bubble diame- We introduce the Translation Invariant Polyphase Sampling
ter in the plot) decreases and shift invariance increases. (TIPS) pooling layer and regularization to promote low
MSB, resulting in state-of-the-art results for shift invari-
Method Clean| mCE| Noise Blur Weather Digital ance on several image recognition benchmarks, outperform-
VGG-19 258 816 8433 8650 72.00  84.00 ing data augmentation and contrastive learning strategies.
VGG-19+TIPS 251 811 8417 8613 7140 83.53 Our analysis reveals additional benefits of TIPS such as
ResNet-18 302 847 83.67 8775 7925 8325 improved robustness to adversarial attacks and corruptions.

ResNet-18 +TIPS  28.7 839 8827 8720 7840  83.00 . . L
e Our work lays the foundation for further investigations on

factors causing sensitivity to shifts of input signals in CNNs.

Table 7. Errors on clean (ImageNet) and corrupted (ImageNet-C)
test sets. Models are trained only on clean data. Acknowledgments. The authors acknowledge support
from UMBC ORCA, UMBC HPCF GPU cluster, and Kow-
shik Thopalli for valuable feedback. The views and opin-
ions of the authors expressed herein do not necessarily state
or reflect those of the funding agencies and employers.

to noise, blur, weather, or digital artifacts. Table 7 shows
that with TIPS, both the clean error and the mean corrup-
tion error (mCE) for VGG-19 and ResNet-18 improves.
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