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Abstract—Efficient inference on low-resolution images requires
architectures that preserve discriminative information while
staying compact. Conventional downsampling in Convolutional
Neural Networks (CNNs), including max-pooling and strided
convolutions, often removes spatial detail that is critical for 32x32
inputs. In this paper, we present ELDER (Efficiency-driven Low-
resolution Downsampling Equivariance Review), a systematic
study of whether equivariance-preserving downsampling can
improve the accuracy-efficiency trade-off for low-resolution clas-
sification. On CIFAR-10, we compare a ResNet18 baseline against
four variants: No Pooling, No Stride, No Downsample, and Space-
to-Depth (SPD). The baseline achieves 76.18% accuracy with
11.2M parameters, while the best variant (No Stride) reaches
81.78% using only 570K parameters. Across variants, parameter
counts are reduced to 149K–2.8M, and improved accuracy is
accompanied by higher G-empirical equivariance deviation (G-
EED) scores in deeper layers. The modified models also show
better generalization, reducing both Generalization Gap and
Overfitting Index relative to the baseline. These results indicate
that downsampling design is an effective systems-level lever
for building accurate, compact, and robust CNNs for resource-
constrained low-resolution image classification.

Index Terms—Transformation Equivariance, Low-Resolution
Image Classification, Convolutional Neural Networks, Downsam-
pling, Overfitting

I. INTRODUCTION

Deploying image classification models on resource-
constrained platforms requires a careful balance between pre-
dictive performance and computational cost. This challenge
becomes more pronounced for low-resolution inputs, where
each pixel carries a large fraction of the semantic content.
Standard Convolutional Neural Networks (CNNs) rely on
downsampling operations such as max-pooling and strided
convolutions to reduce spatial dimensions and computation.
For 32x32 images, however, these operations can remove
critical spatial detail and high-frequency structure (Fig. 1).

A core property of convolution is transformation equivari-
ance: transforming the input should induce a corresponding
transformation in the feature representation [1]. Prior work
shows that common downsampling operations weaken this
property [2]. Pooling breaks strict equivariance by selecting
a single local activation, while strided convolution introduces
aliasing by skipping pixels [2]. When equivariance degrades,
robustness to small input perturbations also degrades, which
directly affects real-world deployment reliability.

(a) Sample CIFAR-10 images (32x32 pixels).

(b) Effect of traditional downsampling.

Fig. 1: Illustration of the core challenge in low-resolution
image classification. (a) Images from the CIFAR-10 dataset
are inherently difficult to discern due to their small size.
(b) Standard downsampling operations further degrade image
quality, discarding crucial spatial information that is vital for
classification.

To address this gap, we introduce ELDER, a controlled
evaluation setting for downsampling design in low-resolution
CNNs. Instead of proposing a new operator, ELDER studies
how common downsampling choices (pooling, stride, and
space-to-depth replacement) influence representation quality
and system-level trade-offs under a unified training proto-
col [5].

The contributions of this paper are two-fold: (1) a controlled
architectural study that isolates the impact of downsampling
choices on low-resolution CNN behavior, and (2) an analysis
that jointly reports equivariance behavior, predictive perfor-
mance, model compactness, and overfitting indicators.

II. RELATED WORK

Our research is situated at the intersection of equivariance
in neural networks, low-resolution architecture design, and
efficient Machine Learning (ML) system considerations.
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A. Equivariance in Convolutional Networks

The translation equivariance of the convolution operation
is a primary reason for the success of CNNs in computer
vision. However, perfect equivariance is often lost due to other
components in the network architecture. It has been shown that
deep convolutional networks can generalize poorly to small
image transformations, with pooling and striding identified as
primary causes of this issue [2].

Recent work has focused on quantifying this property.
For instance, studies have empirically measured the ”learned
equivariance” across different layers and architectures, re-
vealing how equivariance to transformations like rotation and
translation degrades through the depth of networks like ResNet
and Vision Transformers [3]. Other research has sought to
build equivariance directly into the network’s components.
The development of Scaling-Translation-Equivariant Networks
with Decomposed Convolutional Filters (ScDCFNet) is one
such example, where novel filter designs are used to explicitly
create models that are equivariant to scaling, demonstrating
superior performance in tasks requiring this property [4].

B. Architectures for Low-Resolution Classification

The challenge of information loss in low-resolution im-
ages has motivated the development of specialized network
components. One prominent approach is to replace standard
downsampling with lossless alternatives. The Space-to-Depth
(SPD) transformation was proposed as a new building block
to replace strided convolutions and pooling layers entirely [5].
SPD reshapes the feature map by moving spatial information
into the channel dimension, thereby preserving all information
while still reducing spatial resolution. This technique has
proven effective for low-resolution images and small object
detection.

Another strategy involves designing blocks that can capture
features at multiple scales simultaneously. The Multi-Kernel
(MK) Block, used in LR-Net, is designed to learn both local
and global features by combining outputs from different kernel
sizes [6]. This allows the network to better process details that
might be lost in a standard single-path architecture.

While these works introduce novel components, our study
complements them by systematically analyzing the specific
impact of modifying and removing existing, widely-used
downsampling operations within a standard baseline architec-
ture. This provides a controlled view of how equivariance
preservation affects both predictive quality and model effi-
ciency.

C. Efficient ML Systems Perspective

Efficient ML systems research emphasizes jointly opti-
mizing model quality and resource consumption, including
memory footprint, arithmetic cost, and deployment robustness.
Typical strategies include model compression, quantization,
operator-level optimization, and architecture-level redesign.
In this context, downsampling is not only a representational
choice but also a systems choice: it changes feature-map

sizes, channel widths, operator mix, and the overall compute-
memory profile during inference.

Our work focuses on architecture-level efficiency through
downsampling redesign. Instead of introducing heavyweight
auxiliary modules, we modify a standard ResNet18 backbone
using minimal structural changes, then evaluate the resulting
models with metrics relevant to efficient computing: accuracy,
parameter count, FLOPs, and generalization under input trans-
formations. This framing aligns low-resolution vision model-
ing with practical system constraints in edge and resource-
limited settings.

III. METHOD

Our methodology is centered on a comparative analysis of
a baseline architecture against several variants modified to
enhance transformation equivariance. This section details the
architectural design of our models and the metrics used for
their evaluation.

A. Architecture Design

The foundation for our investigation is the ResNet18 archi-
tecture, chosen for its moderate depth, which is well-suited
for low-resolution image classification tasks while minimizing
the risk of overfitting. Its established performance provides a
stable and common baseline, and its modularity facilitates the
controlled comparative analyses central to this study.

Starting with this baseline, we developed four architectural
variants. The modifications were guided by a core set of
principles designed to ensure a fair comparison. We preserved
the original number of layers and introduced only minimal
structural changes focused on the downsampling mechanism.
To maintain a comparable level of computational complexity
(FLOPs), we adjusted the channel depth in some convolutional
layers to compensate for the architectural changes. The vari-
ants are as follows (see Fig. 2):

1) No Pooling: In this variant, the initial MaxPool layer
of the ResNet18 architecture is removed. Consequently,
the spatial dimensions of the feature maps remain larger
in the early stages of the network. The number of
channels in subsequent layers was adjusted to maintain
a parameter count comparable to other variants.

2) No Stride: This model replaces all strided convolutions
within the residual blocks with standard convolutions
where the stride is set to 1. Downsampling is therefore
handled exclusively by the initial MaxPool layer, al-
tering how spatial information is reduced through the
network’s depth.

3) No Downsample: This architecture represents the most
direct approach to preserving spatial information by re-
moving all conventional downsampling layers. Both the
initial MaxPool layer and all strided convolutions are
eliminated. As a result, the feature maps maintain their
original input resolution throughout all convolutional
layers until the final average pooling.

4) SPD (Space-to-Depth): This variant replaces traditional
downsampling layers with the Space-to-Depth (SPD)
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Fig. 2: Architectural comparison of five models (Baseline, No Pooling, No Stride, No Downsample, and SPD) and the space-to-
depth mechanism used in SPD. Red boxes indicate removed layers, and green boxes indicate modified layers. The No Pooling
variant removes the initial MaxPool; No Stride sets the stride in Layers 2-4 to 1 with channel adjustments; No Downsample
removes both the initial MaxPool and downsampling strides in Layers 2-4; and SPD replaces the initial pooling stage with
an SPD block (block = 2) before a standard convolution. The right panel illustrates space-to-depth, which rearranges spatial
neighborhoods into channels (from S × S × C1 to S

2 × S
2 × 4C1), preserving information while reducing spatial resolution.

operation [5]. The SPD layer is a lossless transformation
that reorganizes spatial information from the feature map
into the channel dimension. This prevents the infor-
mation loss associated with pooling or striding while
still reducing spatial dimensions to allow for a deeper
network architecture.

B. Evaluation Metrics

To conduct a comprehensive evaluation, we employed a
suite of metrics designed to assess transformation equivari-
ance, classification performance, model efficiency, and the
degree of overfitting.

1) Transformation Equivariance: To quantify how well
each model preserves equivariance, we utilized the G-
empirical equivariance deviation (G-EED) score [1].
The score is formally defined as:

E(f,G) :=
1

|D||G|
∑
x∈D

∑
g∈G

m(f(gx), gf̂(x)) (1)

where f is the model under evaluation, G is a finite
transformation group, D is a finite input sample, and the
factor 1/(|D||G|) averages the deviation over all sample-
transformation pairs (x, g). For each pair, f(gx) is the
model output after transforming the input, and gf̂(x) is
the output predicted by equivariance. Following [1],

f̂(x) := Eh∈ker(ϕY )f(hx), (2)

where ker(ϕY ) is the subgroup acting trivially on the
output space; when the action on Y is faithful, f̂(x) =
f(x). The function m(·, ·) measures discrepancy be-
tween actual and equivariant outputs. In general, smaller

E(f,G) indicates smaller equivariance deviation (and
can reach 0 under exact matching, depending on m). In
this work, m is implemented as channel-wise negative
cosine similarity, so the reported values are negative and
less negative (higher) values indicate better equivariant
alignment. For our analysis, we measured G-EED scores
for three distinct transformation groups:

• Grotate: Rotations of 0◦, 90◦, 180◦, and 270◦.
• Gshift: Translations of 3 pixels up, down, left, and

right.
• Gscale: Scaling factors of 0.8, 0.9, 1.1, and 1.2.

2) Performance and Efficiency: Model performance was
primarily measured by test accuracy on the CIFAR-10
dataset. Model efficiency and computational complexity
were evaluated using two standard metrics: total Param-
eter Count and Floating-Point Operations (FLOPs).

3) Overfitting Analysis: To measure model generalization,
we calculated the Generalization Gap, defined as the
difference between the test error and the training error.
We also employed the Overfitting Index (OI) [7],
which provides a cumulative measure of the divergence
between training and validation performance across all
epochs. The OI is calculated as:

OI =

N∑
e=1

max(Loss Diff,Acc Diff) · e (3)

where e is the epoch number and N is the total number
of epochs. A lower value for both metrics indicates better
generalization and less overfitting.



IV. EXPERIMENTS

This section presents the empirical results of our study.
We evaluated the baseline ResNet18 and the four modified
architectures on the CIFAR-10 dataset, focusing on their
transformation equivariance, classification accuracy, model
efficiency, and generalization capabilities.

A. Training Configuration

All five models (Baseline, No Pooling, No Stride, No
Downsample, and SPD) were trained using identical hyper-
parameters to ensure a fair comparison. We trained for 30
epochs using the Adam optimizer with learning rate lr = 0.01
and weight decay λ = 5 × 10−4. For regularization, we
employed CrossEntropyLoss as the loss criterion. Learning
rate scheduling was managed using CosineAnnealingLR with
Tmax = 30 epochs and ηmin = 0.0005 for the minimum
learning rate.

B. Equivariance Analysis

To validate our primary hypothesis, we measured the G-
EED score for each of the four main layers in all five models.
A higher score signifies better preservation of transformation
equivariance. The results, as depicted in Fig. 3, demonstrate a
clear trend. While all models exhibit high equivariance in the
first layer, the baseline model shows a significant degradation
in this property in subsequent layers (Layers 2, 3, and 4). In
stark contrast, all four modified architectures - No Pooling, No
Stride, No Downsample, and SPD - consistently maintained
higher G-EED scores across these deeper layers compared
to the baseline. This finding provides strong evidence that
replacing or removing traditional downsampling mechanisms
effectively enhances the transformation equivariance of feature
representations throughout the network.

C. Classification Performance and Efficiency

The ultimate goal of enhancing equivariance is to improve
classification performance. Our results, summarized in Ta-
ble I, confirm a strong positive correlation between these
two aspects. The baseline ResNet18 achieved a final test
accuracy of 76.18%. All modified variants surpassed this
benchmark, with the No Stride model achieving the highest
accuracy of 81.78%. The other models also showed significant
improvements: No Pooling (78.79%), SPD (78.71%), and No
Downsample (77.47%).

Crucially, these accuracy gains were accompanied by sub-
stantial improvements in parameter and computational effi-
ciency. As reported in Table I, the baseline ResNet18 has
11.2M parameters and 141M FLOPs, whereas the modified
models range from 149K to 2.8M parameters and 140M to
225M FLOPs.

D. Generalization and Overfitting

In addition to improved accuracy and efficiency, the mod-
ified architectures demonstrated substantially better general-
ization and reduced overfitting. This is visually suggested by
the training and validation accuracy curves in Fig. 4, where

TABLE I: Comparison of Performance, Efficiency, and Gen-
eralization Metrics

Metric Base No Stride No Pool. No Down. SPD
Params 11.2M 570K 2.8M 149K 874K
FLOPs (M) 141 147 140 154 225
Test acc. (%) 76.18 81.78 78.79 77.47 78.71
OI 137.66 82.32 132.12 132.47 105.36
Gen. gap (%) 15.82 6.28 12.92 6.88 8.27

the gap between the two is narrower for the modified models
compared to the baseline.

We quantified this observation using the Generalization Gap
and the Overfitting Index (OI), with final values presented in
Table I. The baseline model showed clear signs of overfitting,
with a Generalization Gap of 15.82% and an OI of 137.66. In
contrast, all four modified architectures exhibited significantly
lower values for both metrics. The No Stride model, which was
the most accurate, also proved to be the best at generalizing,
with a Generalization Gap of just 6.28% and an OI of
82.32. These results indicate that the models with enhanced
equivariance are not only more accurate but also more robust,
learning features that generalize more effectively to unseen
data.

V. CONCLUSION

This work studied downsampling design as a joint
representation-and-systems problem for low-resolution im-
age classification. We showed that preserving transformation
equivariance through simple architectural changes yields con-
sistent gains in accuracy, compactness, and generalization.

Compared with a ResNet18 baseline (76.18%, 11.2M pa-
rameters), all proposed variants improved accuracy while
drastically reducing model size (149K–2.8M). The best overall
model, No Stride, achieved 81.78% with only 570K param-
eters and moderate FLOPs. These gains align with improved
G-EED behavior in deeper layers, supporting the link between
equivariance preservation and robust feature learning.

The main practical implication is that downsampling policy
is a strong systems-level lever: it shapes not only equivariance
and accuracy, but also parameter budget and computational
demand. For efficient ML deployments on resource-limited
platforms, the presented design space offers useful trade-offs
without introducing complex auxiliary modules. Future work
will extend this study with hardware-specific latency, memory,
and energy measurements, together with quantization-aware
evaluation on edge devices.
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