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Abstract

Recent advances in neural image compression (NIC) have produced models that
are starting to outperform classic codecs. While this has led to growing excitement
about using NIC in real-world applications, the successful adoption of any machine
learning system in the wild requires it to generalize (and be robust) to unseen distri-
bution shifts at deployment. Unfortunately, current research lacks comprehensive
datasets and informative tools to evaluate and understand NIC performance in
real-world settings. To bridge this crucial gap, first, this paper presents a compre-
hensive benchmark suite to evaluate the out-of-distribution (OOD) performance
of image compression methods. Specifically, we provide CLIC-C and Kodak-C
by introducing 15 corruptions to the popular CLIC and Kodak benchmarks. Next,
we propose spectrally-inspired inspection tools to gain deeper insight into errors
introduced by image compression methods as well as their OOD performance. We
then carry out a detailed performance comparison of several classic codecs and NIC
variants, revealing intriguing findings that challenge our current understanding of
the strengths and limitations of NIC. Finally, we corroborate our empirical findings
with theoretical analysis, providing an in-depth view of the OOD performance of
NIC and its dependence on the spectral properties of the data. Our benchmarks,
spectral inspection tools, and findings provide a crucial bridge to the real-world
adoption of NIC. We hope that our work will propel future efforts in designing
robust and generalizable NIC methods. Code and data will be made available at
https://github.com/klieberman/ood_nic.

1 Introduction

Consider the Mars Exploration Rover, whose scientific objective is to search for clues to past activity
of water (and perhaps life) on Mars. To achieve this, the rover collects images of interesting rocks
and soils to be analyzed by the scientists on Earth. Sending these images down the Earth-bound data
stream in their original form is too slow and expensive due to limited bandwidth. Thus, it is well
accepted that image compression could play a key role in producing scientific breakthroughs [44].
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Employing image compression in such a setting is challenging for three main reasorfsigh) a
compression ratidgs desired due to low communication bandwidth, 2) given the battery-operated
nature of these devices, the compression module hadighteeightso it consumes less memory and
power, and 3)obustness and generalizatiom environmental noises and domain shifts, respectively,
are desired due to limited Mars-speci c training data. These requirements are not speci c to the
planetary exploration use case but also arise in a wide range of scienti ¢ applications which use
image compression in the wild [33].

Recently, neural image compression (NIC) has demonstrated remarkable performance in terms of
rate-distortion and runtime overhead on in-distribution (IND) datal f]—satisfying requirements

1) and 2). However, there is limited work on understanding the out-of-distribution (OOD) robustness
and generalization performance of image compression methods (requiremé&#it 8Jr work is

driven by several open fundamental empirical and theoretical questions around this crucial issue.

How can the expected OOD performance of image compression models be reliably assess¢d? Can
we gain a deeper understanding of the modus operandi of different image compression methods?
How do training data properties and biases impact data-driven compression methods?

Main Contributions:  This paper takes a critical view of the state of image compression and makes
several contributions toward answering the aforementioned quesfidrisst, we desigrtonpre-
hersivebencimark datasetdor evaluating the OOD performance of image compression methods.
Inspired by existing OOD benchmarks for classi cation and detectiaGnis, 57, 56], we design
CLIC-C and Kodak-C by introducing 15 common shifts emulating train-deployment distribution
mismatch to the popular CLIC and Kodak dataset®Next, we focus on understanding the image
compression performance. The de-facto approach is to use rate-distortion (RD) curves measured with
perceptual quality metrics, such as PSNR. Such scalar metrics, although easy to compute, are known
to be extremely limited in what they can capture and sometimes can even be misléagiing.[To
complement RD curves, we propasgedrally-inspiredinspedion toolsthat provide a more nuanced
picture of (a) compression error, and (b) OOD performance of a given method. Speci cally, we
introduce a power spectral density (PSD) based approach to understand the reconstruction error. Our
approach not only quanti es how much error was made but also highlights precisely where it was
made (in the frequency domain). Similarly, to understand the OOD performance of a compression
method in unseen deployment scenarios, we proposeer error heatmaps-a visualization tool for
highlighting the sensitivity of the reconstruction performance of a compression method to different
perturbations in the frequency domajn.Using our benchmark datasets and inspection tools, we
carry outa sysemmatic enpirical conparisonof classic codecs (i.e., JPEG2000, JPEG, and VTM)
with various NIC models ( xed rate, variable rate, and pruned versions of the scale hyperprior model
[9], as well as ef cient learned image compression (ELIZ)]). * Finally, we develogheoretical

toolsto connect NIC OOD performance with its training data properties.

Main Findings: Our analysis resulted in some invaluable insights about the state of image com-
pression. We summarize some of our ndings below.

» Conpresionmettodsyielding the sameP SNR(or bpp) canproducevery differentspedral arti-
facts. Our tools help uncover hidden spectral biases and highlight the limitations of de-facto RD
curve-based performance comparison.

 As the conmpresion rate increasesdifferent codecsprioritize different partsof the frequency
sped¢rum. By precisely characterizing this behavior, our tools help in advancing the current
understanding of the modus operandi of image compression methods.

» Imageconpresionmocelsgereralize to low- andmid-frequencyshiftsbeter thanhigh-frequency
shifts. This nding calibrates our expectations for image compression performance on OOD data.

» NIC mocklsarebeter at denoising high-frequencycorruptionsthanclassic codecs. This nding
reveals that unlike classic codecs, NIC models have an inherent spectral bias due to the image
frequencies present in their training data.

« Identifying the mostsuitableconpresionmethodbecomesexcegionally chalengng withoutthe
knowledgeof spedral chaaderistics of OOD shifts. Our systematic evaluation identi es this open
issue with current compression methods and suggests the design of next-generation NIC models
that can adapt themselves at runtime based on the spectral nature of the data to be a potentially
worthwhile direction to pursue in the future.
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