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Abstract. The growth in data volumes produced by scientific models is accelerating. Data production of high-resolution
weather and climate models is outpacing the methods and budgets for storing, sharing, and analysing this data, posing a threat
to scientific progress. Lossy data compression greatly reduces data sizes but loses some quality, detail, or precision of the origi-
nal data. Even though some lossy compressors promise size reductions of 100x or more, the lack of trust in lossy compression,
rooted in the risk of losing important information, has thus far limited their adoption. We introduce Compression Safeguards,
a user-centric and domain-independent framework to overcome this trust gap, with which (i) scientists declare their precise
safety requirements for what lossy compression must preserve, e.g. regionally varying error bounds on quantities derived from
the decompressed data, then (ii) wrap a compressor of their choice in the corresponding safeguards, which then (iii) guarantee
that the safety requirements are always met by the safeguarded compressor, at most at the cost of a reduced compression ratio.
The Compression Safeguards represent a paradigm shift: Data producers and users no longer carry the risks of lossy compres-
sion, having to manually check for problems after compression, but instead control up-front what needs to be safeguarded.
With the appropriate safeguards, trust can grow in all lossy compressors and even untrusted, potentially unsafe compressors
can be used safely and with confidence. Users thus no longer need to re-verify each new compressor for each new use case,
or to restrict themselves to few safe compressors and supported use cases. We showcase how our reference implementation of
the Compression Safeguards can be flexibly applied to safeguard important properties across several real-world examples from
weather and climate sciences for different compressors. The impact on compression ratio varies but is small in many cases.
The computational load increases during compression but is negligible during decompression. Altogether, Compression Safe-
guards provide a key modular tool that gives users the confidence to use lossy compression safely across scientific disciplines.
Safeguards can unlock the data reduction benefits of lossy compression and therefore solve many data storage problems across

the scientific community that otherwise hinder research.
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1 Introduction

The data volumes produced by scientific simulations are increasing rapidly (ECMWF, 2019) as computational resources have
grown with industrial, societal, and scientific demand. For example, weather and climate models have grown in resolution and
scope (Stevens et al., 2019; Rackow et al., 2025; Segura et al., 2025; Hadade et al., 2025). However, methodological improve-
ments and stagnating budgets for data storage, access, sharing, and analysis have not kept up with the typical exponential data
growth (Baker et al., 2014; Kunkel et al., 2014; Hart, 2017; Peters-von Gehlen et al., 2025), especially as storage costs have
increased. As the catastrophic impacts of extreme weather and climate are becoming increasingly apparent (Intergovernmental
Panel on Climate Change (IPCC), 2023), the societal demand for better and higher-resolution models, which produce even
more data, will grow further. Tackling this data volume challenge by reducing data storage requirements, transfer, and process-
ing costs at every step is thus an important task in supporting and unblocking research and operations in weather, climate, and
many other fields.

Data compression methods reduce the space required to store data. Lossless compression methods reproduce the bitwise
equivalent data during decompression, but no longer provide sufficiently high compression factors to handle the growth in
scientific data (Baker et al., 2014, 2016). Lossy data reduction can produce higher compression factors by only reproducing
an approximation, where some information from the original data has been lost. Lossy compressors can be based on methods
such as rounding, sampling, dimensionality reduction, model fitting, and more. Despite continuing advances in lossy data com-
pression that promise compression ratios of 100x (e.g., Liu et al., 2024; Huang et al., 2025; Han et al., 2026) or even 1000 x
(e.g., Huang and Hoefler, 2023; Mirowski et al., 2024; Liu et al., 2024), lossy compression has not been widely taken up by the
weather and climate modelling community (Hammerling et al., 2019; Baker et al., 2016; Tint6 Prims et al., 2024) or generally
across the computational sciences. Most importantly, the fear of losing information that may be relevant in a later analysis or
application of the data has been blocking its adoption (Baker et al., 2014). For instance, there is concern that lossy compression
may systematically distort the data, e.g. by smoothing out extreme weather events or violating the conservation of some derived
quantities (Baker et al., 2016). The failure to adopt lossy compression for model outputs because of these concerns and the
broader lack of trust is already hindering crucial scientific research: As scientific computing is pushing against storage limits,
e.g. with high-resolution Earth system modelling projects such as the Destination Earth Climate Change Adaptation Digital
Twin (Hadade et al., 2025), model outputs instead have to be quickly downscaled or discarded (Klocke et al., 2025; Cappello
et al., 2025).

Many lossy compressors are error-bounded and allow limiting the error introduced by lossy compression. While most scientific
compressors support bounding the pointwise error (e.g., Lindstrom, 2014; Delaunay et al., 2019; Liang et al., 2023; Huang
et al., 2025; Li et al., 2023; Fallin and Burtscher, 2024; Liang et al., 2022), either directly with no error correction or by
encoding residuals or outliers, others are designed for reducing global errors (e.g., Christopoulos et al., 2000; Seitola et al.,
2014; Li et al., 2023; Ballester-Ripoll et al., 2020; Liang et al., 2022). There have also been several efforts to establish and

discuss criteria for which levels of compression error can be tolerated without losing important information (e.g., Klower et al.,
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2021; Baker et al., 2024, 2017; Cappello et al., 2025; Baker et al., 2014, 2016; Tinté Prims et al., 2024; Reichelt et al., 2026;
Poppick et al., 2020; Baker, 2021; Huang et al., 2023; Sather et al., 2022; Pinard et al., 2021b, a). However, the large variety
in Earth system data and their downstream applications creates complex and diverse safety requirements that often go beyond
unified, simple error bounds (Cappello et al., 2025; Huang et al., 2023).

For some safety requirements, e.g. preserving topology, several new specialised compressors (e.g., Soler et al., 2018; Yan
et al., 2024; Agarwal et al., 2026; Fallin et al., 2026; Li et al., 2026) and some compressor-independent adaptors (e.g., Gorski
et al., 2025) have been proposed. Even though such specialised approaches can provide high efficiency, they need significant
effort from compression developers, do not cover all use cases, and often do not compose well to preserve several requirements,
while still asking users to find and trust one specific compressor implementation. There have also been efforts to preserve
arbitrary requirements across different compressors: The state-of-the-art QPET framework can preserve quantities f () derived
from the data x (Liu et al., 2025) but requires tight integration with compressors, i.e. cannot be used with compressors for which
specific software support has not yet been developed. The meta-compressor Opt ZConfig, in contrast, can wrap around any
compressor to tune its configuration to uphold any safety requirement, but would need to fall back to lossless compression if no
suitable configuration can be found (Underwood et al., 2022), e.g. because the compressor does not preserve missing values.

Altogether, there is currently no user-centric mechanism that (i) allows scientific users to formally specify their diverse
safety requirements, (ii) ensures that all of these requirements are consistently enforced simultaneously (Cappello et al., 2025),
(iii) works with any compressor without requiring tight software integration, all (iv) without falling back to globally-lossless
compression. In practice, users themselves have to take on the risks of lossy compression. Data producers and users are often
advised to always manually verify that lossy compression has not violated important properties of their data (e.g., Reichelt
et al., 2026). This approach is time-consuming, consequently only applied to data samples in practice and therefore error-
prone, particularly around edge cases, and does not foster confidence in the reliability of lossy compression. In particular, trust
is typically only gained with one compressor and in one configuration — changing either and the user is required to repeat
the verification. Without a reliable mechanism to automatically uphold safety requirements across different compressors and

datasets, trust in lossy compression naturally remains limited within the scientific community, which hinders its adoption.

To address this trust gap, we introduce Compression Safeguards — a user-focused framework designed to enforce user-defined
safety requirements and build trust in safe lossy compression. Instead of proposing yet another compressor or requiring users to
learn about, check, and trust each new compressor, the Compression Safeguards are fully general: They require no integration
and thus work with any current and future compressor, with any type of data, in any scientific domain, allowing users to
configure their Safeguards once and then benefit from the efficiency improvements in future compressors without needing
to configure or check again. With Compression Safeguards, users can declare any composition of safety requirements, such
as simple pointwise error bounds, complex regional quantities of interest such as preserving the wind divergence inside a
hurricane, or global requirements. These requirements are automatically checked for violations after compression and re-
established if necessary by producing per-point corrections. Instead of requiring trust in the complex compressor or the complex

method for correcting violations, the Safeguards, like QPET (Liu et al., 2025), check again to verify their own corrections,
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thereby guaranteeing that neither safety bugs in the compressor (e.g., Fallin and Burtscher, 2024; Reichelt et al., 2026) nor
the corrections can slip through. In short, the Safeguards provide hard guarantees that end users can rely on: they guarantee
safety, have a simplified, consistent, and cross-compressor-reusable protect surface that builds trust, are compatible with any
compressor, and their worst-case outcome is at most a reduced compression factor. Even compressors that are not error bounded
can be used safely with Safeguards — an especially important application as increasingly many modern lossy compression
methods are based on neural networks (e.g., Huang and Hoefler, 2023; Mirowski et al., 2024; Han et al., 2026), which are
inherently more difficult to validate and trust. We see Compression Safeguards as a necessary paradigm shift to address the
understandable lack of trust in lossy compression that exists as a psychological problem throughout the computational science
community.

The Compression Safeguards are designed to be always used, just like a car seat belt: They incur only minimal overhead in
storage and time if no corrections are needed, but automatically intervene to restore safety when necessary. We imagine Safe-
guards to become a new default component in modular lossy compression pipelines (e.g., Liang et al., 2023). These pipelines
may consist of the following components: preprocessing, tuning error bounds (e.g., Liu et al., 2025), lossy approximation (e.g.,
Delaunay et al., 2019; Liang et al., 2023; Li et al., 2023; Lindstrom, 2014), safeguarding (ours), lossless compression of the
approximation and any corrections, and full-stack optimisation of this pipeline (e.g., Underwood et al., 2022). With such a mod-
ular design, the responsibility for highly efficient and safe lossy compression is divided: The responsibility of the compressor
is to provide high compression ratios, even if safety requirements are sometimes violated. The responsibility of the Safeguards
is to guarantee arbitrary safety requirements, ideally only having to produce corrections rarely. Duplicate implementation work
is thereby reduced across the ecosystem, and users are empowered to switch out individual modular components depending on

availability or other data production constraints.

To enable the adoption of safeguarded lossy compression, we provide the compression-safeguards reference imple-
mentation, an open-source cross-platform Python package, which supports composing different safety requirements, works
with any compressor, supports novel non-pointwise safety requirements, and produces corrections that do not simply revert to
lossless compression. Our implementation works best with gridded integer or floating-point data but can also be repurposed
for unstructured and categorical data, e.g. integer-encoded time series data with missing values. We have also created two
user-facing frontends, i.e. easy-to-use interfaces for the compression-safeguards for specific use cases: numcodecs—
safeguards and xarray-safeguards integrate with the popular numcodecs compression application programming
interface (API) (Zarr developers, 2025) and the xarray ecosystem for labelled multidimensional and chunked data (Hoyer

and Hamman, 2017), respectively. All packages are published to the Python Package Index (PyPI).

In this manuscript, we present the Compression Safeguards for (a) scientists who would work with compressed data and require
confidence that lossy compression does not hinder their research, (b) producers of scientific data who would apply Safeguards
when compressing the data, and (c) developers of compression algorithms. Since not all sections may be relevant to every

reader, we mark which are focused on data-users [U], data-producers [P], and technical details [T]. In particular, we
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— introduce the Compression Safeguards Framework in section 2 [U, P, T],

— present the compression-safeguards reference implementation in section 3 [T] and its data-producer-facing

frontends in sections 3.5 and 3.6 [P],
— compare the compression-safeguards with prior work in section 4 [P, T],

— evaluate safeguarding different lossy compressors for several real-world, primarily weather and climate use cases in

section 5 and appendix B [U, P], including their (de)compression speed in sections 5.7 and 5.8 [P, T],
— discuss the results of the evaluation in section 6 [U, P, T], and

— conclude in section 7 [U, P, T] that the Compression Safeguards are a key modular component towards safe, trusted, and

fearless lossy compression, while also outlining where there is need for future work.

The compression-safeguards reference implementation (Tyree et al., 2026¢c) has a continuously updated online

documentation (Tyree et al., 2026a) with additional examples and analyses.

2 The Compression Safeguards Framework

Compression Safeguards enable users to declare their safety requirements for lossy compression and guarantee that they will
be upheld. We distinguish between the abstract concept of the Safeguards, which we refer to as the Compression Safeguards
Framework, and specific implementations of this framework. While this section introduces the abstract framework in detail,
section 3 presents our compression-safeguards reference implementation and its user-facing frontends.

The fundamental idea of the Compression Safeguards Framework is (i) to automate the process of checking user safety
requirements and (ii) to produce portable pointwise binary corrections that are applied to the lossy-decompressed data to
re-establish any violated requirements. To verify and guarantee that the produced corrections are safe, the corrections are
automatically re-checked. So long as the checks correctly represent the user’s intended requirements, trusting the Compression
Safeguards Framework therefore does not require trust in the compressor or how corrections are produced.

The Compression Safeguards Framework is designed to be implementation-independent and work with any digital data
format in any domain. It supports floating-point arrays of regularly spaced dimensions as well as integer or categorical data on
unstructured grids or dimensions. While lossy compressors typically rely on ordinal data to formulate an approximation, this is
not a requirement for the Safeguards framework per se. The framework only specifies the interoperable format of the pointwise
binary corrections and how to apply them. This limited specification allows different implementations of the Compression
Safeguards to co-exist and explore different use cases, strategies, and trade-offs for producing corrections, while also ensuring
that users can read safeguarded data produced by any implementation. Having an interoperable format additionally opens up
a future where popular data formats like HDFS (Folk et al., 1999) or Zarr (Miles et al., 2025) could support applying such

corrections transparently at decompression time. Data-users could then read safeguarded lossy compressed data, e.g. produced
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by weather forecasting centres using different implementations of the Safeguards, without needing to use custom software or

interact with the Safeguards directly.
2.1 What is a safeguard?
Each safeguard represents a user-provided safety requirement. It combines

1. adeclarative specification of the safety requirement,

2. a procedure to check if this requirement is met for some decompressed approximation & relative to the original data =z,

and

3. asafeguard- and implementation-specific procedure to compute the corrected data 2 that fulfils the requirement.

A binary correction b is derived from this corrected data Z. This correction b can later be applied to the approximation & to
correct it and reproduce the corrected data x. Importantly, while the approximation may not meet the safety requirements, the
corrected data is guaranteed to satisfy them.

Safety requirements of arbitrary complexity can be expressed as safeguards. For instance, a simple pointwise absolute error

bound safeguard over finite data can be specified as |%; — x;| < €qp5 for all indices .
2.2 Meta-compression with safeguards

Meta-compressors are compressor adaptors that wrap one or more internal compressors, allowing their functionality to be
extended or combined (Alted, 2010; Underwood et al., 2021). The Compression Safeguards Framework can be used in a meta-
compressor to construct a safeguarded compressor wherein one or more safeguards are wrapped around some compressor to
guarantee that the user’s safety requirements are always satisfied.

An overview of the meta-compression process is shown in Figure 1. At compression time, a safeguarded compressor requires
additional computation: the data x is first compressed, then decompressed to produce the approximation &, corrected if neces-
sary, and finally checked again to validate the corrections. The corrections need to be already computed during compression
when the original data is still known. At decompression time, the corrections can be cheaply applied without any knowledge
of how they were computed.

The Compression Safeguards Framework does not specify whether or how the compressed data and the corrections should be
stored together. This flexibility allows the framework to be adopted both ad hoc, when compressing new data with Safeguards,
or post hoc, when computing corrections for data that had been compressed before. Post hoc safeguarding is possible as long
as the original uncompressed data can still be accessed while computing the corrections. These corrections can then be stored
and distributed as a separate file, and later applied after decompression, all without having to modify the compressed data.
Importantly, storing corrections separately ensures that the unsafeguarded data can still be accessed directly whenever the

safety requirements do not need to be satisfied. Furthermore, separate storage would also allow the Safeguards to be integrated
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Figure 1. Overview of the dataflow in a safeguarded compressor, which guarantees that the user’s safety requirements by an arbitrary
compressor. During compression, the corrections for the decompressed data are produced and validated, and then later applied during de-
compression to correct the decompressed data. In the provided example on the left, the compressor hallucinates values for missing data, and

the Safeguards remove these hallucinations.
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with Magri and Lindstrom (2024)’s progressive decompression framework, which allows users to choose data accuracy during

decompression.
2.3 Implementation-agnostic and hardware-portable corrections

This technical section defines the interoperable binary format of the corrections. Given the approximation & and corrected data

Z, which may be integer or floating-point, the corrections b are stored in the following binary format, indexed with 4:
b; = as_bits(Z;) — as_bits(2;) (1)

where the as_bits function converts from the data’s original type to its binary unsigned integer representation, the binary
difference is computed using wrapping unsigned integer subtraction. Importantly, bis pointwise for each element in & and has
the same n-dimensional shape as the original data x.

The binary correction can later be applied to the approximation to reproduce the corrected data, which only requires a

pointwise wrapping unsigned integer addition per data point:
#; = from_bits(as_bits(Z;) + b;) 2)

where the from_bits function converts the binary representation back to the data’s original type. Since the Compression
Safeguards define their corrections with respect to the binary representation of the data, they can be applied to any data format,
from gridded floating-point to unstructured categorical, and can correct for any type of safety requirement, whether local, re-

gional, or global. Furthermore, this pointwise fixed-length binary format also naturally supports random-access.

Why is the correction encoded as a binary difference? For integer data, the binary difference is bitwise equivalent to the inte-
ger difference. For floating-point data, conversely, the binary difference is generally less concise since values with the same
floating-point difference may have different binary differences, which increases the entropy of the corrections, thus decreasing
their lossless compressibility. However, the difference between any two floating-point numbers cannot always be represented
with the same precision, e.g. while (a — b) + b = a mathematically, in 16-bit IEEE 754-2008 floating-point arithmetic (IEEE,
2008), (0.00000006 — 0.0001222) + 0.0001222 = 0.0000001 # 0.00000006, which could cause safety requirements to be vi-
olated (Fallin and Burtscher, 2024). While using two floating-point additions, with special rules for propagating non-finite
values, would be able to represent all differences, it would also double the correction’s size footprint. Furthermore, some
processors may flush subnormal floating-point values to zero and could thus cause two machines to apply the corrections
differently. While linear quantisation provides an efficient encoding for absolute error bound corrections (e.g., Di and Cap-
pello, 2016; Li et al., 2023), it cannot easily be extended to more complex safety requirements without needing to also store a
per-point-varying absolute error bound (Liu et al., 2025). Using binary differences sidesteps all of these problems, prioritising
hardware- and implementation-portable correctness, both in storage and when applying corrections, over a more compressible
corrections format.

Storing the pointwise binary corrections in addition to the lossy-compressed approximations will reduce the overall com-

pression ratio, particularly if many unique corrections are needed. To reduce the storage overhead of the corrections, they
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should be compressed losslessly (Tao et al., 2017; Liang et al., 2023), e.g. by combining an entropy encoding and a lossless
compressor such as Zstandard (Collet, 2021). Often, more than one binary correction can re-establish the safety require-
ments, and implementations can choose to produce fewer unique corrections to reduce their entropy. In particular, data points
that already fulfil the safety requirements should be left as-is, such that their correction is zero. If no corrections are required,
i.e. all corrections are zero, corrections do not need to be stored at all.

Even with these remedies, in the worst case of incompressible unique corrections for every data point, corrections may
take as much additional space as losslessly compressing the original data. While such a safeguarded compressor may not be
efficient, it would still be safe. If, in contrast, the lossy compressor is well-behaved and configured appropriately, only a few
sparse corrections may be required, whose storage cost scales linearly. Safeguarded compressor configurations could even be
tuned for higher combined compression ratios using existing compression optimisation frameworks such as OptZConfig

(Underwood et al., 2022), all while avoiding the fear and optimisation complexity of violating the user’s safety requirements.
2.4 The printer problem in safeguarding lossy compression

The Compression Safeguards Framework needs to know about all safety requirements that should be upheld. For example, if
the data is first safeguarded with an absolute error bound, and then later this safeguards-corrected data is safeguarded again
with a relative error bound, the resulting data may violate the original absolute error bound. Even applying the same safeguard
twice in a row can violate the guarantees. This is also known as the printer problem or generation loss (Reich and Heath-
cote, 2022): Every time a document is copied from a previously copied and printed document, new artefacts are added, and
errors may accumulate over time. To avoid the printer problem, the Compression Safeguards must only be used on the orig-
inal, uncompressed, and unsafeguarded reference data, and they must apply all safety requirements at once. When the safety
requirements need to change after safeguarding, the Compression Safeguards must be applied again to the original and decom-
pressed data to produce the new corrections. In the future, standardised metadata for lossy-compressed data could help with
warning about such compression error accumulation. A prototype for guarding against the printer problem is implemented in
the xarray—-safeguards frontend (see section 3.6). Additionally, future implementations of the Compression Safeguards
framework could provide the additional guarantee that the accumulated error is bounded, as with rounding, linear quantisation,

or ZFP (Fox et al., 2020).

3 The compression-safeguards Reference Implementation

We provide a reference implementation of the Compression Safeguards Framework, the compression-safeguards
Python package. Its design was guided by our goal of providing a cross-platform portable implementation that allows dif-
ferent safety requirements to be combined arbitrarily while keeping the runtime cost predictable and limited.

The compression-safeguards package is published open-source under the Mozilla Public License 2.0 on GitHub
(Tyree et al., 2026¢) and PyPI (Tyree et al., 2026f). To be portable, the compression—-safeguards are written in pure

Python and only require six dependencies from the Python Package Index, of which only two need platform-specific wheels:
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250 numpy, (Harris et al., 2020) Python’s fundamental package for scientific computing over n-dimensional arrays, which is
vectorised to achieve data parallelism, and numpy-quaddtype for IEEE 754 128-bit quadruple precision floating point
calculations. Future work could explore using the Python array API standard (Meurer et al., 2023) to support non-numpy array
computation backends such as CuPy (Okuta et al., 2017) for CUDA-accelerated computations on NVIDIA GPUs.

We have also published two frontend packages to PyPI. The numcodecs-safeguards package (Tyree et al., 2026h) im-

255 plements a meta-compressor for the numcodecs (Zarr developers, 2025) compression framework. The xarray-safeguards
frontend (Tyree et al., 2026i) provides support for the xarray (Hoyer and Hamman, 2017) ecosystem for labelled multidimen-
sional and chunked data, which enables parallelising the computation and application of corrections across multiple processors

and machines. The documentation for the reference implementation and its frontends are published in Tyree et al. (2026a).
3.1 Composing multiple safeguards using safe intervals

260 Instead of providing specialised safeguards for each specific use case, the reference implementation provides basic building
block safeguards, which can be composed using logical combinators to represent the user’s diverse safety requirements. When
computing the corrections for such a composed safeguard, care needs to be taken to ensure that the corrections from different
sub-safeguards do not conflict with and invalidate each other. Since the number of possible combinations increases quickly
when preserving multiple safety requirements, it is infeasible to support each combination with a custom correction algorithm.

265 While fixed-point iteration could be used to find corrections that satisfy all requirements, the runtime cost of such an iterative
approach would not be predictable.

Instead, the compression-safeguards implementation produces corrections in a chunking-friendly, communication-
free, and iteration-free one-shot algorithm that uses safe intervals to represent and compose corrections from different safe-
guards. A safe per-point interval, [; < Z; < h;, specifies a continuous range of data values that all satisfy the safety require-

270 ments, from an inclusive lower bound [ up to an inclusive upper bound u. In our reference implementation, each safeguard
produces a union of safe intervals for each data point. These unions are more expressive than absolute error bounds and can
represent exact, asymmetric, and disjoint value ranges, which allows producing better corrections. Since the original data z
always fulfils all requirements, the union of safe intervals must always contain x. Multiple safeguards can be combined, with-
out requiring explicit collaboration, by intersecting, unioning, or selecting between their unions of safe intervals. After the

275 safe intervals from all safeguards have been combined via intersection, the corrected value is chosen from each data point’s
union of disjoint safe intervals. To reduce the entropy of the resulting binary corrections, the compression-safeguards
implementation tries to choose fewer unique corrections with a HyperLogLog-inspired heuristic (Flajolet et al., 2007) that
maximises the number of leading and trailing zero bits in the total order binary difference between the approximation and

corrected value.
280 3.2 Preserving pointwise and stencil safety requirements

The compression-safeguards implementation can preserve a variety of safety requirements. Pointwise requirements

are checked independently for each data point and can directly be translated into pointwise safe intervals. For example, a
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pointwise maximum absolute error bound |z; — &;| < €455 can be transformed into the equivalent safe interval (x; — €gps) <
&; < (x; + €aps). The compression-safeguards implementation currently support the following pointwise safeguards

that bound the error over the data x for all indices :
1. maximum absolute error: (x; — €qps) < Ty < (@5 + €qps) fOr €4ps > 0.
2. maximum relative error: (x; — €pe; - [2;|) < & < (@i + €req - |24]) fOr €160 > 0.

3. maximum ratio error: min(x; / €,qtio; Ti * €ratio) < L3 < MaAX(T; * €ratios Ti / €ratio) fOT €ratio > 1.

The ratio error bound is sometimes also known as a decimal error bound, where €4ecimai = 10810 (€ratio)-

The error over a pointwise derived quantity of interest f(x) can similarly be bounded (see section 3.4). Additionally, the
compression-safeguards implementation also has safeguards to preserve a specific value ¢ inclusively, (x; = ¢) —
(Z; = ¢), or exclusively, (z; = c) <> (&; = ¢), and to preserve the sign of the data, optionally relative to a zero-by-default
isovalue.

Even for these simple safeguards, special care must be taken to handle edge cases correctly, e.g. floating-point rounding
errors, non-finite values, and wrapping integer arithmetic (Fallin and Burtscher, 2024). The error-bounding safeguards always

preserve infinite values with the same bit pattern, and can preserve NaN values with the same or with an arbitrary payload.

Some safety requirements are defined as a function over a small local neighbourhood around each data point in a regular grid.
This neighbourhood is called a stencil, and it can be thought of as a window that moves over the data, e.g. to compute the data
derivative using finite differences. Whereas each point is independent in pointwise safeguards, stencils may overlap, and so in
stencil safeguards the points and their corrections are interdependent. Furthermore, the data’s boundary conditions have to be
taken into account to ensure that the requirements are correctly preserved, e.g. along a periodic axis. The compression-
safeguards implementation provides stencil safeguards to preserve error bounds over user-defined derived quantities of
interest f () over local neighbourhoods.

Producing pointwise-independent safe intervals for stencil safeguards results in suboptimal corrections, since satisfying
a safety requirement without knowing how the neighbouring points will be corrected requires conservatively restricting all
corrections. For instance, an affine transformation such as £ = 3z + 1 preserves the monotonicity of the input but this cannot
be represented by safe intervals. An implementation of the Compression Safeguards Framework that uses different strategies,
such as incremental (e.g., Jiao et al., 2022) or iterative corrections, may be able to produce less pessimistic corrections and

higher compression ratios. We explore iterative and incremental corrections in section 5.7 and appendix B9, respectively.
3.3 Logical and regional compositions of safeguards

Users may have regionally varying safety requirements that are stricter in areas with important domain-specific features,
e.g., around local extrema or critical points. In the compression-safeguards implementation, safeguards can be made

regionally-varying using late-bound constant parameters. When declaring their safety requirements during the one-time data-
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independent safeguard configuration, users only need to provide the name of a late-bound parameter but not yet its value. The
values of all late-bound parameters only have to be provided when later computing the corrections for some specific data, al-
lowing these values to be data-dependent, e.g. the data’s coordinates or a mask. These late-bound parameter values are treated
as constant.

The error-bounding safeguards can be configured with a late-bound error bound array, such that the error bound can vary
arbitrarily per-point across the data domain. Furthermore, the value-preserving and sign-preserving safeguards allow their
sentinel / isovalue to be late-bound. Late-bound parameters can also be used in a logical select combinator, which takes a
late-bound index array to select, per point, which of a collection of combined-over safeguards must fulfil its requirements for
this point. The select combinator can be used to represent a discrete set of regions of interest.

The compression-safeguards implementation also provides an “any” combinator for logical disjunctions over mul-
tiple safeguards, an “all” combinator for logical conjunctions, and an assumed-safe safeguard. Intuitively, for each data point,
at least one safeguard in the any combinator must fulfil its requirements, whereas all safeguards must fulfil their requirements
in the all combinator. While the “all” combinator directly maps to the intersection of safe intervals, the “any” combinator
over non-pointwise safeguards is not equivalent to the pointwise union. For the assumed-safe combinator, every data point is
assumed to be safe, which can be used together with the select combinator to apply some safeguard only in particular regions
of interest.

The logical any, all, and select combinators can combine over both pointwise and stencil safeguards, e.g. to preserve iso-
surfaces and gradients inside a hurricane. They are themselves pointwise if they only combine over pointwise safeguards.
When the combinators combine over stencil safeguards, the influence of every point is explicitly tracked since a failure of
the per-point check may be related to any data point in the stencil, and equivalently, one data point correction can impact all

neighbouring points in whose stencils it is.
3.4 Safeguards for derived quantities of interest

Derived quantities of interest (Qols) refer to domain- and use-case-specific functions f(x) that are computed over the data
x. The compression-safeguards implementation can preserve pointwise absolute, relative, and ratio error bounds over
both pointwise and stencil Qols. The error bounds are first translated into safe intervals over the evaluated Qol. This user-given
quantity of interest, which is written in Python-like syntax, is then traversed as a symbolic expression tree to propagate the safe

! is applied to determine the safe

intervals. At each expression node, which represents a function g(a), the inverse function g~
intervals over a. For functions where no unique inverse exists, e.g. the periodic sin(a), the piecewise inverse is used instead.
While periodic functions may produce a union of disjoint safe intervals, only one branch is currently followed to bound the
runtime cost. For functions with several data-dependent parameters, e.g. a weighted sum, the flexibility in the safe intervals is
distributed conservatively amongst all data-dependent parameters such that all possible combinations remain safe.

The quantities of interest are evaluated using numpy in a configurable floating-point data type that provides sufficient
precision to losslessly represent all values of the data z, e.g. at least f1oat 64 for int 32 data. Special care is taken to handle

all edge cases correctly, including NaN, infinity, and —0.0. At each expression node, the propagated safe intervals are checked
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for these edge cases and possible rounding errors, followed by the final check of the corrections, to guarantee that the produced
corrections are indeed safe. Since numpy does not guarantee correctly-rounded floating point operations, future work could
investigate quantity of interest evaluation that is cross-platform reproducible.

The compression-safeguards implementation supports many novel quantity of interest features that are listed and
compared with prior work in Table 2 in section 4. For instance, they support forward / central / backwards finite differences
of arbitrary order and with an arbitrary order of accuracy (Fornberg, 1988), over any axis on a regular grid, with a constant
grid spacing or arbitrary constant gridpoint positions, and an optional grid period such as 360° longitude, even for chunked
data. Furthermore, comparisons and logical combinators can be composed to preserve monotonic sequences or critical points
and local order (Fallin et al., 2026) and to optionally limit requirements to dynamically identified regions of interest such as
hurricanes. More broadly, different safeguards, regionally varying, with quantities of interest and late-bound constants, can
be composed to describe and enforce many diverse safety requirements, or can often at least preserve a more conservative
invariant, which makes the compression-safeguards more flexible and reusable than if it only supported specific safety
requirements. The online documentation provides some general tips and tricks for composing these various features to translate

safety requirements into safeguards (Tyree et al., 2026b).
3.5 The numcodecs—-safeguards frontend

The numcodecs Python package defines a minimal interface for compressing n-dimensional arrays (Zarr developers, 2025).
The numcodecs-safeguards frontend provides the SafeguardedCodec, a meta-compressor for the numcodecs
API, which follows the data flow in Figure 1 and works with any deterministic numcodecs-compatible codec. It produces
one combined byte stream that includes the compressed data, the losslessly compressed corrections, and a checksum of the
corrected data, which is used to guard against non-deterministic decompression that might invalidate the safety requirements.
If no corrections are required, they are excluded from the output entirely.

Since the Compression Safeguards Framework does not prescribe how corrections should be losslessly compressed, the
SafeguardedCodec provides a reasonable and overridable default: The corrections are first tokenised, then the most fre-
quent correction is extracted into a bitmap, followed by a byte shuffle, and the resulting bytes are compressed with Zstandard
(Collet, 2021). This pipeline is applied to the corrections or the 1D binary deltas over the corrections, depending on which pro-
duces better compression. In contrast to standard Huffman coding, these transformations are easily vectorisable and produce
byte-aligned symbols that well-suited for the byte-based Zstandard compressor.

The SafeguardedCodec extends the compression-safeguards by providing an experimental flag to iteratively
reduce the one-shot corrections to improve compression ratios at the cost of extra compute time (see section 5.5 and appen-
dices B6 and B7). In contrast to incremental corrections, which are briefly explored in appendix B9, this iterative process does
not compute new corrections but instead checks if some data points can safely skip their corrections. The Safeguarded-

Codec can also produce lossless corrections that reproduce the original data exactly, which may also be iteratively reduced.
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Compression in numcodecs operates on unlabelled data without explicit support for data chunking, and numcodecs-
based tools thus typically compress each chunk independently. Since only pointwise safety requirements can be preserved

independently across chunks, chunked data should instead be compressed with the xarray-safeguards frontend.
3.6 The xarray—-safeguards frontend for parallelisation over chunked data

Large datasets often no longer fit into a computer’s working memory and are instead split into chunks such that computa-
tions can be distributed in time and across multiple processors and machines. The xarray-safeguards frontend expands
the compression-safeguards to support parallelisation over chunked data by integrating with the xarray ecosys-
tem (Hoyer and Hamman, 2017) for labelled multidimensional and chunked data. Unlike the SafeguardedCodec, the
xarray-safeguards can safely produce per-chunk corrections even for non-pointwise stencil safeguards.

To avoid the need for synchronisation between the chunks, preserving stencil safeguards across chunk boundaries requires
read-only access to data and approximation elements from adjacent chunks. Computing chunked corrections is, however, non-
trivial since each data point is not only affected by the data values inside its local neighbourhood, but also by the safety
requirements that all points inside this neighbourhood have and impose back on it. Therefore, computing the corrections for a
chunk requires access to the stencils of the boundary points as well as all the neighbourhoods of the points in these stencils,
which are likely outside the original chunk. For example, when safeguarding a second-order finite central difference, which
uses a stencil of size [x — h;x+ h], a double-stencil of size [x —2h;x+2h] is needed. This is further complicated when multiple
safeguards are combined, all of which may use different stencils with different boundary conditions.

In contrast to the all-in-one ad-hoc high-level meta-compression API of the numcodecs-safeguards package, the
xarray-safeguards provide a lower-level functional API where corrections are produced and applied lazily and data
coordinates are automatically made available as auxiliary parameters. Corrections also remain separate from the compressed
approximation such that the user can freely choose how to losslessly compress corrections and where and how to store them,
e.g. in the same or a different dataset, using any data format of their choice. This makes the xarray—-safeguards great for
post hoc adoption of the Compression Safeguards: Corrections can be computed long after the original data was compressed —
as long as the original data is still available — then distributed to users in separate files, which are then recombined at dataset-load
time. Since the xarray—-safeguards frontend works with labelled data arrays that support metadata, it also implements
some simple protections against accidental occurrences of the printer problem, e.g. producing corrections for already-corrected

data or without the original data (see section 2.4).

4 The compression-safeguards in Comparison with Prior Work

The Compression Safeguards Framework follows the increasingly popular approach of correcting errors from an initial com-
pression step, whether by storing smooth residuals (e.g., Huang et al., 2025) or by encoding outliers losslessly (e.g., Liang et al.,
2023; Liu et al., 2025) or lossily (e.g., Li et al., 2023), but generalises it to novel and composable safety requirements with a

focus on end-user convenience and safety. Tables 1 and 2 compare the characteristics of the compression-safeguards
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reference implementation and their support for quantities of interest with QoI-SZ3, QPET, MGARD-QoI / MGARD-A, and
OptZConfig.

QoI-SZ3 (Jiao et al., 2022) extends the SZ3 compressor by analytically deriving per-point absolute data error bounds that
bound the absolute error over a derived quantity of interest. These per-point data error bounds have to be stored as part of the
compressed data so that they can be used in SZ3’s quantiser.

QoI-SZz3 supports quantities of interest that contain polynomials, logarithms, or square roots, and may also preserve regional
averages as well as isosurfaces over the Qol (see Table 2).

QPET (Liu et al., 2025) is the successor to QoI -SZ3 and bounds the absolute or range-relative error over a derived quantity of
interest. It derives approximate per-point absolute data error bounds using the symbolic derivative over the quantity of interest.
In case these approximate data error bounds exceed the quantity of interest’s error bound, QPET losslessly encodes the out-
lier data points. QPET can be coupled to existing compressors, e.g. in QPET-SZ and QPET-SPERR (see section 5.2). QPET
supports pointwise and blockwise quantities of interest that contain polynomials, exponentiation, logarithm, trigonometric and
hyperbolic functions, but not their inverses, the sign and absolute value functions, as well as isosurfaces (see Table 2).
MGARD, Multi-Grid Adaptive Reduction of Data (Liang et al., 2022), is a lossy compression framework that recursively decom-
poses the data grid, using linear interpolation to approximate the residuals from coarser levels, until a user-chosen error bound
for an arbitrary error norm is met. The MGARD—Qo1I variant (Ainsworth et al., 2019) can bound errors over those quantities
of interest that can be expressed as bounded linear functionals, e.g. the arithmetic mean over the data, but not a non-linear
function such as sin(z) or the percentage of points exceeding an error threshold (Baker et al., 2017; Underwood et al., 2022).
The experimental MGARD-Lambda variant (Banerjee et al., 2022) additionally supports preserving those non-linear quantities
of interest that can be converted into linear constraints under simplifying assumptions.

OptzConfig (Underwood et al., 2022) is a meta-compressor in the 1ibpressio compression framework (Underwood
et al., 2021) that allows auto-tuning the configuration of a lossy compressor via iterative black-box optimisation to target or
preserve some metric. Opt ZConfig can optimise for any user-defined metric that produces a single scalar output, such as a
specific compression ratio or quantity of interest, using a variety of efficiently parallelised search functions. While Opt ZCon—
fig may sometimes produce higher compression than other approaches, it cannot guarantee that a safe configuration can be

found, and would thus require a global lossless fallback.

A clear distinction of the Compression Safeguards is that they operate entirely based on post-processing after compression,
which is treated as a black box and not manipulated by the Safeguards, whereas all other methods operate mainly before
compression, typically to inject data error bounds, and thus require some level of integration and further fallbacks.

Most of the above compressors support pointwise absolute error bounds, including over the quantities of interest, though
MGARD-QoTI and OptZConfig stand out for supporting arbitrary error norms. Similarly, while most compressors only sup-
port structured grids, or unstructured data packed into a 1D array, MGARD supports unstructured grids and Opt ZConfig can
work with any data. The compression-safeguards implementation can handle unstructured 1D data when using only

pointwise safeguards, but stencil safeguards still require a structured grid to define their local neighbourhoods.
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EGUsphere\

QPET

MGARD-Qol/)\

Qol-SZ3
Method Per-point absolute

error bounds
Compressor SZ3
-Integration Coupled, pre-processing

Data Domain Structured grid, pointwise-

only unstructured

Error Norm Pointwise absolute
Qols based on Symbolic analysis
.. with input Multi-variable

.. with output Pointwise, block mean

.. with safety Symbolic

.. across chunks  Only pointwise

Iteratively tuned per-point
absolute error bounds, with
per-point lossless fallback
SZ3, SPERR, ...

Coupled, pre-processing
Structured grid, pointwise-
only unstructured

Pointwise absolute, range-relative
Symbolic & numeric analysis
Multi-variable

Pointwise, block mean
Numeric from fallback

Only pointwise

Finite-element

decomposition

MGARD

Coupled, pre-processing
Structured and
unstructured grid
Arbitrary

Symbolic analysis
Single-variable
Pointwise, bounded
Symbolic

Only pointwise

Complexity O(Qoly) O(Qoly) + O(Qol,) - it O(Qoly)-N
OptZConfig Safeguards (ours)
Method Iterative compressor config Per-point non-lossless
black-box optimization corrections
Compressor Arbitrary™ (black box) Arbitrary (black box)
-Integration Meta-compressor, pre-processing Meta-compressor, post-processing

Data Domain

Error Norm

Qols based on

... with input / output

... with safety
... across chunks

Complexity

Structured grid, extensible*

From libpressio, extensible®
Black-box evaluation

Stacked variables / Scalar global result
Not guaranteed without lossless fallback
Only pointwise

O(Qoly) - it

Structured Grid, pointwise-only
unstructured

Pointwise absolute, relative, ratio
Symbolic and numeric analysis
Stacked variables / Pointwise, stencil
Numeric from corrections
Pointwise and stencil

O(Qoly) - O(log O(Qol))

Table 1. Comparison of the characteristics of the compression-safeguards reference implementation and quantity-of-interest-aware

error-bounded lossy compressors. The complexity is expressed in terms of evaluating a quantity of interest QoI over N elements in O(Qol ),

while evaluation over a subset k for a number of iterations it takes O(Qol},) - it. The Qol’s expression tree depth is denoted O(log O(Qol)).

(%) : OptZConfig can be manually extended to support arbitrary compressors, data domains, error norms, and quantities of interest.
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QolI-SZ3 QPET MGARD-Qol/A  OptZConfig Safeguards (ours) Evaluation
Non-finite Qols X v Ve v
Polynomials v v v e v 5.5,5.6, B6 & B8
Symbolic integers X X X v v
Exp and Log onlylog v X v v B4
Abs and Sign v X v v
Trigonometric X no inverse X v 4 5.6
Hyperbolic X no inverse X v v
Rounding X X X v v B8
Modulo X X X v 4
Isosurface v v X v v
Mean block block arbitrary arbitrary™ stencil B9
Finite Difference X X X v v 5.6 & B6
Comparison X X X v v
Classification X X X 4 v B8
Combinators all all X arbitrary™ not, any, all, where
Auxiliary Data X X X v v 5.6 & B6
Data Boundaries X X X v/ v 5.6
Summary Linear +  Differentiable Bounded linear Arbitrary™ Piecewise-invertible

Table 2. Supported features by quantity-of-interest-aware lossy compressors, QoI-SZ3, MGARD-Qo1I, and meta-compressors, QPET,
OptZConfig, and the compression-safeguards. For each feature, the evaluation sections where the feature is used are listed.
(x) : OptZConfig can support arbitrary quantities of interest but requires the user to manually implement them, typically in C++. Qols
have to return a single scalar error metric, e.g. to describe whether the Qol is satisfied for all data points. Crucially, Opt ZConfig cannot

guarantee that a safe configuration can be found, and safely using Opt ZConfig requires a possibly-external global lossless fallback.
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The compression-safeguards implementation of quantities of interest builds on the symbolic analysis of Qols as
expression trees in Q0I-SZ3 and QPET. QPET and the compression—-safeguards both combine symbolic and numeric
analysis of the quantity of interest and guarantee correctness using corrections. In contrast, Q0 I-Sz3 and MGARD-QoTI only
provide symbolic correctness, which may be violated through inaccurate floating-point arithmetic, and Opt ZConfig does not
guarantee safety. While QoI-SZ3 and QPET derive symmetric data error bounds, with QPET correcting outliers losslessly,
the compression-safeguards produce asymmetric safe intervals from which non-lossless corrections are chosen. All
compressors support at least pointwise quantities of interest. Qo I-SZ3 and QPET support multi-variable compression out of
the box, but Opt ZConfig and the compression-safeguards require multiple variables to be stacked into one array.
While QoI-SZ3 and QPET support block means over a quantity of interest, the compression-safeguards provide the
more expressive moving window stencil safeguards.

In terms of complexity and runtime cost, QPET is expected to be more efficient than QoI-SZ3 and the compression-
safeguards since the combination of a small number of compression iterations with lossless outlier correction is often
faster than propagating error bounds through a quantity of interest. For the compression-safeguards implementation,
the complexity comes primarily from having to evaluate the quantity of interest at each node of the expression tree to guarantee
that numeric rounding errors do not cause violations of the error bounds.

Like Opt ZConfig, the Compression Safeguards are an end-user-focused solution that is compatible with any compressor
and works across domains. Overall, the black-box optimiser Opt ZConfig provide the greatest flexibility for the end-user,
as any data with any quantity of interest can be preserved for any compressor, so long as it is able to find a safe compressor
configuration, which may be impossible if the wrapped compressor cannot be configured to provide lossless compression, e.g.
with a zero error bound. However, extending Opt ZConfig to support e.g. boundary conditions requires manual implemen-
tation, whereas many such features are directly provided by the compression—-safeguards implementation. Common
tasks like preserving missing values, regionally varying error bounds, simple quantities of interest using auxiliary variables and
boundary conditions can be directly and concisely configured, and more complex safety requirements can be composed from
several safeguards. Furthermore, as Opt ZConf ig can only tune global parameters, it would have to fall back to fully lossless
compression to provide safety in cases where the compressor cannot be configured to preserve a requirement, e.g. missing
values, whereas the Compression Safeguards always guarantee safety and would, in this case of missing values, only need to
produce a few corrections.

Overall, Compression Safeguards provide a previously missing last line of defence for end users. They guarantee that the
user’s safety requirements are always met, support novel safety requirements, and can be used with any compressor, including
QoI-SZ3, QPET, MGARD-QoI / MGARD-\, and OptZConfig, to combine their strengths with the guaranteed safety that

the Compression Safeguards provide.
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5 Experimental Evaluation

We evaluate the compression-safeguards reference implementation on a variety of real-world datasets and analyses us-
ing the numcodecs—-safeguards.SafeguardedCodec meta-compressor. While some examples are generic, others are
taken from weather and climate analyses. The goal of our evaluation is to (i) explore how different lossy compressors perform
across diverse use cases, (ii) showcase how the compression-safeguards can protect important safety requirements,
and (iii) examine the impact of safeguarding on compression ratios, compression throughput, and compression error distribu-
tions. All evaluation codes and datasets are available in Tyree et al. (2026e). The specific version of the code and analyses used
to produce the results in this manuscript has also been published in Tyree et al. (2026g) under version 1.0.0rcl.

This evaluation does not cover all features of the compression-safeguards implementation. In particular, preserving
regionally varying safety requirements, topological features such as isosurfaces and critical points, and applying Safeguards
over chunked data with the xarray—-safeguards frontend, are all excluded for brevity. The online documentation provides

additional examples and guides for these use cases and more (Tyree et al., 2026a).
5.1 Datasets

In the evaluation, we choose publicly available datasets that reflect common difficulties in compressing weather and climate
data: humidity and precipitation for non-normal distributions, satellite and fire danger data for missing values, and wind because

vorticity is a common derived quantity, which uses wind gradients:

1. ERAS is a comprehensive reanalysis of the global climate and weather, which is produced by the European Centre for
Medium-Range Weather Forecasts (ECMWEF). ERAS5 combines observations with the IFS numerical weather prediction
model to reproduce the global state of the atmosphere, land surface, and ocean waves, filling gaps in observational data
to produce a complete dataset, gridded regularly in space and time (Hersbach et al., 2020). We use

(a) the specific humidity (Hersbach et al., 2018a) for 02 April 2024 at 12:00 at 850hPa (4.0MiB), and
(b) the u and v wind components (Hersbach et al., 2018a) for 02 April 2024 at 12:00 at 500hPa (7.9MiB), and
(c) the single-level hourly total precipitation (Hersbach et al., 2018b) for 02-04 April 2024 (285.2MiB).

2. The energy release component of the ERAS-derived global daily fire danger index (Copernicus Climate Change Service,
Climate Data Store, 2019) for 18 July 2024 (4.1MiB).

3. The global 6-hourly total column water vapour over ocean derived from satellite observations (Copernicus Climate

Change Service, 2022; Andersson et al., 2021b, a) for 02 August 2020 (3.5MiB).

We have also made these datasets, their licenses, and download scripts available in Tyree et al. (2026d). The datasets are also
deliberately kept small. Weather and climate datasets are usually chunked in practice, often along the time dimension, with

chunks typically of size 1-10MiB (Hassell and Cimadevilla Alvarez, 2026). We therefore evaluate mostly on single timesteps
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of 2D fields, which are sufficient to demonstrate cases of unsafe compression and assess how the Safeguards resolve them.
However, we acknowledge that scientific compressors are often evaluated on much larger datasets (e.g., Zhao et al., 2020;

Reichelt et al., 2026; Han et al., 2026) where they can produce higher compression ratios.
5.2 Compressors

We compare the compression-safeguards with ZEP-ROUND, abbreviated henceforth as ZFP, and SZ3, SPERR,
OptZConfig, and QPET-SPERR. ZFP (Lindstrom, 2014; Diffenderfer et al., 2019) is a transform-based error-bounded
lossy compressor that processes n-dimensional data in 4 X ... X 4 blocks. The values in each block are decorrelated, reordered
by magnitude, and concatenated into a bitstream that can be truncated to satisfy a user-provided compression target, e.g. a
specific compression ratio or an absolute error tolerance. The ZFP—-ROUND variant eliminates the error bias in the original im-
plementation (Diffenderfer et al., 2019; Hammerling et al., 2019). S23 (Zhao et al., 2021; Liang et al., 2023; Liu et al., 2024)
is a modular prediction-based error-bounded lossy compressor that consists of preprocessing, prediction, lossy quantisation,
entropy coding, and lossless compression. SZ3 supports bounding the pointwise absolute or range-relative error, combinations
of the two, the peak signal to noise ratio, or the Lo error, all of which are transformed into pointwise absolute error bounds.
Several domain-optimised configurations and expansions of SZ3 have been published, including C11iZ for climate data (Jian
et al., 2024). The SPERR compressor (Li et al., 2023) combines wavelet-based lossy compression with quantised outlier cor-
rections to bound the pointwise absolute error. SPERR is tuned to produce around 2% outliers, which minimises the combined
cost of compression and corrections. OptZConfig (Underwood et al., 2022) is a meta-compressor that automatically tunes
the wrapped compressor’s configuration to optimise a user-defined metric, e.g. to bound the error over a quantity of interest
while also increasing compression ratios. While Opt ZConfig cannot guarantee safety, it can often identify safe and efficient
compressor setups. QPET—SPERR (Liu et al., 2025) integrates SPERR with QPET to bound the absolute or range-relative error
over a derived quantity of interest. It derives and auto-tunes an approximate global absolute error bound over the data that
is passed to SPERR, and losslessly encodes data points to correct violations in the quantity of interest (see section 4 for fur-
ther details). These compressors cover important classes of scientific lossy compression with a focus on reducing local errors:
ZFP is block-transform-based, SZ3 is predictive, SPERR is wavelet-transform-based, and Opt ZConfig and QPET represent
the state of the art in preserving quantities of interest. Please refer to Di et al. (2024) for a survey and taxonomy of further
error-bounded lossy compression methods.

For compression, we use the numcodecs-wasm (Tyree, 2026) project, which adapts many popular scientific compressors
to the numcodecs compression API (Zarr developers, 2025), compiles them to platform-independent WebAssembly bytecode,
published as Python packages, and then executes each compressor in its own sandbox, making compression fully reproducible
across different platforms. Please refer to Reichelt et al. (2026) for further details on numcodecs-wasm.

Table Al lists the versions of all compressors that we evaluate. We test v3.3.2 of SZ 3 unless otherwise specified, but addi-
tionally compare against v3.2.2 in section 5.4 to highlight how compression-safeguards would have protected users
from a bug in v3.2.2. We intended to compare both QPET-SPERR, where QPET derives a global absolute error bound for
SPERR, and QPET-SZ, where QPET derives per-point absolute error bounds for SZ3. Unfortunately, QPET-SZ is tightly
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coupled to an outdated version of SZ3 and crashed in our evaluations, and the authors were unable to fix the underlying bug
in time. We also do not compare with the quantity-of-interest-aware MGARD—QoI compressor because of its high computa-
tional complexity. Please refer to Underwood et al. (2022) for a comparison between MGARD-Qo1I and OptZConfig, which
concludes that Opt ZConfig outperforms MGARD-QoT.

In the following examples, we use Opt ZConfig’s FRaZ-based Fixed Metric Fidelity Search (FMFS) tuning algorithm
(Underwood et al., 2020, 2022) to maximise compression ratios while eliminating all violations of the example’s safety re-
quirements. We have extended Opt ZConfig such that it can be used with numcodecs—wasm compressors and can reuse
safety requirement validation routines written in Python, ensuring that Opt ZConfig results are comparable. Since Opt Z—
Config struggled with directly finding safe absolute compressor error bounds, whose search space typically spans many
orders of magnitude, we instead tune the logarithm of the error bound for 25 iterations.

The Compression Safeguards Framework is intended to safeguard an existing lossy compressor and the Safeguarded-
Codec was not specifically designed to be a compressor in and of itself. Nevertheless, we also evaluate the effects of safe-
guarding a constant-zero-predictor, denoted as 0, to stress-test the lossless compressibility of the corrections that are needed
for nearly every point of the all-zero decompressed data. Additionally, we compare, for each safeguarded compressor, the de-
fault one-shot corrections with iteratively-reduced corrections (see section 3.5) and iteratively-reduced lossless corrections to
assess the impact of the one-shot corrections. We also compress every dataset losslessly using Zstandard (Collet, 2021) at

maximum compression, level 22, to provide a comparison for safe compression ratio and throughput.
5.3 Evaluation metrics and visualisations

We compute the following metrics to compare the compression-safeguards implementation with different compres-

sors, where x is the original data of size NV, Z is the decompressed data and bis the binary corrections:

1. Lo (%) = max; |#; — x;| measures the maximum pointwise absolute error. If L., is NaN or infinite, we also give the

finite-only maximum pointwise absolute error in parentheses.

N (4. —2.)2 . . . . .
2. Lo(2) =1/ W measures the root mean square error. If Ly is NaN or infinite, we also give the finite-only root

mean square error in parentheses.

3. 0kabs(Tiy Ty €aps) = (|8 — 25| < €aps) V (&; = x;) defines whether a point ¢ satisfies a pointwise absolute error bound
€qabs- Lhe equivalence cases in the disjunction accounts for infinite and NaN values, such that infinite values must be
preserved exactly and &; must be NaN if and only if x; is NaN. In examples that use a quantity of interest f(x), okqps is

computed over f(z) and f(Z) instead.

4. V= M measures the percentage of data points that violate their safety requirements, often a pointwise
absolute error bound. We report the percentage rounded to one digit of precision, and use V' < 0.05% to denote that

there were some but very few violations. If no points violate the requirements, we give V' = 0.
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5.C= MN#O}' measures the percentage of data points for which the safeguards produce a non-zero correction. If no

corrections were produced, we give C' = 0.

6. CR = “mz((ﬁ)) “ measures the compression ratio as the ratio between the in-memory byte-size of the original data x over

the byte-size of the compressed data c. For instance, x 10 describes compression that reduced the size by a factor of ten.

For the original data, we report the in-memory byte-size in binary notation, i.e. 10MiB refers to 10 - 22 bytes.

Each figure contains the compression ratio CR and the percentage of violations V, while the other metrics are reported in
auxiliary tables. For each compressor, we also include a map of the violations, if there were any, and a map of the corrections
when using the compression-safeguards. Many auxiliary figures also show the distribution of the data, quantity of
interest, or its error as a histogram above the colour bar to assess if compressors introduce bias. On these histograms, we mark
the 25%, 50%, and 75% quantiles with line markers, and the mean with a dotted line. If the colour bar includes error values
that violate the safety requirements or data values that are outside the original range, they are marked on the colour bar with

white hatches. Missing or NaN values are highlighted with pink hatches.
5.4 Example: NaN missing values

Scientific datasets often contain missing values, e.g. from sometimes-sparse missing observation values or from ocean-only
model variables over land. Missing values are typically represented as NaNs in memory but may have a different representation
on disk. To examine how compressors handle NaN missing data, we compress four 6-hourly satellite observations of sea-only
satellite observation data, where data is statically missing on land and temporarily missing where there is no satellite coverage.
We configure each compressor and the safeguards with an absolute error bound of €455 = 0.1kg m~?2 (see listing C1).

Not all lossy compressors support or handle non-finite values correctly (Fallin and Burtscher, 2024). Figure 2 shows that
Sz3 [v3.2] hallucinates plausible non-NaN values where data was originally missing. We reported and fixed this bug in Sz 3
pull request #91 (Tyree, 2025), and SZ 3 [v3.3] now correctly preserves the missing values.

Error-bounding safeguards always preserve NaN values, configurable with the same or any NaN payload bit pattern, and the
safeguarded compressors thus have no violations. When the safeguards have to correct hallucinated non-missing values, the
compression ratio drops, though the decrease is lower when not preserving NaN payload bit patterns exactly (see Table B1).
For SZ3 [v3.3], which has no violations, the safeguards produce no corrections and thus only have a negligible impact on
the compression ratio. Overall, the safeguards are able to correctly and efficiently preserve missing values and would have
protected users from the bug in SZ3 [v3.2].

Interestingly, the safeguarded Sz3 [v3.2] compressor compresses better than SZ3 [v3.3]. While this may point to a more
efficient NaN correction scheme in the safeguards than in SZ3, the difference may also come from unrelated algorithmic
changes between the two versions of SZ3. The safeguarded all-zero predictor produces the second-highest compression ratio.

Appendix B1 further compares the preservation of missing values with ZFP and SPERR. It also showcases that Opt Z—

Config is only able to safely preserve NaN missing values if the underlying compressor can preserve them itself. While this
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Figure 2. Compressed water vapour path maps from satellite data with NaN missing values using different lossy compressors with absolute
error bounds. In the left map, the original data and the decompressed data from SZ3 v3.2 and v3.3 are shown. The right map shows the
compression-safeguarded data from an all-zero predictor and SZ3. For each compressor, the compression ratio and percentage of

violations V, are given as well. Areas with originally missing values, above land and in between satellite swaths, are outlined and hatched.

example has focused on NaN missing values, Appendix B2 examines whether compressors preserve missing values encoded

as non-NaN values. It also shows how a masking meta-compressor can also preserve missing data values.
5.5 Example: kinetic energy as a multi-variable pointwise quantity of interest

Preserving error bounds and other properties over quantities of interest f(z) derived from the data z is an important gap
in lossy scientific compression (Cappello et al., 2025). Appendix B4 provides an introductory example about preserving the
single-variable quantity log(x), which can also be expressed as a ratio error bound. In this more complex example, we compute
the wind kinetic energy per unit mass, KE = %(u2 +92), from a dataset of wind components u and v, examine whether it is
preserved after lossy compressing » and v, and demonstrate how the compression-safeguards can bound the absolute
error over the derived kinetic energy. Kinetic energy is a pointwise quantity of interest that is computed over two variables at
once. For simplicity, we stack both variables into one array, such that they can be compressed together. Stacking « and v is
possible because they have very similar data distributions. Since u and v are independent, we stack them along a new first,
slowest varying axis. We aim to bound the absolute error over the kinetic energy to €qp5KE) = 1m?s~2 and configure each
compressor with an absolute error bound of 0.125m s~ over the stacked array.

The safeguards are directly configured to bound the pointwise absolute error over the derived kinetic energy, which is

translated into a quantity of interest. Since v and v are stacked into one array, we now compute the kinetic energy over a two-

element (u,v) local neighbourhood along the stacked first axis (see listing C4). Since QPET-SPERR can preserve polynomials,
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Figure 3. Pointwise kinetic energy error maps derived from compressed wind » and v components using different lossy compressors. In the
left map, the original data and the decompression error from SPERR and QPET-SPERR are shown. The right map shows the compression
error for the compression-safeguarded SPERR using one-shot corrections, Sg (SPERR) / Sg, on the left and iteratively-reduced
corrections, Sg[it] (SPERR) / Sg[it], on the right. The middle section of the right map compares the two correction distributions with
the distribution of SPERR’s error-bound violations. The compression ratio and percentage of violations V are also given for each compressor,

as well as the percentage of corrections C for the safeguarded compressors.

we can similarly configure QPET—-SPERR to bound the pointwise absolute error over the derived kinetic energy. We herefore
utilise QPET-SPERR’s block-mean mode to equivalently bound the mean of 22 over the stacked (u,v) axis.

Figure 3 shows that simply bounding the absolute error over u and v is not sufficient in general, as SPERR violates the
targeted absolute error bound over the kinetic energy. Similar violations can also be seen in appendix B5 for the ZFP and
Sz3 compressors. With the safeguards and QPET-SPERR, no violations are produced. In this example, safeguarded SPERR
compresses the best and even outperforms QPET-SPERR, which in turn beats Opt ZConfig-tuned SPERR. The safeguarded
compressors also provide better compression that tuning with Opt ZConfig (see appendix B5). The compression ratios for

the safeguards can be further improved by switching from one-shot to iteratively-reduced corrections (see also Table BS).
5.6 Example: relative vorticity as a stencil quantity of interest

While pointwise quantities of interest can independently consider and correct each data point, many quantities of interest
depend on a local neighbourhood around each point, e.g. to approximate spatial derivatives using finite differences. In this

example, we compute the relative vorticity

o= (g5 - 2 (1 cose ®

for a dataset of wind u, v vectors on a regular latitude-longitude grid, which requires taking the spatial derivative along both

the latitude ¢ and longitude A\ axes, where R, is Earth’s radius. Note that the derivative along the longitude is computed

24



640

645

650

https://doi.org/10.5194/egusphere-2026-4266
Preprint. Discussion started: 28 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Without safeguards

o

60°N BX 60°N Q | Sg(SPERR) ':‘v
30°N 30°N e
™~
0° 0°
30°S 30°S
60°S 60°S
L i
180° 120°W 60°W 0° 60°E 120°E 180° 180° 120°W 60°W
- - - -
-5e-06 -2.5e-06 0 2.5e-06 5e-06 -1e-08 -5e-09 0 5e-09 1e-08
Relative vorticity (s71) Absolute error over relative vorticity (s~1)

Figure 4. Relative vorticity error maps derived from compressing wind v and v components using different lossy compressors. In the
left map, the original data and the decompression error from SPERR and Opt ZConfig-tuned SPERR are shown. The right map shows the
compression error for the compression-safeguarded SPERR using one-shot corrections, Sg (SPERR) / Sg, on the left and iteratively-
reduced corrections, Sg[it] (SPERR) / Sg[it], on the right. The middle section of the right map compares the distribution of the two
correction distributions with the distribution of SPERR’s error-bound violations. The compression ratio and percentage of violations V are

also given for each compressor, as well as the percentage of corrections C for the safeguarded compressors.

along a periodic axis, which requires handling the periodic boundary condition when computing and safeguarding the finite
differences. We compare how the derived vorticity is affected after compressing v and v with different error-bounded lossy
compressors, and demonstrate how the compression-safeguards can bound the absolute error over the derived vorticity.
As in section 5.5, u and v are stacked into one variable along a new first, slowest varying axis.

We configure each compressor with an absolute error bound of 0.01m s~ over the u-v array with the aim of bounding the
absolute error over the derived vorticity to €4p5(¢) = 10~8s7!; the safeguards are configured directly with this bound.

For the safeguards, Equation (3) is translated into a quantity of interest over a small local neighbourhood, where first-order,
second-order-accuracy finite central differences over an arbitrary grid approximate the spatial derivatives, taking into account
the period of 360 degrees along the longitude axis. For the derivative along the latitude axis, we switch to forward and backward
finite differences at the polar boundaries, as in the second case in appendix B6. The complete configuration of the vorticity
quantity of interest for the SafeguardedCodec is given in listing C7.

The compression-safeguards implementation goes beyond the state-of-the-art. While QPET can bound the mean
error over non-overlapping blocks of data, this is insufficient for bounding the error over a finite difference, where data points
and local neighbourhoods are not independent. Since QPET also does not support either boundary conditions over the data or
referencing auxiliary variables in a quantity of interest, here the latitude and longitude coordinates, we do not compare with
QPET-SPERR in this example. We do, however, evaluate Opt ZConfig, which requires manual extension to support the

relative vorticity quantity of interest.
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Figure 4 shows that the lossy absolute-data-error-bounded compressors, here SPERR, violate the error bound over the de-
rived vorticity close to the poles, where the derivative 9(cos¢) / d¢ over the regular latitude-longitude grid tends to zero and
the vorticity error-bound can thus only be satisfied by an increasingly small data error. Similar violations can also be seen in ap-
pendix B7 for the ZFP and SZ3 compressors. With the safeguards, all violations are corrected, though at the cost of decreasing
the compression ratio. This decrease is particularly significant for SPERR (see also table B8). Crucially, while Opt ZConfig
is also able to safely bound the vorticity error, it only achieves very little compression that is clearly outperformed by safe-
guarding. This is likely because Opt ZConfig has to reduce the global error bound to account for localised violations near
the poles, whereas the Safeguards only need to produce localised corrections.

The safeguarded compression ratio can again be improved by switching from one-shot to iteratively-reduced corrections.
Interestingly, in this example, there is a clear pattern in where some of the one-shot corrections can be removed. Whereas the
one-shot corrections have to be conservative everywhere, the iterative corrections are only needed closer to the poles, where
the wrapped lossy compressors violate the safety requirements.

The example of relative vorticity exercises the support for several novel features: boundary conditions, coordinates as aux-
iliary data, and finite differences over arbitrary grids. Appendix B6 provides an additional derivative-focused example about
safeguarding the Laplacian. To further stress test the compression-safeguards implementation, appendix B8 examines

how to guarantee a minimum score for the data structural similarity index (dSSIM) measure (Baker et al., 2024).
5.7 Performance evaluation

The previous sections have evaluated how our reference implementation can preserve important data invariants across a variety
of weather and climate use cases, showcasing the flexibility and novel features of the compression-safeguards im-
plementation. We now evaluate the runtime performance of the numcodecs-safeguards.SafeguardedCodec across
the examples from sections 5.4 to 5.6 and appendices B2, B4, B6 and BS. In each example, we measure the real time, also
called wall-clock time, that each safeguarded compressor takes to (de)compress, and compare it with the time required by its
wrapped inner compressor. The measurements were performed on an Apple M2 CPU running Python 3.11 with numpy 2.4.6.
We exclude cases where the safeguards did not have to produce any corrections. Since the compression-safeguards
are implemented in Python and have not undergone optimisation, and because the compressors are compiled to WebAssembly,
both could perform better when implemented and compiled for native code (Jangda et al., 2019).

Figure 5 compares the relative overhead of the safeguards during compression for each of the examples. When safeguarding
simple pointwise properties such as absolute error bounds over the data and missing values, most of the median overhead
comes from having to already decompress the compressed data during safeguarded compression. Computing the corrections is
relatively cheap, though there are some outliers. In the NaN missing values example, the lossless compression of the corrections
adds significant overhead. While the median safeguarded compression cost is around twice the unsafeguarded compression
cost, the overhead is higher for the faster ZFP compressor and lower for the slower SPERR. Similar results can also be

observed when preserving an absolute error over the pointwise log;, quantity of interest. In these pointwise examples, using
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lossless corrections can speed up compression, though there is no significant difference in the NaN example, where only a
single simple data-error-bounding safeguard is used.

The overheads increase in the kinetic energy and relative vorticity examples, with the correction derivation now taking up
most of the time. Producing iteratively-reduced corrections is the slowest, while lossless corrections are the fastest. Generally,
as the quantities of interest increase in complexity, especially for the Laplacian and data structural similarity index (dSSIM)

examples, the cost of computing corrections increases drastically. Furthermore, the difference between the median cost and
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Figure 5. Relative overhead of the numcodecs—-safeguards.SafeguardedCodec during compression for each of the examples in
section 5 and appendix B. The cumulative overhead is split into compression with the wrapped inner compressor, CE, decompression with
the compressor, CD, computing the corrections with the safeguards, Sg, and losslessly compressing the corrections, CC. The time overhead is
measured relative to the wall-clock time cost of compression with the wrapped lossy compressor, CE. The distribution of the measurements
is visualised with box plots that show the median in orange, the inter-quartile range as a box, and use whiskers to display 1.5 times the inter-
quartile range, bounded by the minimum and maximum values. The overheads are compared against ZF'P in blue, SZ3 in pink, and SPERR
in green, with lossless corrections as diamonds, one-shot corrections as dots, and iterative corrections as stars. For comparison, the mean
and standard deviation of the relative overhead of compressing with Zstandard level 22 are given as well. Furthermore, the overheads of
OptZConfig relative to the compressors are shown. For examples where QPET-SPERR could be used, its overhead relative to SPERR is

additionally provided.
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the maximum broadens, as the cost of iteratively-reduced corrections is unpredictable and only bounded in the worst case of
iterating once for every data point.

For all examples, we also compare the relative time cost of compressing the data losslessly with Zstandard at the maxi-
mum level. For pointwise quantities of interest, using the safeguards is clearly faster, but for non-pointwise requirements, the
costs are of similar magnitude or even higher in the dSSIM example. The overhead from QPET-SPERR, which we compared
in the log,, and kinetic energy examples, can be lower than safeguarding a fast compressor like ZFP, especially when using
iterative corrections, but is similar to or larger than safeguarding SPERR with lossless corrections.

We also compare with Opt ZConfig, whose overhead includes compressing and decompressing and checking for violations
on each iteration, here 25 times. While the overhead of the safeguards increases with the complexity of the safety requirements,
OptZConfig exhibits much weaker scaling. The cost of compression and decompression typically dominates, measuring
typically around x40 to x80, though for a fast compressor such as ZFP and a complex quantity of interest it can still grow to
several hundreds. Overall, Opt ZConfig is slower than the safeguards in simple cases, but catches up when in the Laplacian
examples, and can be significantly faster when preserving a complex quantity of interest like the dSSIM, where the cost of
deriving safe error bounds in the safeguards far exceeds the cost of evaluating whether a particular error bounds satisfies the
requirements. In real-world applications where a sufficient target compression ratio might be known in advance, Opt ZConfig
can be further sped up by terminating the tuning early once the target has been safely met (Underwood et al., 2022).

Figure 6a shows that the overhead of safeguarded decompression is independent of the safety requirement that was preserved
and the type of corrections that were computed. Here, most of the overhead comes from decompressing the corrections, while
applying the corrections is cheap. In the median, safeguarding adds a 5% overhead to decompression time, which is less than
the relative mean cost of decompressing with Zstandard, except when compared with the slow SPERR decompressor, and
always less than the mean overheads of OptZConfig and QPET-SPERR, though all of them have high variability in their
decompression overheads.

Altogether, this comparison shows that the compression overhead of the SafeguardedCodec is clearly dependent on
the complexity of the safety requirements and the algorithm with which corrections are produced. While the combined cost of
decompression and compressing the corrections dominates in simpler examples, the one-time cost of safeguarded compression
for complex quantities of interest can exceed the cost of lossy compression by several orders of magnitude. Since data is
typically compressed and written once but decompressed and read many times by the data users (Cappello et al., 2025), data
producers may be able to spend more on compression time, or offload compression or corrections to the GPU (e.g., Li et al.,
2026; Ren et al., 2026), since users benefit from safe and fearless decompression at little additional computational cost.

Several compressors internally use lossless corrections (e.g., Liang et al., 2023; Liu et al., 2025) to guarantee error bounds
over data or quantities of interest. The compression-safeguards implementation instead produces non-lossless cor-
rections in an expensive one-shot algorithm that uses a simple heuristic to improve their compressibility (see section 3.1).
Figure 6b compares the compression ratios of these one-shot corrections with lossless corrections and iteratively-reduced cor-
rections. Across most examples, one-shot corrections offer higher compression ratios than lossless corrections, typically by

a factor of two or more. The non-NaN missing values example from Appendix B2 is the exception, since the error-bounded
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compressors require corrections only for the missing value sentinel, for which only lossless corrections suffice. The one-shot
corrections also outperform the compression ratios from QPET-SPERR, also when using lossless corrections for safeguard-
ing SPERR. Importantly, safeguarding with one-shot corrections achieves better compression than tuning with OptZConfig
across most examples. The only exceptions are non-NaN missing values with SZ3 and the Laplacian quantity of interest with
Sz3 and SPERR. While Opt ZConf ig can compress better when preserving an affine quantity of interest with uniform global
error bound and a highly-efficient compressor, the safeguards outperform tuning whenever safety requirements are non-linear
or when the wrapped compressor cannot be configured to preserve a requirement by itself.

In the examples with non-pointwise safeguards, the iteratively-reduced corrections provide smaller benefits, typically an
increase by less than a factor of two. As the above-analysed runtime cost of these iterative corrections is significant, one-shot

corrections can be seen as a valuable trade-off between compression speed and compression ratio.

(a) Safeguarded Decompression Overhead (b) Impact of Correction Modes on Compression Ratio
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Figure 6. (a) Relative overhead of the numcodecs-safeguards.SafeguardedCodec during decompression across all examples
in section 5 and appendix B, and (b) the impact of different correction methods on the compression ratios for each of the examples. The
cumulative overhead in Figure 6a is split into decompression with the wrapped inner compressor, decompressing the corrections, and applying
the corrections. The time overhead is measured relative to the wall-clock time cost of decompression with the wrapped lossy compressor.
The overheads are compared against ZF'P in blue, SZ 3 in pink, and SPERR in green. For comparison, the mean and standard deviation of the
relative overhead of decompressing with Zstandard level 22 are given as well. Furthermore, the overheads of Opt ZConfig relative to
the decompressors are shown. The overhead of QPET-SPERR relative to SPERR is additionally provided. Figure 6b shows the impact of the
different correction methods on the safeguarded compression ratio, including for the all-zero predictor in lime. The compression ratio for the
lossless and iteratively-reduced corrections is shown relative to the compression ratio with the default one-shot corrections. The distribution
of the measurements is visualised with box plots in both figures, as in Figure 5. The compression ratio of QPET-SPERR relative to one-shot
safeguarded SPERR is also given as a dark green “x” for the log,, and kinetic energy examples. For all examples, grey-outlined and yellow-
outlined triangles in the middle, coloured like the wrapped compressors, show whether lossless compression with Zstandard and tuning

with Opt ZConfig produced lower or higher compression ratio than the one-shot corrections for the safeguarded compressors.
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Finally, Figure 6b also provides insight into whether safeguarded lossy compression is worthwhile or if lossless compres-
sion using Zstandard achieves higher compression ratios. For most examples and most compressors, one-shot safeguarded
compressors are better, though there are some exceptions. ZFP typically provides comparatively low lossy compression ratios,
and safeguarded ZFP produces sub-lossless compression ratios in the NaN missing value and vorticity examples. Similarly,
in other cases where the base-compression ratio is low, e.g. for the unstructured data with non-NaN missing values, or when
many corrections are needed, e.g. when preserving the logarithm over the Laplacian, lossless compression can also outperform
safeguarded lossy compression. Such sub-lossless compression ratios could be avoided by falling back to fully lossless com-
pression if necessary (e.g., Zhao et al., 2021; Liang et al., 2023). However, lossless compression does not take advantage of the
tolerable information loss allowed by the safety requirements. A better alternative could be to fall back to safeguarding an all-
zero predictor, which instead allows for lossy compression. In all our examples, this consistently provides better-than-lossless

compression ratios.
5.8 ClimateBenchPress

We further investigate the performance of the compression-safeguards implementation using the ClimateBenchPress
(v1.0) benchmark, which is designed to fairly compare the execution cost, compression ratio, and compression errors of lossy
compressors across a diverse variety of datasets and variables (Reichelt et al., 2026). The benchmark compares compressors
across three different levels of absolute and relative error bounds to investigate trade-offs between compression ratios and
distortion errors. Please refer to Reichelt et al. (2026) for a description of the datasets, benchmark setup, evaluation metrics,
and the code and data availability.

We extend ClimateBenchPress with several new compressors. First, we add safeguarded versions of bit rounding and Pcodec,
abbreviated henceforth as BitRound, and of EBCC (Huang et al., 2025), SPERR, SZ3, and ZFP-ROUND, abbreviated hence-
forth as ZFP. These safeguarded compressors preserve the pointwise absolute or pointwise relative error bound, depend-
ing on the variable being compressed. Reichelt et al. (2026) uses SZ3 v3.2.2 in the benchmark, abbreviated henceforth as
Sz3[v3.2], which does not handle NaN values correctly. While most of section 5 evaluates v3.3.2, v3.2.2 is compared once
in section 5.4. Table A2 lists the versions of all compressors that we evaluate with ClimateBenchPress. Second, we also bench-
mark the safeguarded all-zero predictor. As ClimateBenchPress evaluates the data structural similarity index (dSSIM) metric
(Baker et al., 2024), we also include a safeguarded all-zero predictor that additionally guarantees a perfect dSSIM score using
the cheap quantisation-bin preservation method from appendix BS8. Since the dSSIM score is computed independently for each
2D latitude-longitude slice, the minimum and maximum values for each slice are provided as late-bound parameters. Third,
however, we do not benchmark QPET-SPERR, which does not support pointwise relative error bounds and would thus achieve
the same results as SPERR but with lower compression throughput. We also exclude Opt ZConfig, whose performance at
maximising compression ratios for such simple safety requirements without early stopping would would not be competitive
and entirely dominated by having to compress and decompress for multiple iterations (see Figure 5).

Figure 7 compares the mean absolute error, compression ratio, and percentage of pointwise error bound violations across all

variables and compressors. Fallin and Burtscher (2024) and Reichelt et al. (2026) have shown that many available scientific
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error-bounded compressors have some edge cases where the error bounds are violated. Importantly, all violations are elimi-
nated by safeguarding the compressors, thus providing safety. This safety comes with smaller mean absolute errors and reduced
compression ratios, particularly for SZ3, where many missing value and pointwise relative error bound violations need to be
corrected (Reichelt et al., 2026). BitRound, ZFP, and their safeguarded variants typically produce the smallest compression
errors. SZ3, safeguarded SZ3, and the safeguarded zero-predictor produce much larger errors but also compress better, es-
pecially SZ3 without safeguards. EBCC and SPERR raise exceptions when compressing the “ta” and “tos” variables, which
both contain NaN values. When safeguarding both compressors, we first replace NaNs with the data mean and then use the
safeguards to restore the NaN values, as in appendix B1, which resolves the crashes. For the “pr” variable, ClimateBenchPress

converts the relative error bound, which SPERR does not support, to a conservative tiny absolute error bound, causing SPERR
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Figure 7. Scorecard of the mean absolute error, compression ratio, and error bound violations for several error-bounded lossy compressors
and their outlined compression-safeguarded equivalents for the mid level error bound. Each row contains the results for a different
compressor, each column for a different variable, and each panel for a different metric. Black triangles indicate cases where an absolute or
relative error bound needed to be conservatively transformed since the compressor lacked support for it. Combinations where the compressor
raised an exception are denoted with “Crash”. The cells are coloured to indicate the difference — blue for better, red for worse — compared
to the BitRound compressor, which is used as a baseline. The data variables are abbreviated as in section 2.1 in Reichelt et al. (2026):
“10u”: IFS 10 meter u-wind component, “10v”: IFS 10 meter v-wind component, “agb”: ESA CCI above ground biomass estimate, “msl”:

IFS mean sea level pressure, “no2”: CAMS nitrogen dioxide mass fraction, “pr”: NextGEMS precipitation rate, “q”: IFS specific humidity,

“rlut”: NextGEMS outgoing longwave radiation flux, “ta”: CMIP6 air temperature, “tos”: CMIP6 sea surface temperature.

31



https://doi.org/10.5194/egusphere-2026-4266
Preprint. Discussion started: 28 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

(a) Normalised mean absolute error (b) Normalised maximum absolute error
L i I N I I _ I I I I I I
1.00 Compressor i .
== BitRound K
—~ =& * Safeguarded(BitRound) 1. —~ 15
— 075p . R - o LB
g Safeguarded(ZFP) N 5
W) 5o == 5733.2] 12 . i
jo3 N . -
2 ¥+ Safeguarded(S73[32)) , « /] » g 10
3 == SPERR [ / K3 3
L 0-25[ =M Safeguarded(SPERR) ' — 4
- == EBCC . < o5k
3 =®: Safeguarded(EBCC) 3
= 0000, ., o = =
= =@ Safeguarded(0) -
@ i+ Safeguarded(0, dSSIM) k] 0ok
T 025 X = g '
S 2
—0.50 — > — S —0.5—
5 ] 3 0.5
= =
—0.75— Better —
10
| | | | | | | |
—1.0 0.5 0.0 0.5 1.0 15 2.0 —1.0 ) 0.5 1.0
Mean Normalised Compression Ratio ( ) Mean Normalised Compression Ratio ( )
(c) Normalised dSSIM (d) Normalised spectral error scores
I [ [ [ I I I I T Kl I I I
1.00 -—----1----......-.... o021 1 ::- B
I ..
0.95[— 1 +0
—~—0.22 »r =
- I .. -
0.90— S omb | # PUC L -
w IR K
085~ s 15" K
8 0241 £ —
= 2 .
A 0.80— » -
hs B 025 L] —
30751 E
s €
5 026~ —
0.70 — c
3 021 -
2 0.
0.65—
—0.281= Better |
0.60|—
| | | | | | | | | | | | | |
~1.0 ~0.5 0.0 0.5 L0 15 2.0 ~1.0 ~05 0.0 0.5 1.0 15 2.0
Mean Normalised Compression Ratio () Mean Normalised Compression Ratio ( )

Figure 8. Comparison of the rate-distortion plots, for four distortion metrics, for several error-bounded lossy compressors, shown as solid
lines, and their compression-safeguarded equivalents, shown as dotted lines. Each plot shows the compression ratio on the x-axis and
a different distortion metric on the y-axis. The compression ratios and rate-distortions for each compressor are normalised across all variables
as in Figure 3 of Reichelt et al. (2026), except for dSSIM. In the dSSIM scores panel, the optimal dSSIM = 1 is highlighted as a dashed line

for comparison. Each plot’s axes are selected to exclude outliers; the uncropped rate-distortion curves are provided in Figure B14.

to fail. This crash is unchanged when wrapping SPERR in safeguards. The complete scorecards for the low, middle, and high
error bounds are provided in Figures B11 to B13, respectively.
We further investigate the trade-off between compression ratio, also called compression rate, and several distortion error

metrics using rate-distortion plots in Figure 8. Safeguarded SPERR typically provides the best safe trade-off without violations.
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Safeguarding generally tends to reduce the compression ratio, though the difference is only significant for SZ3’s maximum
absolute error, likely because the safeguards have to correct many violations, as described above and shown in Figure 7). We
can also observe that the safeguarded zero-predictor provides good compression, better than ZFP and BitRound, though with
much larger still-safe errors, which result in especially high spectral errors. Therefore, it would be worth investigating a spectral
error safeguard in the future. The dSSIM-preserving safeguarded zero-predictor produces, by construction, dSSIM = 1 across
all variables, though at the cost of some lower compression ratios than the basic safeguarded zero-predictor. All in all, for the
simple use cases of preserving only pointwise absolute or relative error bounds and NaN missing values, ClimateBenchPress
shows that the safeguards provide safety while maintaining high compression ratios when few corrections are needed.

We also evaluate the runtime performance using ClimateBenchPress in Figure B15. The results mirror the outcomes in

section 5.7, which compares safeguarding a larger variety of more complex safety requirements.

6 Discussion

Section 5 and appendix B have examined the effects of applying different lossy compressors across various datasets and
analyses, and shown how the compression-safeguards reference implementation can safeguard these compressors to
guarantee that important data invariants are preserved. At their most basic, the safeguards can ensure that pointwise absolute,
relative, or ratio error bounds over the data are always met and that missing values are preserved, particularly when the wrapped
compressor violates their error bound (see sections 5.4 and 5.8 and appendix B2). While such simple requirements can also be
fulfilled using meta-compressors, the compression-safeguards further generalise to composed complex requirements
and across different compressors.

When safeguarding pointwise safety requirements like error bounds or missing values, only the points that violate the re-
quirements need corrections. For lower-dimensional data, e.g. 2D data slices, losslessly compressing the safeguards-produced
corrections can often minimise their impact on the combined compression ratio. For higher-dimensional data and highly effec-
tive compressors such as SZ3 or SPERR, frequent per-point corrections can, however, bottleneck the compression ratio. While
safeguarded compressors have near-constant overhead during decompression, the overhead during compression depends heav-
ily on the complexity of the safety requirements (see section 5.7).

The compression-safeguards implementation also supports bounding the error over quantities of interest that are
computed per-point or over local neighbourhoods. For example, higher order derivatives over regular grids with arbitrary
point spacing, or arbitrary functions over these derivatives, can be preserved using their finite difference approximations (see
appendix B6 and section 5.6). Here, the compression-safeguards provide novel support for data with boundary con-
ditions, e.g. the periodic boundary along Earth’s longitude axis, and can even correctly preserve non-pointwise safety require-
ments across chunk boundaries in chunked data. Overall, the compression-safeguards provide sufficient flexibility to

preserve even complex safety requirements, such as a lower bound on the dSSIM score (see appendix B8).

The evaluation has also highlighted that the compression-safeguards implementation comes with several limitations.
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The errors produced by lossy compression should ideally be unbiased and without spatial patterns, e.g. to ensure that two-
point statistics or integrals over the data are not disturbed (Kouznetsov, 2021). The compression-safeguards imple-
mentation does not yet provide any safeguard to guarantee that the compression errors are always unbiased. Appendix B3
shows that the safeguarded compression errors typically have a similar distribution to the errors from the wrapped compressor
and may propagate its bias, though the choice of producing fewer unique corrections to improve their compressibility may
also introduce additional bias. While the implementation of a bias safeguard should be investigated in the future, there does
not seem to exist a general and composable non-lossless method to produce error distributions that are unbiased with respect
to both the data and an arbitrary quantities of interest. For instance, an unbiased error in the data x is incompatible with an
unbiased error in log(x).

Non-pointwise safety requirements create dependencies between different data points, where correcting one might violate
the safety requirements for another. The one-shot corrections produced by the compression-safeguards implemen-
tation are necessarily conservative and may affect too many data points, hurting compression ratios (see sections 5.5 to 5.7
and appendix BS). Iteratively reducing the number of corrections can increase compression ratios at the cost of higher over-
head during compression (see section 5.7). Incrementally computed corrections can produce less conservative corrections and
may provide further compression improvements in the future (see appendix B9).

Still, safeguarding lossy compressors compares favourably with the state-of-the-art Opt ZConfig and QPET-SPERR meth-
ods, even when using only one-shot corrections. Across our evaluation, safeguarded compression ratios were higher than
QPET-SPERR’s, likely because one-shot corrections compress significantly better than lossless corrections (see section 5.7).
Furthermore, while Opt ZConfig tunes the configured compressor error bound, which might be dragged down to satisfy
sparse outliers with stricter requirements, the Safeguards are able to provide localised corrections that more efficiently handle
outliers while benefitting from higher compression ratios elsewhere. Conversely, safeguarded compression can still benefit
from tuning with OptZConfig when requirements are uniform, e.g. in an affine derivative-based quantity of interest, and
violations can be efficiently reduced with a lower error bound.

Finally, the compression-safeguards implementation also does not yet support preserving global safety require-
ments. Instead of preserving a global mean error, for example, appendix B8 has to bound the stricter pointwise error, which
produces more conservative corrections. Since global requirements can be expressed as stencil safeguards that cover the entire

data, iterative or incremental corrections would likely be required to produce better corrections with good compressibility.

7 Conclusions and Perspectives

The data volumes produced in computational sciences, including in numerical weather prediction and climate modelling, have
been growing exponentially. While lossy compression methods promise reductions in data size by factors ranging from ten to
more than a thousand, their adoption has thus far been limited. A key barrier is the concern among scientists that compression

may lead to the loss of critical information, potentially affecting the reliability and interpretability of results derived from the
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decompressed data. Consequently, this lack of trust continues to hinder the uptake of lossy compression, contributing to the
ongoing growth of data volumes and hindering scientific progress.

In this work, we have presented the Compression Safeguards Framework, a user-centred approach that empowers users
to control which safety invariants of the data they need to be preserved by lossy compression. The Compression Safeguards
Framework extends existing predict-then-correct compression approaches by going beyond lossless outlier corrections. The
Safeguards work with any compressor and data predictor, are portable across platforms and implementations and data formats,
and provide novel flexibility in the safety requirements that users can preserve and how they can be composed. Since the
Safeguards define portable corrections with respect to the binary representation of the data, they are generally applicable for
any kind of data from any scientific domain. The Compression Safeguards are designed to act as a final layer of defence against
potentially unsafe compression, to build trust in lossy compression, and to unlock the benefits of lossy compression for the
entire computational science community.

The Compression Safeguards are not meant to replace or discourage individual compressors from implementing measures
for safe lossy compression, such as support for missing values or quantities of interest. Indeed, many compressors may be
able to integrate specific safety requirements more efficiently and produce higher compression ratios. However, supporting
the necessary diversity and combinatorial flexibility in safety requirements would require excessive duplication of effort for
compression developers and for users who still would need to constantly re-verify which compressors safely fulfil their re-
quirements. Instead, we provide a generally-applicable solution that can be used every time to keep users safe no matter the
compressor they use and the requirements they have, and which grows in efficiency with the compressor that is wrapped, for
example by combining QPET or Opt ZConfig with the Safeguards. When safeguarding a compressor that is already safe
for a particular application, the Safeguards simply automate the verification of safety. If the compressor violates the user’s
requirements, the Safeguards step in and correct them, guaranteeing safety for users, always. Particularly as compressors get
more complicated and increasingly use less-constrained machine-learning, trust and safety can be provided by the Safeguards

while allowing compression developers and users to focus on achieving the best compression ratios.

We have provided a reference implementation for the Compression Safeguards, the compression—-safeguards Python
package, as well as user-facing integrations with the numcodecs compression API and xarray ecosystem for chunked
data. Our implementation supports a larger variety of safety requirements than the state-of-the-art QPET compressor. The
compressor-tuning Opt ZConfig meta-compressor can be manually extended for even greater flexibility, so long as the user
knows the specialised meta-compressors or compressor-specific settings for how to preserve their safety requirements. How-
ever, Opt ZConf1ig uses global black-box optimisation to handle user-provided requirements and thus cannot guarantee safety
if it cannot find a safe compressor configuration. In contrast, the compression-safeguards always guarantee safety even
when generalising to complex composed requirements, are configured concisely based only on what needs to be preserved,
analyse these requirements symbolically and numerically to produce targeted corrections, and support novel features out of the
box, including data boundary conditions and higher order finite differences over chunked data. We have evaluated the reference

implementation across a variety of examples, highlighting the expressiveness of the compression-safeguards but also
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their limitations, the use of one-shot pointwise corrections and lack of safeguards that bound global errors or bias, which we
hope to address in future work.

Our compression-safeguards implementation provides flexibility and portability while focusing on gridded data
and local or regional safety requirements. Since the Compression Safeguards Framework specifies an interoperable format for
corrections, other implementations can co-exist, and safeguarded corrections can be applied across different hardware without
knowing how they were produced. This guaranteed interoperability eases the adoption of the Compression Safeguards and
ensures their long-term compatibility, as corrections can be computed even for already-compressed data, delivered to users
as separate files, and then applied when reading the data without requiring complex new software. For instance, we hope to
extend the NetCDF Climate and Forecast (CF) Metadata Conventions (Eaton et al., 2024) to natively support the application
of corrections. Users could then transparently read safeguarded data in CF-based formats and software such as NetCDF or

xarray.

While we hope that the Compression Safeguards provide an important tool in fostering trust in safe lossy compression, the
Safeguards are just one piece of a larger puzzle. The question of which safety requirements need to be preserved for different
variables is still unresolved and subject to ongoing research and debate, particularly as data producers often do not know
about all downstream uses of their data. We therefore hope that high-resolution data-producing institutions and projects, such
as ECMWE, Destination Earth, or the Coupled Model Intercomparison Project (CMIP), may use the Safeguards to optionally
provide safely-lossy-compressed data to their end users — with user-chosen safety requirements that could be collected to inform
community discussions — particularly where data storage and sharing constraints already impose limits, and safely-lossy-
compressed data can provide scientists with higher-quality datasets than what can currently be made available. Importantly, the
Compression Safeguards are similarly capable of guaranteeing that more niche, individual-user-specific safety requirements
are preserved when users compress their own data.

As lossy compression is adopted more, we believe that the community should also develop new provenance metadata stan-
dards for lossy compression, such that lossy compressors and the Compression Safeguards can record the safety requirements
that they fulfil. Such metadata would also offer protection from repeatedly compressing the same data over and over, acciden-

tally accumulating errors beyond the specified error bounds with each iteration.

Overall, we hope that the Compression Safeguards will contribute to building trust in lossy compression, enabling its broader
adoption across scientific computing to mitigate the rapid growth of data volumes, and to make higher-resolution datasets more
accessible. Where data volumes impose limits on scientific research, as in high-resolution climate modelling, we hope that
trusted lossy compression can empower scientists to continue advancing our understanding of and informing our responses to

growing societal challenges.

36



920

https://doi.org/10.5194/egusphere-2026-4266
Preprint. Discussion started: 28 July 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Code and data availability. All code and data are available open source from the GitHub repository at https://github.com/juntyr/compression-
safeguards, which is published under the Mozilla Public License 2.0. The exact version of the code that was used to produce the results
and plots presented in this paper is archived on Zenodo under doi:10.5281/zenodo.21390619 (Tyree et al., 2026g). The compression-
safeguards reference implementation and its numcodecs—-safeguards and xarray-safeguards frontends are published to
the Python Package Index at https://pypi.org/project/compression-safeguards/, https://pypi.org/project/numcodecs-safeguards/, and https:
/Ipypi.org/project/xarray-safeguards/, respectively. They are published under the Mozilla Public License 2.0, which is a weak, file-based
copyleft free and open-source license that permits commercial use and integration with differently-licensed code but ensures that modifica-

tions to the original source code files remain open-source and available for the public benefit.
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925 Appendix A: Experimental Evaluation: Compressor Versions

EGUsphere\

Compressor

Version

Python package

compression-safeguards

mask

pw_rel

replace

OptZConfig via libpressio
QPET-SPERR

SPERR

SZ3 [v3.2]

SZ3

ZFP (ROUND)

Zstandard

1.0.0rcl

0.15.4+ via 1.0.7+

0.8.2+
3.2.1+
3.3.2+
1.0.1+
1.5.7

numcodecs-safeguards==0.1.0rc1
numcodecs-wasm==0.2.5
numcodecs-mask==0.1.0
numcodecs-pw-ratio==0.2.1
numcodecs-replace==0.1.3
numcodecs-wasm-pressio==0.1.0b2
numcodecs-wasm-gpet-sperr==0.2.0
numcodecs-wasm-sperr==0.2.0
numcodecs-wasm-sz3==0.7.0
numcodecs-wasm-sz3==(0.8.1
numcodecs-wasm-zfp==0.6.0

numcodecs-wasm-zstd==0.4.0

Table A1l. Versions of the compressors used in the evaluations in section 5 and appendix B. For each compressor, we provide the published

version, if applicable, and the name and version of the corresponding Python package. The published version is suffixed by a ‘+’ if the Python

package wraps a compressor code in between published versions.
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EGUsphere\

Compressor Version Python package

compression-safeguards  1.0.0b6™ numcodecs-safeguards==0.1.0b6
numcodecs-wasm==0.2.2

replace - numcodecs-replace==0.1.0

Bit Rounding - numcodecs-wasm-bit-round==0.4.0

EBCC 0.1.5-alpha  numcodecs-wasm-ebcc==0.3.1a0

PCO 0.4.6 numcodecs-wasm-pco==0.3.0

SPERR 0.8.2+ numcodecs-wasm-sperr==0.2.0

SZ3 [v3.2] 3.2.1+ numcodecs-wasm-sz3==0.7.0

ZFP (ROUND) 1.0.1+ numcodecs-wasm-zfp==0.6.0

Table A2. Versions of the compressors used in ClimateBenchPress in section 5.8. For each compressor, we provide the published version,

if applicable, and the name and version of the corresponding Python package. The published version is suffixed by a ‘+’ if the Python

package wraps a compressor code in between published versions. (*) Version 1.0.0b6 of the compression-safeguards is functionally

equivalent to version 1.0.0rc1.

39



930

935

940

https://doi.org/10.5194/egusphere-2026-4266
Preprint. Discussion started: 28 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Appendix B: Experimental Evaluation: Auxiliary Examples and Results
B1 Example: NaN missing values

This appendix contains additional results for compressing water vapour path satellite data with NaN missing values using
different absolute-error-bounded lossy compressors in section 5.4. Figure B1 and table B1 compare how missing values are
preserved, including the results for ZFP, SPERR, and OptZConfig.

ZFP, where NaN values trigger undefined behaviour in lossy compression, fills missing values with compiler-chosen values,
here zeros. Recently, Lindstrom (2025) has outlined several approaches for how ZFP could support encoding special values
such as NaN, infinity, or other sentinel values, none of which have been implemented at the time of writing.

SPERR raises an exception when compressing data with NaN values, H5Z—-SPERR (Li, 2026). The HDF5 plugin for SPERR,
replaces the NaNs with the mean data value before compressing with SPERR, and keeps a bitmask of NaN locations to recover
the NaNs after decompression. For this example, we similarly replace NaN values with the mean, but leave the corrections up
to the safeguards. Since SPERR interpolates over this mean fill-value, it produces silhouette-like results like ZFP.

Table B1 shoes that Opt ZConfig does not find safe configurations for ZFP, SZ3 v3.2 and SPERR since none of these
compressors can be configured such that they correctly preserve NaN missing values. For SZ3 v3.3, Opt ZConfig performs
like SZ3 without tuning.

We do not compare with QPET-SPERR in this example because it is so tightly coupled with SPERR that QPET-SPERR

also raises an exception when compressing NaN values.
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Figure B1. (a)-(b) Decompressed water vapour path maps with NaN missing values from section 5.4. In the left column, the maps for the
original data and decompressed data from ZFP, SZ3 [v3.2], SZ3 [v3.3], and SPERR are shown. In the right column, the compression-
safeguarded equivalents are given. For each compressor, the compression ratio and percentage of violations V are shown as well. For
compressors with violations, a map of the violations in red is added. For the safeguarded compressors, a map of the one-shot corrections in

dark green is overlaid. Areas with originally missing values are outlined and hatched.
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Lo Lo v C CR
Compressor Safeguarded  Corrections same NaN  any NaN
0 €apsUS lossless 0.0 0.0 0 100.0% x 7.57 x 7.57
one-shot 0.1 0.05 0 100.0% x 13.18 x 13.18
ZFP(€abs) - 0.03 0.0047  68.3% %X 5.03
€apsUS lossless 0.03 0.0047 0 68.3% x 3.35 x 3.35
one-shot 0.03 0.0047 0 68.3% x 3.35 x 4.22
OptZConfig(ZFP) €apsU S 3.8¢-06 7.9¢e-08 68.3% x 2.05
SZ3[v3.2](€abs) - 0.1 0.057 68.3% x 16.92
€apsU S lossless 0.1 0.057 0 68.3% x 2.31 x 2.31
one-shot 0.1 0.057 0 68.3% x 2.31 x 14.06
OptZConfig(SZ3[v3.2])  €apsU pay 2.4e-07 3.5¢-09 68.3% x 5.13
SZ3[v3.31(€abs) - 0.1 0.049 0 % 9.06
cabsU S lossless 0.1 0049 0 0 X 9.06 X 9.06
one-shot 0.1 0.049 0 0 X 9.06 % 9.06
OptZConfig(SZ3[v3.3])  €qpsU & 0.1 0.049 0 % 9.06
SPERR(€4ps) - 0.1 0.041 68.3% x 11.58
€apsU S lossless 0.1 0.041 0 68.3% x 2.39 x 2.39
one-shot 0.1 0.041 0 68.3% x 2.39 x 11.01
OptZConfig(SPERR) €apsU S 4.8¢-07 4.2¢-08 68.3% x 2.59
ZSTD(22) - 0.0 0.0 0 x 6.0

Table B1. Compression metrics for water vapour path data with NaN missing values from section 5.4. For each compressor, the Lo and L2
errors, the percentage of violations V, and the compression ratio CR are given. If the compressor cannot preserve NaN values, there are as
many violations as NaN values, 68.3%, that need to be corrected. For each safeguarded compressor, the percentage of corrections C is given
as well. Since the safeguards can be configured to preserve NaN values with the same payload bit pattern or to allow any NaN, compression

ratios for both cases are shown. The highest safe compression ratio is highlighted in bold.
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B2 Example: non-NaN missing values

This appendix extends section 5.4 with an example of compressing data with non-NaN missing values, here a single time step
of the energy release component of the fire danger index. The data is on an unstructured grid, in a 1D array with matching
1D latitude and longitude arrays, and contains missing values over sea. It is stored in Gridded Binary (GRIB) format, which
typically encodes missing values on disk as the integer-representable value 9999. Since high-level tools like cfgrib (Am-
ici, 2018) replace missing values with NaNs when loading the data, we manually read the GRIB file using the lower-level
eccodes tool (Santoalla and Najm, 2017).

We configure each compressor and the safeguards with an absolute error bound of 1, the step size between the discrete metric
values. The safeguards are further configured to preserve the sentinel value 9999, so that missing values are remain missing
and no non-missing values take on the sentinel value (see listing C2). Opt ZConfig is configured to maximise compression
while eliminating violations.

Figure B2 and Table B2 show that none of the lossy compressors handles the non-NaN missing values correctly. ZFP
preserves most missing values as missing as it only interpolates the large 9999 value into some neighbouring values, owing
to its small 4! block size in 1D. SPERR also preserves some missing values but has significantly more violations. For SZ.3,
seemingly no missing values are preserved correctly, likely because non-missing values get interpolated towards 9999 and
originally-missing values only need to change slightly to no longer count as missing. Since ZFP, SZ3, and SPERR have no
knowledge that the value 9999 is special, it is expected that they would be unable to preserve sentinel-encoded missing values.
Requiring all compressors to support such special values would require significant duplicated development effort.

With the safeguards, the missing values are correctly preserved, at the cost of a small reduction in compression ratio. The
safeguarded all-zero-predictor produces the best compression for this simple example.

A specialised meta-compressor that stores a mask of the missing values during compression and restores them during de-
compression can also be used to preserve missing values, e.g. the mask_interpolation_compressor_plugin inthe
libpressio C++ compression framework (Underwood et al., 2021) or the numcodecs—-mask Python package. Figure B2
and table B2 show that such a meta-compressor can provide higher per-compressor compression ratios than the safeguards.

Tuning the compressors using OptZConfig allows ZFP and SZ3 to correctly preserve the missing values by drastically
lowering their error bounds. While safeguarded ZFP compresses better than tuned ZFP, tuning SZ3 outperforms both safe-
guarding and the masking meta-compressor. However, Opt ZConfig fails to find a safe configuration for SPERR, since
SPERR approximates the sentinel even for increasingly small error bounds and does not produce lossless compression as the

error bound tends to zero.
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Figure B2. (a)-(c) Decompressed energy release component maps with non-NaN missing values. In the left column, the maps for the

original data and decompressed data from ZFP, SZ3, and SPERR are shown in the first four rows. In the right column, the compression-

safeguarded equivalents are given, which specifically preserve the missing value sentinel. The last two rows present the maps for the

OptZConfig-wrapped compressors, which are tuned to preserve the missing value. For each compressor, the compression ratio and per-

centage of violations V are shown as well. For compressors with violations, a map of the violations in red is added. For the safeguarded

compressors, a map of the one-shot corrections in dark green is overlaid. Areas with originally missing values are hatched. The results from

first wrapping ZFP, SZ3, and SPERR in the numcodecs-mask meta-compressor are given in parentheses.
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Lo Ly \Y% C CR
Compressor Meta  Safeguarded Corrections
9999
0 . €apsU "2 lossless 1.0 0.12 0 87.6%  x 62.89
one-shot 1.0 0.31 87.6% x 72.72
ZFP(aps) - - 0.75 0.16 1.8% X 6.27
carsU "2 lossless 0.75 0.15 0 18% x6.16
one-shot 0.75 0.15 18%  x6.16
4SO 0.75 0.15 0 x 6.18
carsU "2 one-shot 0.75 0.15 0 0 x 6.18
OptZConfig(ZFP) 9299 0.0 0.0 0 x 5.12
SZ3(eaps) - - 1.0 0.89 70.5% x 59.96
carsU 22 lossless 1.0 0.31 70.5% % 46.0
one-shot 1.0 0.31 70.5% x 46.0
9% . 1.0 0.31 0 x 53.1
caprsU 22 one-shot 1.0 0.31 0 0 x 53.1
OptZConfig(SZ3) °B? 6.4e-05 13e-06 0 x 57.23
SPERR(€4ps) - - 0.75 0.38 50.3% x 5.63
arsU 23 lossless 0.75 0.24 503% x 5.5
one-shot 0.75 0.24 503% x 5.5
%8 0.75 0.24 0 x 5.57
carsU 23 one-shot 0.75 0.24 0 0 x 5.57
OptZConfig(SPERR) 2%’ 7.5e-07 3.9e-07 50.4% x 2.35
ZSTD(22) - - 0.0 0.0 0 x 49.94

Table B2. Compression metrics for energy release component data with the non-NaN missing value 9999. The table compares the results
of different absolute-error-bounded lossy compressors, with and without a masking meta-compressor, with and without missing value safe-
guards. For each compressor, the Lo, and Lo errors, the percentage of violations V, and the compression ratio CR are given. For each

safeguarded compressor, the percentage of corrections C is given as well. The highest safe compression ratio is highlighted in bold.
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B3 Example: bias in the error distribution

This appendix investigates if the compression-safeguards implementation propagates or introduces bias in the safe-
guarded error distribution. We use several synthetic approximation distributions for accumulated precipitation as examples. The
safeguards are configured to bound the absolute error to 0.1mm h~! or below, and we examine the per-grid-cell mean-in-time
and the global mean biases.

Figure B3 show that the compression-safeguards, in the absence of a safeguard for unbiased and symmetric errors,
do not guard against bias in the compression error. For instance, the constant zero approximation produces negatively biased
corrections for the non-negative precipitation dataset, as many values near zero lie within the error bound and thus require
no corrections. Biased approximations that still fulfil the safety requirements are not corrected and propagate their bias into
the safeguarded compression error. For this particular dataset, using an unbiased mean approximation does not resolve the
issue but just makes the bias positive. The bias can, however, be reduced by making the approximation itself unbiased, e.g.
by adding uniform random noise. While a noisy approximation produces the lowest Moran’s I score in Table B3, the bias is
still unexpectedly often outside the expected range, and the required additional corrections reduce the compression ratio. This
example thus highlights the need for future work to provide a way for users to control the bias introduced by lossy compression

and safeguarding.

Lo Lo bias I Fygsy, V C
Safeguarded(..., €qps)
0 0.1 0.031 -0.014 045 68.1% 0 15.6%
PR 0.1 0.084  0.068 0.77 98.0% 0 95%
PR+ (€abs / 2) 0.05 0.05 0.05 0.48 100.0% 0 O
PR+ U(%(€qps - 3)) 0.1 0.042 -0.0077 0.074 52.1% 0 66.7%

Table B3. Compression metrics for different synthetic approximation distributions. For each safeguarded compressor, the L, and L2 errors
over the precipitation PR, the global bias E/ [PR — PR, the global Moran’s I score, the percentage of violations V and corrections C are
given. Moran’s I is a measure of spatial autocorrelation in range [—1;4-1], where |I| — 0 indicates no correlation (Moran, 1950). Here,
we compute Moran’s I for the error distribution PR— PR. Finally, the percentage of latitude-longitude pairs where the mean error is
unexpectedly large, F'~g5%, is given. A location has an unexpectedly large error when the mean error is outside two standard deviations of

the expected spread of the Irwin Hall distribution that models uniformly distributed i.i.d. compression errors.
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Figure B3. Mean error / bias maps of the compression error produced by the compression-safeguards for different synthetic ap-
proximations for three days of hourly total precipitation: constant zero in the top left, constant mean in the top right, biased by half the error
bound in the bottom left, and with added uniform random noise in the bottom right. The expected range of biases for uniformly distributed
i.i.d. compression errors, computed as two standard deviations of the Irwin Hall distribution, is shown as red bars over the colour bar. Each

error map is hatched where the mean error is outside this expected range.
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B4 Example: logarithm as a pointwise quantity of interest

In this appendix, we introduce safeguarding pointwise quantities of interest by bounding the absolute error over the log-scale

visualisation of specific humidity. log(z) is one of the simplest quantities of interest since it can be preserved in various ways:
(a) a compressor can directly support bounding an absolute error over the log(z) quantity of interest, or
(b) it can support a ratio error bound over the data to bound the logarithmic error (see item 3), or

(c) an absolute-error-bounding compressor can be wrapped in Liang et al. (2018)’s meta-compressor to bound the ratio
error by compressing the logarithm of the data while taking care of non-positive data values. This meta-compressor is
implemented as the pw_rel_compressor_plugininthe l1ibpressio C++ compression framework (Underwood

et al., 2021), and in the numcodecs-pw-ratio Python package.

Support for bounding the logarithmic error is sparse amongst error-bounded compressors: ZFP requires export mode to
bound the relative error for normal-only values, SZ3 only supports a range-relative / normalised absolute error bound, and
SPERR lacks support entirely. Therefore, we fall back to configuring each compressor with a reasonable absolute error bound of
5-10~*kg kg ™", but also compare the results from using the numcodecs-pw-rat io meta-compressor. We configure QPET—
SPERR and the safeguards to directly bound the pointwise absolute error on the decimal logarithm to 0.25 (see Listing C3).
OptzConfig is configured to maximise compression while eliminating violations.

Figure B4 shows that data-error-bounded ZFP, SZ3, and SPERR all fail to preserve the logarithm, since they produce neg-
ative values whose real logarithm is undefined. Safeguarding these compressor eliminates the violations, though compression
ratios decrease, particularly for SZ3. OptZConfig and QPET-SPERR also correctly preserve the quantity of interest.

The violations can also be eliminated by equivalently bounding the data ratio error with €,4., = 10°-2° using the meta-
compressor. In this case, the safeguards do not need to produce any corrections, and compression ratios increase drastically, as
can be seen in Figure B4 and table B4. While the safeguarded all-zero predictor produces the best compression without using
the meta-compressor, whether using a ratio error bound over the data or an absolute error bound over the quantity of interest,
it is significantly outperformed by the numcodecs-pw-ratio-wrapped SZ3.

Safeguarded SPERR outperforms QPET—-SPERR, likely because QPET—-SPERR needs to find a near-zero global absolute
error bound that avoids negative values. Similarly, all safeguarded compressors outperform the compressors tuned with Opt Z—
Config. While we were unable to compare with QPET-SZ (see section 5.2), which derives per-point absolute error bounds,
we would expect it to perform better than QPET—-SPERR, possibly as well as the numcodecs-pw-ratio-wrapped SZ3.

This example highlights that, in some simple cases with a single safety requirement, specialised approaches such as meta-
compressors can extend the functionality of existing compressors while achieving high compression ratios. However, it may
not always be possible to compose several such specialised approaches, whereas the compression-safeguards sup-
port composing arbitrary safety requirements. Importantly, approaches like the numcodecs—pw-ratio meta-compressor
can be used together with the compression-safeguards, providing the best of both worlds with extended compressor

functionality, higher compression ratios, and guaranteed safety.
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Figure B4. (a)-(c) Error maps for the logarithm over compressed specific humidity. The left column shows in the first four rows the maps
for the original data and the errors over the logarithm of the decompressed data from ZFP, SZ3, and SPERR. In the right column, the
compression-safeguarded equivalents are given, which have been configured to directly preserve the logarithmic scale. The last two
rows present the maps for the Opt ZConfig-wrapped compressors, which are tuned to bound the error over the data logarithm, and for
QPET-SPERR, which is configured like the safeguards. For compressors with violations, a map of the violations in red is added. For the
safeguarded compressors, a map of the one-shot corrections in dark green is overlaid. Areas where lossy compression introduces non-positive
specific humidity values, whose logarithm is undefined, are highlighted with pink outlines and hatching. The results for bounding the ratio

error by first wrapping ZFP, SZ3, and SPERR in the numcodecs-pw-rat io meta-compressor are given in parentheses.
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Loo(@)  Loo(logyo(d))  Lz2(logio(9)) V C CR
Compressor (Bound) Safeguarded  Corrections
0 €Qol,abs lossless 0.0 0.0 0.0 0 100.0% X 2.92
one-shot 0.013 0.25 0.136 0 100.0% X 89.52
€ratio lossless 0.0 0.0 0.0 0 100.0% X 2.92
one-shot 0.013 0.25 0.136 0 100.0% x 89.52
ZFP €abs - 0.00029  NaN[1.1] NaN [0.0321] 1.5% x 13.25
€Qol,abs lossless 0.00029  0.25 0.0279 0 1.5% x 12.92
one-shot 0.00029  0.25 0.0328 0 1.5% x 13.15
€ratio = €abs - 0.0025 0.0943 0.0133 0 x 14.74
€Qol,abs one-shot 0.0025 0.0943 0.0133 0 0 x 14.74
OptZConfig(ZFP) €abs €Qol,abs 9.4e-06 0.137 0.00346 0 X 5.06
SZ3 €abs - 0.0005 NaN [4.74] NaN [0.165] 9.6% x 81.1
€Qol,abs lossless 0.0005 0.25 0.0601 0 9.6% X 9.4
one-shot 0.0005 0.25 0.0737 0 9.6% x 17.03
€ratio —* €abs - 0.01 0.25 0.0684 0 X 426.43
€Qol,abs one-shot 0.01 0.25 0.0684 0 0 X 426.29
OptZConfig(SZ3) €abs €Qol,abs 3.6e-06 0.229 0.00606 0 X 6.41
SPERR €abs - 0.0005 NaN [4.28] NaN [0.0615] 1.0% X 73.43
€Qol,abs lossless 0.0005 0.25 0.0353 0 1.0% X 36.19
one-shot 0.0005 0.25 0.038 0 1.0% X 55.95
€ratio —* €abs - 0.006 0.247 0.0313 0 X 266.88
€Qol,abs one-shot 0.006 0.247 0.0313 0 0 X 266.83
OptZConfig(SPERR) €45 €Qol,abs 1.4e-05 0.226 0.0049 0 X 9.52
QPET-SPERR €abs €Qol,abs 0.00027  0.25 0.0129 0 X 24.05
ZSTD(22) - 0.0 0.0 0.0 0 X 2.23

Table B4. Compression metrics for specific humidity data g. The table compares the results of different absolute-error-bounded lossy com-

pressors, with and without the pointwise ratio error bound meta-compressor, with and without safeguards for the specific humidity logarithm.

For each compressor, the L errors over ¢ and log, , (¢) as well as the Ly error over log,, (¢), the percentage of violations V, and the result-

ing compression ratio CR are given. For each safeguarded compressor, the percentage of corrections C is provided as well. The comparison

also includes the safeguarded zero-predictor, first with a log,, (¢) quantity of interest and second with a ratio error bound, which produce

equivalent results. The highest safe compression ratio is highlighted in bold.
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BS Example: kinetic energy as a multi-variable pointwise quantity of interest

This appendix contains additional results for computing the kinetic energy over compressed wind v and v components using
different absolute-data-error-bounded lossy compressors in section 5.5. Figure B5 and table B5 compare how the derived
kinetic energy is preserved, including the results for ZFP, SZ3, and OptZConfig.

Figure B5 shows that all data-error bounded compressors violate the error bound over the derived kinetic energy, which are
resolved with using either the safeguards, Opt ZConfig, or QPET-SPERR. Table B5 details that iteratively-reduced correc-
tions improve the safeguarded compression ratio, by requiring fewer corrections as seen in the corrections maps in Figure BS5,
and producing higher errors that only just stay below the error bound, thus making better use of the safety constraints. Even
with one-shot corrections, the safeguards outperform Opt ZConfig and QPET-SPERR. QPET-SPERR also compresses bet-
ter than SPERR tuned with Opt ZConfig, which indicates that correcting violations or outliers, instead of finding a smaller

safe error bound, is likely superior for a non-linear quantity of interest like kinetic energy.
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Figure B5. (a)-(c) Error maps for kinetic energy derived from compressed wind components from section 5.5. The left column shows in the
first four rows the maps for the original data and the errors for the kinetic energy of the decompressed data from ZFP, SZ3, and SPERR. In
the right column, the compression-safeguarded equivalents are given, which have been configured to bound the absolute error over
the kinetic energy. The last two rows present the maps from the Opt ZConfig-wrapped compressors, which are tuned to similarly bound
the error, and for QPET-SPERR, which is configured like the safeguards. For the safeguarded compressors, the compression ratios from
iteratively-reduced corrections are given in parentheses. For compressors with violations, a map of the violations in red is added. For the
safeguarded compressors, a map of the corrections is overlaid. The map is light green where the there are both the one-shot and iterative

corrections and dark green where only the one-shot corrections are needed, i.e. where the iterative method was able to remove corrections.
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Loo(l) Loo(d) Leo(KE) Lo(KE) V C CR
Compressor Safeguarded  Corrections
0 €Qol,abs lossless 1.41 1.41 1.0 0.199 0 89.5% x 2.98
one-shot 1.0 0.999 0.999 0.375 0 89.7% x 8.5
iterative 1.41 1.73 1.0 0.4 0 87.1% x 8.57
ZFP(€abs) - 0.028 0.0349 1.19 0.103 <0.05% % 3.31
€Qol,abs lossless 0.028 0.0349  0.998 0.103 0 <0.05% x 3.31
one-shot 0.028 0.0349  0.926 0.1 0 0.1% x 3.3
iterative 0.028 0.0349  0.998 0.103 0 <0.05% x 3.31
OptZConfig(ZFP) €Qol,abs 0.0145 0.0148 0.641 0.0533 0 x 2.83
SZ3(€eabs) - 0.125 0.125 9.29 0.985 20.6% x 15.95
€Qol,abs lossless 0.125 0.125 1.0 0.428 0 13.1% % 5.83
one-shot 0.125 0.125 0.998 0.327 0 26.8% x 9.15
iterative 0.125 0.125 1.0 0.451 0 11.9% x 11.27
OptZConfig(SZ3) €Qol,abs 0.0123  0.0123 0971 0.111 0 x 6.82
SPERR(¢gps) - 0.125 0.125 8.36 0.62 9.1% % 28.19
€Qol,abs lossless 0.125 0.125 1.0 0.359 0 5.3% x 12.3
one-shot 0.125 0.125 0.999 0.277 0 13.8% x 15.88
iterative 0.125 0.125 1.0 0.372 0 5.0% x 20.71
OptZConfig(SPERR)  €qor,abs 0.0143  0.0143 0.93 0.0888 0 % 10.56
QPET-SPERR €Qol,abs 0.0385  0.0386  0.999 0.128 0 x 11.4
ZSTD(22) - 0.0 0.0 0.0 0.0 0 x 2.12

Table BS. Compression metrics for the kinetic energy example in section 5.5. For each compressor, the Lo, errors over v and v and the
kinetic energy K E as well as the Lo error over K F, the percentage of violations V, and the resulting compression ratio CR are given. For

each safeguarded compressor, the percentage of corrections C are provided as well. The highest safe compression ratio is highlighted in bold.
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B6 Example: laplacian as a stencil quantity of interest

In this appendix, we introduce safeguarding higher-order spatial derivatives using the example of the Laplacian, which we have

adopted from the ZFP documentation on preserving derivatives (Lawrence Livermore National Laboratory, 2024). In partic-

. 2 2 . . . . .
ular, we evaluate how the Laplacian Au = ‘27;2 + g;z of two different 2D functions u(x,y), discretised over a regular grid

covering [—1,1] with 1024 grid points along both axes, is affected by compressing the discretised u[x,y] array. We evaluate
the Laplacian numerically using second-order finite central differences of second-order-accuracy.

First, we take u(z,y) = M, which has an analytical Laplacian of Au = /x2 + y2. We configure each lossy compressor
with an absolute error bound of 10~7 over the u array with the aim of bounding the absolute error over the Laplacian to
€abs(au) = 0.01. The safeguards are configured to directly bound the pointwise absolute error over the derived Laplacian. To
simplify the quantity of interest for this first case, we assume a constant grid spacing and only evaluate the Laplacian where
the second-order finite differences are defined but ignore the boundary points (see listing C5). OptZConfig is configured
to maximise compression while eliminating violations. Since QPET cannot bound the error over finite differences, we do not
compare with QPET in this example (see section 5.6 for further details).

Figure B6 shows that all absolute-data-error-bounded lossy compressors violate the absolute error bound of 0.01 over the
Laplacian, with SZ3 producing the fewest violations while also having the highest compression ratio. With the safeguards, all
violations are eliminated, though at a considerable reduction in compression ratio, particularly for Sz 3. The iteratively-reduced
corrections improve the compression ratios, as shown in Table B6, particularly for safeguarded Sz 3. While the correction maps
highlight a clear improvement in correcting fewer points, the iteratively-reduced corrections still likely overcorrect.

OptZConfig is also able to compress without violations. While tuning ZFP underperforms compared to safeguarding,
OptzZConfig achieves much better compression ratios with SZ3 and SPERR, clearly outperforming even iteratively-reduced
safeguard corrections.

For this first case, we also investigate the impact of tuning the data error bound to produce the best safeguarded compression
by testing two more compressor-dependent absolute error bounds that produce ~ 1% and zero violations, respectively. Table B6
shows that, for this example, using lower data error bounds that need fewer corrections improves the overall compression ratios.
For SZ3 and SPERR, but not for ZFP, using a sufficiently low error bound that requires no corrections produces the highest
compression that is still safe, which matches the results from Opt ZConfig. We hypothesise that the linear cost of corrections
can easily bottleneck the overall compression ratio for highly efficient compressors with sub-linear cost like SZ3 and SPERR,

which gives compressor-tuning an edge for this affine quantity of interest.
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3/2 /9 after applying lossy compression to u. The top row shows the analytical Laplacian

Figure B6. Laplacian of u(z,y) = (22 +4°)
as well as the numerically computed Laplacians over the @ array compressed with ZFP, SZ3, and SPERR. The middle row shows the
compression-safeguarded equivalents that bound the absolute error over the Laplacian. The bottom row presents the Opt ZConfig-
wrapped compressors, which are tuned to similarly bound the error. Contour lines in light grey are shown on top of the Laplacian. For
compressors with violations, a map of the violations in red is added. For the safeguarded compressors, a map of the corrections is overlaid.
The map is light green where the there are both the one-shot and iterative corrections and dark green where only the one-shot corrections are

needed, i.e. where the iterative method was able to remove corrections. For the safeguarded compressors, the compression ratios from using

iteratively-reduced corrections are given in parentheses.
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(@)
Loo() Loo(AG) Lo(Ad) V C CR
Compressor €abs Safeguarded  Corrections
0 €Qol,abs lossless 0.31 0.0099 3.7e-05 0 100.0%  x 2.97
one-shot 0.31 0.0092 0.0028 0 100.0% x 6.9
iterative 0.31 0.0092 0.0028 0 100.0% x 6.75
ZFP(eaps) le-07 - 2.7e-08  0.028 0.0045 4.5% x 8.37
€Qol,abs lossless 2e-08 0.01 0.0036 0 5.5% x 7.18
one-shot 2e-08 0.0086 0.0024 0 40.0% x 7.1
iterative 2e-08 0.01 0.0036 0 5.4% x 8.03
5e-08 - 1.5e-08  0.015 0.0025 0.2% x 791
€Qol,abs lossless 1.3e-08 0.01 0.0025 0 0.2% x 7.83
one-shot 4.8e-09 0.0073 0.0019 0 12.1% x 7.45
iterative 1.3e-08  0.01 0.0025 0 0.2% x 7.88
2e-08 - 7.8e-09  0.0077 0.0015 0 x 743
€Qol,abs lossless 7.8e-09  0.0077 0.0015 0 0 X 7.43
one-shot 7.8e-09  0.0077 0.0015 0 0 x 743
iterative 7.8e-09  0.0077 0.0015 0 0 x 7.43
OptZConfig(ZFP) €Qol,abs 4.1e-09  0.0041 0.00079 0O x 6.77
SZ3(€abs) le-07 - le-07 0.086 0.0022 0.4% x 721.97
€Qol,abs lossless 9.4e-08 0.01 0.0017 0 25.1% x 5.64
one-shot 7.6e-08  0.0094 0.0024 0 86.8% x 24.69
iterative 9.4e-08  0.01 0.0021 0 25.0% x 57.36
1.5e-07 - 1.5e-07 0.13 0.0032 0.9% x 821.12
€Qol,abs lossless 1.2e-07  0.01 0.0018 0 49.9% x 3.0
one-shot 1.2e-07  0.0091 0.0026 0 91.0% x 22.22
iterative 1.2e-07 0.01 0.0026 0 51.8% x 32.51
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(b)
Loo()  Loo(AG) Lo(AG) V C CR
Compressor €abs Safeguarded  Corrections
SZ3(eaps) 5e-09 - 5e-09 0.0093 0.00076 0O x 176.04
€Qol,abs lossless 5e-09 0.0093 0.00076 0 0 x 176.02
one-shot 5e-09 0.0093 0.00076 0 x 176.02
iterative 5e-09 0.0093 0.00076 0 x 176.02
OptZConfig(SZ3) €Qol,abs 5.2e-09  0.0098 0.00075 O x 187.59
SPERR(€aps) le-07 - 9.7¢e-08  0.12 0.0049 3.5% x 112.65
€Qol,abs lossless 8.7e-08  0.01 0.0013 0 6.7% x 17.35
one-shot 8.7e-08  0.0087 0.0014 0 412% % 29.35
iterative 8.7e-08  0.01 0.0014 0 6.5% x 61.85
3.5e-08 - 3.5e-08 0.041 0.0017 0.9% % 98.06
€Qol,abs lossless 3.5e-08 0.01 0.001 0 1.3% x 46.54
one-shot 1.1e-08  0.0088 0.00083 0O 8.7% x 53.68
iterative 3.5e-08 0.01 0.0011 0 1.3% x 83.29
8e-09 - 8e-09 0.0083 0.00041 0 % 80.65
€Qol,abs lossless 8e-09 0.0083 0.00041 0O 0 % 80.65
one-shot 8e-09 0.0083 0.00041 O 0 % 80.65
iterative 8e-09 0.0083 0.00041 0O 0 % 80.65
OptZConfig(SPERR) €Qol,abs 8e-09 0.0085 0.00041 O x 80.74
ZSTD(22) - 0.0 0.0 0.0 0 x 4.26

Table B6. (a)-(b) Compression metrics for the first Laplacian example, u(z,y) = (z24y%)3/2 /9. For each compressor and for three different
absolute data error bounds, the Lo, errors over v and Aw as well as the Lo error over Awu, the percentage of violations V, and the resulting
compression ratio CR are given. For each safeguarded compressor and the three safeguard correction methods, the percentage of corrections

C is provided as well. The highest safe compression ratio is highlighted in bold.
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Second, we take u(x,y) = e**+3Y, which has an analytical Laplacian of Au = 25u. We then plot the natural logarithm of the
Laplacian, making the quantity of interest non-linear. We configure each compressor with an absolute error bound of 5- 1076
over the u array with the aim of bounding the absolute error over the natural logarithm of the Laplacian to 0.1. For this second
case, we no longer assume a constant grid spacing but instead pass the coordinate arrays X and Y to the SafeguardedCodec
as late-bound constant parameters. Furthermore, we now use second-order central finite differences on non-boundary points
and second-order forward/backwards finite differences on boundary points to evaluate the Laplacian everywhere. The complete
configuration is given in listing C6.

Figure B7 shows that all absolute-data-error-bounded lossy compressors violate the quantity of interest, since they can
produce negative Laplacian values whose logarithms are undefined. While a similar problem could be resolved in appendix B4
by wrapping the compressors in a meta-compressor that bounds the ratio error, this is not possible here where a ratio error
over the Laplacian, a complex weighted sum, would have to be preserved. The safeguards still eliminate all violations, but are
required to correct most points and thus reduce the compression ratio significantly for SZ3 and SPERR. In this case, using the
iteratively-reduced corrections provides less benefit. As the correction maps and Table B7 show, the reduction in the number
of corrections works less well, and the safeguards very likely over-correct.

Tuning the absolute error bound of each compressor to produce no violations does not help either, since a near-zero error
bound is required, and Opt ZConfig produced worse compression ratios than using one-shot safeguard corrections. In con-
trast, the safeguarded all-zero-approximation achieves the highest safe compression ratio, even outperforming unsafeguarded
Sz3. Since the safeguards are able to propagate the error bound over the logarithmic quantity of interest through the logarithm
and the Laplacian, the heuristic to choose well-compressible corrections can make full use of the greater range of possible

corrections when correcting the well-behaved zero-entropy all-zero approximation.
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Analytical SPERR(€5ps)

OptZConfig(ZFP, €goy, abs)

Figure B7. Logarithm of the Laplacian of u(x,y) = e***3¥ after compressing u. The top row shows the logarithm of the analytical Lapla-
cian as well as the numerical results from ZFP, SZ3, and SPERR, whereas the middle row shows their compression-safeguarded
equivalents, which bound the absolute error over the logarithm of the Laplacian. The bottom row presents the Opt ZConfig-wrapped com-
pressors, which are tuned to similarly bound the error. Contour lines in light grey are shown on top of the Laplacian. For compressors with
violations, a map of the violations in red is added. For the safeguarded compressors, a map of the corrections is overlaid. The map is light
green where the there are both the one-shot and iterative corrections and dark green where only the one-shot corrections are needed, i.e.
where the iterative method was able to remove corrections. Areas where the logarithm is undefined are marked with pink hatching. For the

safeguarded compressors, the compression ratios from using iteratively-reduced corrections are given in parentheses.
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Loo(t) Loo(In(Ad)) Lo(In(Aw)) V C CR
Compressor Safeguarded  Corrections
0 €Qol,abs lossless 0.0 0.0 0.0 100.0% x 27.22
one-shot 0.0012  0.087 0.028 100.0%  x 329.22
iterative 0.0012  0.087 0.028 0 100.0%  x 329.22
ZFP(eqps) - 2e-06 NaN (2.7e+01) NaN (1.3) 17.3% x 8.2
€Qol,abs lossless 2e-06 0.1 0.019 23.4% x 7.04
one-shot 2e-06 0.087 0.018 30.1% x 8.0
iterative 2e-06 0.1 0.023 0 22.6% x 8.02
OptZConfig(ZFP) €Qol,abs 4.2¢-09 0.084 0.0024 0 x 4.57
SZ3(€eabs) - S5e-06 NaN (6.6) NaN (0.052) 14% x 159.4
€Qol,abs lossless 5e-06 0.1 0.0085 29.7% x 4.11
one-shot 5e-06 0.089 0.018 45.6% % 28.95
iterative 5e-06 0.1 0.017 0 29.5% x 37.5
OptZConfig(SZ3) €Qol,abs 1.7e-08  0.099 0.002 0 x 28.15
SPERR(€qps) - 5e-06 NaN (1.3e+01) NaN (0.16) 4.0% x 91.59
€Qol,abs lossless 5e-06 0.1 0.009 14.8% x 7.18
one-shot 5e-06 0.092 0.014 0 28.7% x 31.48
iterative 5e-06 0.1 0.014 14.6% x 41.2
OptZConfig(SPERR)  €qor,abs 3.5e-09 0.079 0.0007 0 x 22.19
ZSTD(22) - 0.0 0.0 0.0 0 x 73.21

Table B7. Compression metrics for the second, logarithm of the Laplacian, example, u(z,y) = e*®+3Y_For each compressor, the Lo, errors

over u and In(Aw) as well as the Lo error over In(Aw), the percentage of violations V, and the resulting compression ratio CR are given. For

each safeguarded compressor and the three safeguard correction methods, the percentage of corrections C is provided as well. The highest

safe compression ratio is highlighted in bold.
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B7 Example: relative vorticity as a stencil quantity of interest

This appendix contains additional results for computing the relative vorticity over compressed wind » and v components using
different absolute-data-error-bounded lossy compressors in section 5.6. Figure B8 and table B8 compare how the derived
vorticity is preserved, including the results for ZFP and SZ3 and their Opt ZConfig-tuned counterparts.

Figure B8 shows that all lossy absolute-data-error-bounded compressors exceed the absolute vorticity error bound near the
poles. Since ZFP only has a few violations, its small compression ratio is almost unaffected by the safeguards corrections. For
Sz3 and particularly SPERR, which provides the highest compression ratio, safeguarding results in significant decreases in
compression ratios, which can be improved by using the iteratively-reduced corrections instead of one-shot corrections. The
correction maps clearly show how the iterative approach is able to better match the corrections to the violations and limit them
to near the poles.

OptZConfig is also able to compress without violations, though it produces very low compression ratios that are clearly
outperformed by even one-shot safeguard corrections. The worse performance likely comes from OptZConfig having to

drastically reduce the compressor error bound globally to account for violations near the poles.
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(C) OptZConfig(SPERR, £qo/, abs)
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Figure B8. (a)-(c) Error maps for relative vorticity derived from compressed wind components from section 5.6. The left column shows in

the first four rows the maps for the original data and the errors over the relative vorticity of the decompressed data from ZFP, Sz3, and

SPERR. In the right column, the compression-safeguarded equivalents are given, which have been configured to bound the absolute

error over the vorticity. The last two rows present the maps from the Opt ZConfig-wrapped compressors, which are tuned to similarly

bound the error. For the safeguarded compressors, the compression ratios from iteratively-reduced corrections are given in parentheses. For

compressors with violations, a map of the violations in red is added. For the safeguarded compressors, a map of the corrections is overlaid.

The map is light green where the there are both the one-shot and iterative corrections and dark green where only the one-shot corrections are

needed, i.e. where the iterative method was able to remove corrections.
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Lu(@)  Le(®) L) L)V C R
Compressor Safeguarded  Corrections
0 €Qol,abs lossless 0.0 0.0396 9.16e-09  2.2e-11 0 100.0%  x 2.66
one-shot 0.00795  0.00728  9.5%-09 2.71e-09 0 99.9% x 3.97
iterative 0.00795  0.0396 9.5%9-09 2.71e-09 O 99.9% x 3.97
ZFP(€aps) - 0.00197  0.00232  0.0127 0.000142  1.1% x 1.9
€Qol,abs lossless 0.00197  0.00232  1e-08 9.14e-10 0 1.7% x 1.88
one-shot 0.00197  0.00232  7.45e-09 691e-10 0 1.7% x 1.89
iterative 0.00197  0.00232  1e-08 942e-10 O 1.0% x 1.89
OptZConfig(ZFP) €Qol,abs 0.0 0.0 0.0 0.0 0 x 1.11
SZ3(eaps) - 0.01 0.01 0.0815 0.00016 12.8% x 6.43
€Qol,abs lossless 0.01 0.01 1e-08 3.63e-09 0 22.9% x 3.34
one-shot 0.00797  0.00796  9.73e-09 2.66e-09 0 30.3% x 4.5
iterative 0.01 0.01 1e-08 3.85¢-09 0 10.9% x 5.38
OptZConfig(SZ3) €Qol,abs 0.0 0.0 0.0 0.0 0 x 1.66
SPERR (€qps) - 0.01 0.01 0.112 0.00132 6.2% % 9.33
€Qol,abs lossless 0.01 0.01 1e-08 3.07e-09 0 11.2% x 5.61
one-shot 0.00796  0.00796  9.57e-09 2.33e-09 0 14.8% X 6.72
iterative 0.01 0.01 le-08 3.16e-09 0 4.9% x 8.06
OptZConfig(SPERR)  €qor,abs 4.66e-10  4.66e-10 7.45e-09 3.96e-11 0 x 1.16
ZSTD(22) - 0.0 0.0 0.0 0.0 0 x 2.12

Table B8. Compression metrics for the vorticity example in section 5.6. For each compressor, the L, errors over v and v and the relative
vorticity ¢ as well as the Lo error over (, the percentage of violations V, and the resulting compression ratio CR are given. For each

safeguarded compressor, the percentage of corrections C are provided as well. The highest safe compression ratio is highlighted in bold.
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B8 Example: data structural similarity index measure

This appendix showcases how the expressive quantity of interest support in the compression-safeguards implementa-
tion can be used to preserve a complex metric, here the structural similarity index for floating-point data, dSSIM (Baker et al.,
2024). We compress a dataset of u wind component. The pointwise dSSIM between the original u and compressed « is then
defined as:

dSSIM(u, ) = S1(q(u),q(a)) - S2(q(u),q(i)), where (B1)
2uaub+C1
Si(a,b) = ————, B2
1(@b) pi + pi +C1 B2
2046+ Co
- —_— B
S2(a.0) o2+ 02 +Cy’ ®3

where further C; = Cy = 1075. ¢(x) first rescales x to [0;1] based on the combined minimum and maximum of u and #, and
then quantises the rescaled x into 256 bins, which was inspired by the rescaling and quantisation during plotting. The dSSIM
captures changes in local features in the means y, and py, variances o, and oy, and the covariance o, 3, which are all computed
over a local neighbourhood using a Gaussian kernel which is typically symmetric and of size 11 x 11 (Baker et al., 2024). The
dSSIM ranges between —1 and 1, with more similar data achieving scores closer to 1. It is usually reported as the mean over
all points, excluding NaN points and boundary values where the neighbourhood is not defined.

We configure each lossy compressor with an absolute error bound of 0.1m s~! with the aim of achieving a dSSIM score of
at least 0.995, as suggested by (Baker et al., 2024). The safeguards are configured to guarantee the dSSIM to be > 0.995 by

translating Equation (B1) into a quantity of interest. We make use of a few tricks and simplifications in this translation:

1. We conservatively bound the pointwise dSSIM, not the mean dSSIM, and reduce the neighbourhood size to 3 x 3.
2. The rescaling range is kept constant by preserving the global minimum and maximum using two sign safeguards.

3. The quantity of interest computes the dSSIM with respect to the original uncompressed data. The absolute error with

respect to dSSIM(u, u) = 1 is bounded to €,p5(assivy = 1 — 0.995 to guarantee that dSSIM (u, @) > 0.995.

4. The dSSIM reference implementation (Pinard et al., 2025) avoids NaN values bleeding over in Gaussian smoothing by
replacing them with Gaussian-interpolated values before the smoothing. We implement a simpler variant that excludes
NaN values from the convolution, sets the corresponding per-point kernel weights to zero, and then rescales the kernel

weights. Like Pinard et al. (2025), the quantity of interest returns dSSIM = NaN for data points that are NaN in the input.

Figure B9 shows that all absolute-data-error-bounded compressors violate the data structural similarity index (dSSIM)
bound. Even ZFP, which usually produces lower errors for the same absolute error bound (e.g., Reichelt et al., 2026), still
exceeds the pointwise dSSIM bound sufficiently often to violate the mean dSSIM bound. We also check how the SZ3 com-

pressor performs with a pointwise normalised absolute error bound of ¢,,,, = 1 /255, which corresponds to the bin width of
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the quantisation in dSSIM. Importantly, Table B9 shows that such a bound does not guarantee a high dSSIM score, because
even a tiny non-zero error bound still allows values to cross quantisation bin boundaries.

The safeguards eliminate the mean dSSIM bound violation by producing overly conservative corrections everywhere that
significantly reduce compression ratios for SZ3 and SPERR, which are not significantly improved by iteratively-reduced cor-
rections. If the compression-safeguards implementation was able to preserve a mean error bound, the compression
ratio would likely be higher.

To further investigate the origin of the overly conservative corrections, we also test a simplified safeguard, which we refer
to as bins (256), that guarantees that the rescaled and guantised data values remain the same (see listing C9). In effect, this
method guarantees a perfect dSSIM score of 1 without requiring zero compression error. Table B9 shows that this method
currently produces the same results as the more complex dSSIM quantity of interest. Since Equation (B1) contains variances
and co-variances that are calculated as non-linear sums and products, where the safeguards need to account for the worst-case
error propagation, the propagated error bound is likely reduced to near-zero before propagating through the quantisation, thus
arriving at the same result as the simplified safeguard. However, future improvements in the quantity of interest safeguards, e.g.
incremental corrections (see appendix B9), could allow the dSSIM quantity of interest to produce less conservative corrections.

We also examine in Table B9 how using a larger absolute data error bound €., = 1ms~! impacts the safeguarded compres-
sion ratios. For all three compressors, the percentage of violations increases drastically, resulting in many more corrections.
These additional corrections reduce the overall safeguarded compression ratios for SZ3 and SPERR even though the wrapped
inner compressors provide better compression. For ZFP, however, the safeguarded compression ratio increases for the higher
error bound, highlighting the possible benefits of compressor-specific error bound tuning.

OptZConfig, which is configured to maximise compression while bounding the mean dSSIM, also safely keeps above
the mean bound. To our surprise, one-shot safeguard corrections still provide better compression than tuning, even though
OptZConfig directly bounds the mean whereas the safeguards conservatively bound the pointwise dSSIM scores. This again

highlights the power of the Compression Safeguards, which often only need to correct a small number of outliers.
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Figure B9. (a)-(c) Pointwise dSSIM maps for compressed v wind data. The left column shows in the first four rows the maps for the original
data and the pointwise dSSIM scores for the decompressed data from ZFP, SZ3, and SPERR. In the right column, the compression—
safeguarded equivalents are given, which have been configured to guarantee that the pointwise dSSIM at or above 0.995. The last two
rows present the maps from the OptZConfig-wrapped compressors, which are tuned to bound the mean dSSIM. For the safeguarded
compressors, the compression ratios from the iteratively-reduced corrections are given in parentheses. For unsafeguarded compressors, a
map showing in orange where the pointwise dSSIM is below 0.995 is added. For the safeguarded compressors, a map of the corrections
is overlaid. The map is light green where the there are both the one-shot and iterative corrections and dark green where only the one-shot

corrections are needed, i.e. where the iterative method was able to remove corrections.
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Loo(@)  Lo(a)  E[D] min(D)  max(D) D<0.995 S c CR
Compressor Cabs Safeguarded Corrections
0 dSSIM > 0.995 los: 0.207 0.00151 1.0 1.0 1.0 0 v 99.7% X 5.51
one-shot 0.356 0.137 1.0 1.0 1.0 0 v 98.6% X 28.27
iterative 0.356 0.137 1.0 1.0 1.0 0 v 98.6% X 28.27
bin(256) lossless 0.226 0.0123 1.0 10 10 0 Vo986% X 564
one-shot 0.356 0.137 1.0 1.0 1.0 0 v 98.6% X 28.27
iterative 0.356 0.137 1.0 1.0 1.0 0 v 98.6% X 28.27
SZ3(enoa) - 0.358 0173 082042 0997 10 923% x X 110.98
ZFP(EabS) 1.000000 - 0.543 0.0987 0.88125 -0.997 1.0 80.4% X X 24.35
dSSIM > 0.995 lossless 0.469 0.033 099995 0.995 10 0 v 813% X505
one-shot 0.355 0.0789 1.0 10 10 0 voo215% X 1573
iterative 0.469 0.0792 0.99998 0.995 1.0 0 v 21.2% X 15.77
0.100000 - 0.0392 0.00825 0.98746 -0.183 1.0 13.6% X X 11.94
dSSIM > 0.995 lossless 0.0392 000756 099999 0.995 10 0 v 142% X 89
one-shot 0.227 0.0178 1.0 1.0 1.0 0 v 1.8% X 11.34
iterative 0.227 0.0175 0.99999 0.995 1.0 0 v 1.8% X 11.35
OptZConfig(ZFP) E[dSSIM] > 0.995 0.00975 0.0022 099654 -0.149 10 3.9% v X 89
SZ3(eqps) 1.000000 - 1.0 0.328 0.78367 -0.999 1.0 94.9% X X 262.5
dSSIM > 0.995 lossless 0.973 0.0269 099997 0995 10 0 v 974% X 094
one-shot 0.358 0.135 10 10 10 0 v 624% X 1729
iterative 0.973 0.137 0.99998 0.995 1.0 0 v 62.2% X 17.33
0.100000 - 0.1 0.0515 0.92396 -0.997 1.0 61.8% X X 50.69
dSSIM > 0.995 lossless 0.1 0.0287 0.99996 0.995 1.0 0 v 62.9% X 1.42
one-shot 0.226 0.0527 1.0 1.0 1.0 0 v 12.1% X 28.35
iterative 0.226 0.0527 0.99998 0.995 1.0 0 v 11.9% X 28.48
OptZConfig(SZ3) E[dSSIM] > 0.995 0.00487 0.00275 0.9952 0,149 10 53% v X 13.65
SPERR(€ ;3 5) 1.000000 - 0.998 0.176 0.84181 -0.997 1.0 89.2% X X 195.53
dSSIM > 0.995 lossless 0.857 0.0333 099995 0.995 10 0 vo%01% X 101
one-shot 0.357 0.107 1.0 1.0 1.0 0 v 36.4% X 24.74
iterative 0.857 0.108 0.99998 0.995 1.0 0 v 36.0% X 24.86
0.100000 - 0.1 0.0293 0.95924 -0.442 1.0 40.0% X X 49.01
dSSIM > 0.995 lossless 0.1 0.021 0.99997 0.995 1.0 0 v 41.0% X 2.14
one-shot 0.227 0.0362 1.0 1.0 1.0 0 v 6.4% X 32.36
iterative 0.227 0.0361 0.99998 0.995 1.0 0 v 6.2% X 32.55
OptZConfig(SPERR) E[dSSIM] > 0.995 0.00752 0.00281 099552 -0.149 10 51% v X 16.89
ZSTD(22) - 0.0 0.0 1.0 1.0 1.0 0 v X 4.51

Table B9. Compression metrics for  wind in the dSSIM example. For each compressor and for two absolute data error bounds, the L, and
Lo errors over u, the mean F[D], minimum min(D), and maximum max(D) of the pointwise dSSIM metric D, the percentage of points
where D < 0.995, the success S of whether the mean dSSIM lower bound was met, and the resulting compression ratio CR are given. For
each safeguarded compressor and the three correction methods, the percentage of corrections C is given as well. The table also includes

results for the SZ3 (€noa) and Safeguarded (0, bin (256)) compressors. The highest safe compression ratio is highlighted in bold.
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B9 Preview: incremental corrections

This appendix investigates the potential benefits of replacing the one-shot corrections in the compression-safeguards
implementation with incrementally computed corrections. Incremental corrections can be less conservative for non-pointwise
safeguards by conditioning the corrections for next data points on the already corrected previous points, potentially improving
compression ratios. For this example, we bound the box mean u-wind to 0.1m s~*. The unweighted box mean is computed
over a five-element neighbourhood along the latitude axis (see listing C10). With one-shot corrections, preserving a mean error
has to be equivalent to preserving a pointwise error, since we need to account for the worst-case error accumulation. However,
some elements could tolerate a higher error because others compressed with a lower error.

We test an ad hoc implementation for computing incremental corrections, where all data points are partitioned into K disjoint
subsets. The safeguards are applied K times and given access to the corrections from prior rounds, but only the corrections
for this round’s subset of data points are kept. We compare two variants of this approach: the shuffled method randomly
partitions the data into K = 5 groups, while the step-by method partitions based on the latitude axis index modulo five. We
test both with SPERR and the all-zero predictor. Here, SPERR has been configured with the peak signal-to-noise ratio bound
PSNR = 49.875 that effectively bounds the root mean square error to roughly 0.1ms™!; it will exceed the conservative
pointwise absolute error bound for some but not all points.

Figure B10 shows that the incremental corrections become less conservative with every round, i.e. have larger data errors that
still preserve the error bound over the block mean quantity of interest. Increasingly less conservative corrections also compress
better, partly because they have lower entropy, which is more prevalent for the all-zero predictor, but mainly since fewer
corrections will be needed, particularly when producing sparse corrections for SPERR. Even though the step-by incremental
corrections produce a clear step pattern along the longitude axis, fewer corrections are needed than for the random partitioning,
as Table B10 shows.

This brief investigation highlights that further improvements in compression ratios can be achieved by computing corrections
in a different order instead of all at once. However, the overall positive impact of incremental corrections on compression ratios

appears to be minor, which might be improved by iteratively refining the incremental corrections in future work.
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Figure B10. (a)-(b) Data error maps for compressed u-wind that has been safeguarded to bound the absolute error over the five-element
block mean along the latitude axis. Three correction methods are compared, one per row: one-short, incremental with shuffled rounds, and
incremental with step-by partitions. The left column shows the results for the safeguarded all-zero predictor, the right for safeguarded SPERR.
Below the error distribution histogram and above the colour bars, the relative contributions of each incremental correction round towards the
overall errors are shown. The change in the per-round percentage of corrections and compression ratios is plotted in the bottom centre of
each map; the final compression ratio and percentage of corrections are given in the lower left and upper right corners. The smaller sub-maps
in the top left and right highlight the partition pattern and data error details around the English Channel. While the colour bar and distribution

for the error over the box mean are given as well, this error is not shown in the maps.
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Lo (4) La(0) Loo(d)  La(@) A% C CR
Compressor Safeguarded  Corrections
0 - 5.9e+01 1.5e+01 5.8e+01 1.5e+01 99.4% x 415296.0
€Qol,abs one-shot 0.1 0.052 0.095 0.024 0 99.1% % 9.58
shuffled incremental ~ 0.71 0.087 0.1 0.034 0 98.8% x 9.44
stepby incremental 0.76 0.12 0.1 0.045 0 98.6% x 11.28
SPERR(€qbs) - 0.96 0.1 0.53 0.059 8.9% x 58.86
€Qol,abs one-shot 0.1 0.054 0.096 0.031 27.7%  x 14.01
shuffled incremental ~ 0.47 0.063 0.1 0.035 202% % 15.96
stepby incremental 0.65 0.071 0.1 0.039 0 152% x19.19

Table B10. Compression metrics for the incremental corrections example. For each compressor, the Lo, and Lo errors over v and u, the

percentage of violations V, and the resulting compression ratio CR are given. For each safeguarded compressor and for the three correction

methods, the percentage of corrections C are provided as well. The highest safe compression ratio is highlighted in bold.
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B10 ClimateBenchPress

1170 This appendix contains additional results from ClimateBenchPress in section 5.8. The safeguards eliminate all violations.
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Figure B11. Scorecard of four distortion metrics, compression ratios, and error bound violations for several error-bounded lossy compressors
and their compression-safeguarded equivalents for the low level error bound. The dSSIM and spectral error are not computed for the

CMIP6 “ta” and “tos” variables, which contain large regions of NaN values (Reichelt et al., 2026). Please see Figure 7 for the full description.
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Figure B12. Scorecard of four distortion metrics, compression ratios, and error bound violations for several error-bounded lossy compressors

and their compression-safeguarded equivalents for the mid level error bound. Please see Figure 7 for the complete figure description.
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Figure B13. Scorecard of four distortion metrics, compression ratios, and error bound violations for several error-bounded lossy compressors

and their compression-safeguarded equivalents for the high level error bound. Please see Figure 7 for the complete figure description.
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Figure B14. Comparison of the full rate-distortion plots, for four distortion metrics, for several error-bounded lossy compressors, shown

as solid lines, and their compression-safeguarded equivalents, shown as dotted lines. Each plot shows the compression ratio on the

x-axis and a different distortion metric on the y-axis. The compression ratios and rate-distortions for each compressor are normalised across

all variables as in Figure 3 of Reichelt et al. (2026), except for dSSIM. In the dSSIM scores panel, the optimal dSSIM = 1 is highlighted as

a dashed line for comparison. This figure is the uncropped version of Figure 8.
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Figure B15. Comparison of the compression and decompression throughput, measured in MiB s~!, across all variables in Figure 7, for
several error-bounded lossy compressors, in solid bars, and their compression-safeguarded equivalents, in hatched bars, for the low,
mid, and high error bound levels from left to right. Only the absolute or relative error bounds are safeguarded, except for Safeguarded (0,
dSSIM) which also guarantees a perfect dSSIM score. Each bar height represents the median across all variables, the uncertainty lines indi-
cate the 25% and 75% quantiles. The throughput is measured with the single-threaded numcodecs—-wasm—+ compressors (see section 5.2),
for which the execution as WebAssembly bytecode incurs significant overhead (Jangda et al., 2019). Therefore, the throughput measurements
should only be used for relative comparison. The measurements are run on the same setup used by Reichelt et al. (2026), an AMD EPYC
9654 CPU.

We also evaluate the runtime performance, i.e. the time taken to compress and decompress, using ClimateBenchPress. Cli-
mateBenchPress also uses the numcodecs—wasm—+ compressors, which provide reproducible results at the cost of reduced
runtime performance, which only permits relative comparisons between multiple compressors. While these compressors are
single-threaded, they can be externally parallelised over data chunks. ClimateBenchPress can use WebAssembly-bytecode-
based instruction counters to produce cross-platform reproducible instructions-per-compressed-byte measurements. Since the
compression-safeguards are implemented in pure Python and are not supported by this metric, we only report the
wall-clock-based throughput for each compressor, even though it is platform-dependent and contains measurement noise.

Figure B15 shows that ZFP has the highest compression throughput of the lossy error-bounded compressors and EBCC
the lowest. For most compressors, excluding ZFP, decompression has significantly higher throughput than compression, with
BitRound and SZ3 performing the best and SPERR the worst. Most compressors, excluding Sz 3, have slightly higher
compression throughput for higher error bounds, while only EBCC displays this clearly at decompression time. Applying
safeguards to the compressors reduces the throughput significantly during compression, especially for ZFP, SZ3, and SPERR.
At decompression time, the overhead is typically only minor, except for SZ 3, where many corrections have to be decompressed.
The compression throughput of the safeguarded zero-predictor is low, outperforming only EBCC, even more so when preserving

the dSSIM metric, showcasing that the compression time cost increases with the number of corrections and the complexity
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of the safety requirements that are being preserved. At decompression time, they have a high throughput that is similar to
unsafeguarded BitRound and SZ3 and significantly better than that of the other safeguarded compressors. The results mirror

the outcomes from section 5.7.
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Appendix C: Experimental Evaluation: Safeguard Configurations

1190 C1 Example: NaN missing values

1: SafeguardedCodec (

2 codec=codec, # any numcodecs codec
3 safeguards=[
1195 4: # preserve isnan(x), but NaN payload bit patterns may change
5 dict (kind="eb", type="abs", eb=0.1, equal_nan=True),
6 1,
7))

Listing C1. Configuration for bounding the absolute error and preserving NaN missing values using numcodecs-safeguards in sec-

tion 5.4 and appendix B1.

1200 C2 Example: non-NaN missing values

1: SafeguardedCodec (

2 codec=codec, # any numcodecs codec
3 safeguards =[
1205 4 dict (kind="eb", type="abs", eb=1.0),
5: dict (kind="same", value=9999, exclusive=True),
6 1,
7:)

Listing C2. Configuration for bounding the absolute error and preserving the special non-NaN missing value 9999 using numcodecs—

safeguards in appendix B2.

1210 C3 Example: logarithm as a pointwise quantity of interest

1: SafeguardedCodec (

2: codec=codec, # any numcodecs codec
3: safeguards =[
1215 4 dict (kind="qoi_eb_pw", qoi="loglO(x)", type="abs", eb=0.25)
5 1,
6: )

Listing C3. Configuration for bounding the the absolute error over the pointwise log;, (z) quantity of interest using numcodecs-

safeguards in appendix B4.
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C4 Example: Kinetic energy as a multi-variable pointwise quantity of interest

1: SafeguardedCodec (

2 codec=codec, # any numcodecs codec

3 safeguards=[

4 dict (

5: kind="qoi_eb_stencil ",

6 # u and v are extracted from the stacked dimension
7 qoi="0.5 % (square(X[0]) + square(X[1]))",

8 type="abs",

9 eb=1.0,

10: neighbourhood=[

11: # [u, v]: stacked variables

12: dict(axis=0, before=0, after=1, boundary="valid"),

13: 1,
14: )

15: 1,

16: )

Listing C4. Configuration for bounding the the absolute error over the multi-variable pointwise kinetic energy quantity of interest using

numcodecs-safeguards in section 5.5 and appendix BS5.
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C5 Example: laplacian as a stencil quantity of interest

—_

: SafeguardedCodec (

2 codec=codec, # any numcodecs codec

3 safeguards=[

4 # we use a constant grid spacing and the valid boundary condition
5: # to preserve an absolute error bound over the Laplacian, but not
6 # on the data boundaries where data points do not have a left,
7 # right, upper, or lower neighbour

8 dict (

9 kind="qoi_eb_stencil ",

10: qoi="""

11: (

12: finite_difference (

13: # type=0 refers to a central difference

14: x, order=2, accuracy=2, type=0,

15: axis=0, grid_spacing=c["dy"]

16: ) + finite_difference (

17: x, order=2, accuracy=2, type=0,

18: axis=1, grid_spacing=c["dx"]

19: )

20: )

21: ey

22: neighbourhood=[

23: dict(axis=0, before=1, after=1, boundary="valid"),

24: dict(axis=1, before=1, after=1, boundary="valid"),

25: 1,

26: type="abs",

27: eb=0.01,

28: )

29: 1,

30: fixed_constants=dict (dx=dx, dy=dy),

31: )

Listing CS. Configuration for bounding the absolute error of the Laplacian over a 2D grid with fixed grid point spacing using numcodecs—

safeguards in appendix B6. The Laplacian is approximated using the 2nd order central finite difference on the inner points, but not on

the boundary points.
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EGUsphere\

1: SafeguardsCodec (

2 codec=codec, # any numcodecs codec

3 safeguards=[

4 # we allow for arbitrary grid point spacing,

5 # and switch from 2nd order central finite differences to 2nd
6: # order forward/backwards finite differences at the data

7 # boundaries, where data points do not have a left, right, upper,
8 # and lower neighbour

9 # this enables us to compute the Laplacian at all data points,
10: # including at the boundaries

11: # we pad the data with NaNs to denote the missing values

12: dict (

13: kind="qoi_eb_stencil ",

14: qoi="""

15: # declare a new variable d2Udy2

16: V["d2Udy2"] = where(

17: c["Y"] > -1,

18: where (

19: c["Y"] < 1,

20: # use 2nd order central finite difference,
21: # where possible

22: finite_difference (

23: x, order=2, accuracy=2, type=0, axis=0,
24: grid_centre=c["Y"]

25: ),

26: # use 2nd order backwards finite difference
27: # at the upper boundary

28: finite_difference (

29: x, order=2, accuracy=1, type=-1, axis=0,
30: grid_centre=c["Y"]

31: )

32: )

33: # use 2nd order forward finite difference at the
34: # lower boundary

35: finite_difference (

36: x, order=2, accuracy=1, type=1, axis=0,

37: grid_centre=c["Y"]
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38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
55:
56:
57:
58:
59:
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:
71:
72:
73:
74:
75:

nn

s

)

V["d2Udx2"] = where (
c["X"] > -1,
where (
c["X"] < 1,
# use 2nd order central finite difference
# where possible
finite_difference (
x, order=2, accuracy=2, type=0, axis=1,
grid_centre=c["X"]
),
# use 2nd order backwards finite difference
# at the right boundary
finite_difference (
x, order=2, accuracy=1, type=-1, axis=1,
grid_centre=c["X"]
),
)
# use 2nd order forward finite difference at the
# left boundary
finite_difference (
x, order=2, accuracy=1, type=1, axis=l1,

grid_centre=c["X"]

)

# compute the natural logarithm of the Laplacian

return In(V["d2Udy2"] + V["d2Udx2"]);

neighbourhood=[

dict(
axis=0, before=1, after=1, boundary="constant",
constant_boundary=numpy.nan

)

dict (

axis=1, before=1, after=1, boundary="constant",
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76: constant_boundary=numpy.nan
77: ),
1350 78: 1,
79: type="abs",
80: eb=0.1,
81: ),
82: 1,
1355  83: fixed_constants=dict (X=X, Y=Y),
84: )

Listing C6. Configuration for bounding the absolute error over the natural logarithm of the Laplacian over a 2D grid with arbitrary grid point

locations using numcodecs-safeguards in appendix B6. The Laplacian is approximated using the 2nd order central finite difference

on inner points and the 2nd order forward/backwards finite difference on boundary points.
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C6 Example: relative vorticity as a stencil quantity of interest

1360 I: SafeguardsCodec (
2 codec=codec, # any numcodecs codec
3 safeguards=[
4 dict (
5: kind="qoi_eb_stencil ",
1365 6 qoi="""
7 V["earth_radius"] = 6371000; # [m], globally averaged
8
9 # extract u and v from the stacked (first) dimension
10: V[i"u"] = X[0, I[1], I[2]];
1370  11: Vi'v"] = X[1, I[1], T[2]];
12: # convert latitude in degrees to radians
13: V["latRad"] = c["lat"] % pi / 180;
14:
15: # (1) along the longitude axis, we handle the 360 degree periodic
1375 16: # boundary
17: V["dVdPhi"] = finite_difference (
18: V[i"v"],
19: order=1, accuracy=2, type=0, axis=2,
20: grid_centre=c["lon"], grid_period=360,
1380 21: );
22:
23: # approximate the spatial derivatives with finite differences
24: # (2) along the latitude axis, we need to handle the polar boundary
25: V["dUdTheta"] = where(
1385  26: abs(c["lat"]) < 90,
27: # use central difference where possible
28: finite_difference (
29: V["u"] # cos(V["latRad"]),
30: order=1, accuracy=2, type=0, axis=1,
1390 31: grid_centre=c["lat"],
32: )
33: # at the poles, use forward/backwards difference
34: where (
35: c["lat"] == -90,
1395 36: finite_difference (
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70:
71:
72:

)

nn

s

EGUsphere\

V["u"] % cos(V["latRad"]),
order=1, accuracy=1, type=-1, axis=1,
grid_centre=c["lat"],
)
finite_difference (
V["u"] % cos(V["latRad"]),
order=1, accuracy=1, type=+1, axis=1,

grid_centre=c["lat"],

# compute the relative vorticity

return (V["dVdPhi"] - V["dUdTheta"]) / (
V["earth_radius"] % cos(V["latRad"])

)

type="abs",
eb=1e-8,

neighbourhood=[

1,
# provide

# [u, v]: stacked variables

dict (axis=0, before=0, after=1, boundary="valid"),

# latitude: edge boundary is good enough since we ensure in the
# Qol that the edge—extended values are not used
dict(axis=1, before=1, after=1, boundary="edge"),

# longitude: wrapping boundary

dict(axis=2, before=1, after=1, boundary="wrap"),

the latitude and longitude dimensions as late—bound fixed constants

# and ensure that they can be broadcast to the data shape

fixed_constants=dict (

lat=latitude .reshape(l, -1, 1), lon=longitude.reshape(l, 1, -1),

)

Listing C7. Configuration for bounding the absolute error of the relative vorticity over a latitude-longitude grid with arbitrary grid point

locations using numcodecs-safeguards in section 5.6 and appendix B7.
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C7 Example: data structural similarity index measure

1435 I: SafeguardsCodec (
2 codec=codec, # any numcodecs codec
3 safeguards=[
4 # guarantee that the global minimum and maximum are preserved,
5: # which simplifies the rescaling in the quantity of interest
1440 6 dict (kind="sign", offset="$x_min"),
7 dict (kind="sign", offset="$x_max"),
8 dict (
9 kind="qoi_eb_stencil ",
10: qoi="""
1445 11: # dssim constants
12: V["sigma"] = 1.5;
13: V["C1"] = le-8;
14: V["C2"] = le-8;
15:
1450 16: # we guarantee that
17: # min(data) = min(corrected) and
18: # max(data) = max(corrected)
19: # with the sign safeguards above
20: V["smin"] = c["$x_min"];
1455 21: V["smax"] = c["$x_max"];
22: V[("r"] = V["smax"] — V["smin"];
23:
24: # re—scale to [0-1] and quantise to 256 bins
25: V["sc_al"] = round_ties_even (
1460 26: ((C["$X"] = V["smin"]) / V["r"]) = 255
27: ) [/ 255;
28: V["sc_a2"] = round_ties_even (
29: (X = V["smin"]) / V["r"]) = 255
30: ) [ 255;
1465 31:
32: # create a 2D 3x3 Gaussian kernel
33: vV[i"i"] = [-1, 0, 1];
34: VI"k"] = 1/(sqrt(2=pi)*V["sigma"]) = exp(
35: (-square(V["i"])) / (2%square(V["sigma"]))
1470  36: );
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37: V["kern"] = matmul ([V["k"]].T, [V["k"11);
38:
39: # handle sparse NaN values by excluding them from the
40: # convolution, then renormalise the kernel
1475 41 V["kern_no_NaN1"] = where(isnan(V["sc_al"]), 0, V["kern"]);
42: V["kernell"] = V["kern_no_NaN1"] / sum(V["kern_no_NaN1"]);
43: V["kern_no_NaN2"] = where(isnan(V["sc_a2"]), 0, V["kern"]);
44: V["kernel2"] = V["kern_no_NaN2"] / sum(V["kern_no_NaN2"]);
45: V["kern_no_NaN12"] = where(
1480 4e: isnan(V["sc_al"] % V["sc_a2"]), 0, V["kern"]
47: )
48: V["kernell2"] = (
49: V["kern_no_NaN12"] / sum(V["kern_no_NaN12"])
50: )
1485 51:
52: # apply the Gaussian mean filter via convolution
53: V["al_mu_noNaN"] = sum(V["sc_al"] % V["kernell"]);
54: V["a2_mu_noNaN"] = sum(V["sc_a2"] % V["kernel2"]);
55: V["alal_noNaN"] = sum(square(V["sc_al"]) = V["kernell"]);
1490 56: V["a2a2_noNaN"] = sum(square(V["sc_a2"]) = V["kernel2"]);
57: V["ala2_noNaN"] = sum(
58: V["sc_al"] % V["sc_a2"] = V["kernell2"]
59: );
60:
1495 61: # keep NaN for elements that are originally NaN
62: V["al_mu"] = where(
63: isnan(V["sc_al"])[I], NaN, V["al_mu_noNaN"]
64: )
65: V["a2_mu"] = where(
1500 66: isnan (V["sc_a2"])[I], NaN, V["a2_mu_noNaN"]
67: )
68: V["alal"] = where(
69: isnan(V["sc_al"])[I], NaN, V["alal_noNaN"]
70: );
1505 71: V["a2a2"] = where(
72: isnan(V["sc_a2"])[I], NaN, V["a2a2_noNaN"]
73: )
74: V["ala2"] = where(
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75: isnan(V["sc_al"] % V["sc_a2"])[I], NaN, V["ala2_noNaN"]
1510  76: )
77:
78: # compute the variances and covariance
79: V["var_al"] = V["alal"] - square(V["al_mu"]);
80: V["var_a2"] = V["a2a2"] - square(V["a2_mu"]);
1515 81 V["cov_ala2"] = V["ala2"] — V["al_mu"] % V["a2_mu" ];
82:
83: # compute the SSIM components
84: V["ssim_tl1"] = 2 % V["al_mu"] % V["a2_mu"] + V["CI1"];
85: V["ssim_t2"] = 2 % V["cov_ala2"] + V["C2"];
1520  86: V["ssim_bl"] = (
87: square (V[ "al_mu"]) + square(V["a2_mu"]) + V["Cl"]
88: )
89: V["ssim_b2"] = V["var_al"] + V["var_a2"] + V["C2"];
90:
1525 91: V["ssim_1"] = V["ssim_t1"] / V["ssim_bl"];
92: V["ssim_2"] = V["ssim_t2"] / V["ssim_b2"];
93:
94: # compute the pointwise dSSIM
95: return V["ssim_1"] % V["ssim_2"];
1530 96: ey
97: type="abs",
98: # guarantee dSSIM >= 0.995
99: eb=1 - 0.995,
100: # 3x3 neighbourhood
1535 101: neighbourhood=[
102: # latitude
103: dict(axis=0, before=1, after=1, boundary="valid"),
104: # longitude
105: dict(axis=1, before=1, after=1, boundary="valid"),
1540 106: 1,
107: ),
108: 1,
109: )

Listing C8. Configuration for ensuring a minimum pointwise 3x3 dSSIM score over a 2D grid using numcodecs-safeguards in

appendix BS.

99



https://doi.org/10.5194/egusphere-2026-4266
Preprint. Discussion started: 28 July 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1545
1: SafeguardedCodec (
2 codec=codec, # any numcodecs codec
3 safeguards=[
4 # guarantee that the global minimum and maximum are preserved
1550 5 dict (kind="sign", offset="$x_min"),
6: dict (kind="sign", offset="$x_max"),
7 dict (
8 kind="qoi_eb_pw",
9 qoi="""
1555  10: # the above sign safeguards guarantee that
11: # min(data) = min(corrected) and
12: # max(data) = max(corrected)
13: v["smin"] = c¢["$x_min"];
14: v["smax"] = c["$x_max"];
1560 15: vi"r"] = v["smax"] — v["smin"];
16:
17: # re—scale to [0-1] and quantise to 256 bins
18: v["sc_a2"] = round_ties_even (
19: ((x = v["smin"]) / v["r"]) = 255
1565  20: ) [ 255;
21:
22: # force the quantised value to stay the same
23: return v["sc_a2"];
24: e
1570 25: type="abs",
26: eb=0,
27: ),
28: 1,
1575 2%

Listing C9. Configuration for ensuring a perfect pointwise dSSIM score using numcodecs—-safeguards in appendices B8 and B10

and section 5.8.
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C8 Preview: incremental corrections

I: SafeguardsCodec (

2: codec=codec, # any numcodecs codec

3: safeguards=[

4: dict (

5: kind="qoi_eb_stencil ",

6: qoi="sum(X) / size(X)", # box mean

7: neighbourhood=[

8: # neighbourhood along the latitude axis
9: dict(axis=1, before=2, after=2, boundary="reflect"),
10: 1,

11: type="abs",

12: eb=0.1,

13: ),

14: 1,

15: )

Listing C10. Configuration for bounding the absolute error over the five-element box mean along the latitude axis using numcodecs—

safeguards in appendix B9.
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