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Abstract—Effective lossy compression is important for large
scientific datasets. Existing approaches control the point-wise
error but not the visual quality, which is often measured using
the Structural Similarity Index (SSIM). This paper introduces the
minSSIM metric and SBLC, the first SSIM-bounded compressor.
It is fully CPU-GPU compatible and guarantees the user-provided
minSSIM bound, which it enforces by strategically tightening the
error bound on specific values in the data. It does this entirely
during compression, ensuring that decompression is very fast.
Using 6 input suites from the SDRBench repository, an RTX 4090
GPU, and a NOA error bound of 0.001, SBLC decompresses at
a throughput of 493 GB/s on average. Additionally, at tighter
error bounds, it produces higher compression ratios than all but
one of the evaluated GPU compressors while yielding the highest
average SSIM. SBLC is the only tested compressor that does
not produce any regions with low SSIM values, all while also
guaranteeing point-wise error bounds.

Index Terms—lossy data compression, guaranteed error
bounds, structural similarity index, CPU/GPU parallel

I. INTRODUCTION

Many important scientific instruments and simulations gen-
erate more data than can be feasibly managed in terms of
storage capacity and throughput [9, 25]. Data compression
is an obvious choice to address this issue. There are two
commonly used types of compression: lossless and lossy. Loss-
less compression compresses the data without introducing any
differences between the original data and the decompressed
data. Unfortunately, lossless compression is generally not able
to yield sufficiently high compression ratios for large-scale
scientific workflows. For example, ZFP [14] can losslessly
compress the NYX file baryon density [31] by only a factor
of 1.34. In contrast, lossy compression can yield much higher
compression ratios, depending on the selected error bound.
Using the same NYX input with an absolute error bound of
0.01, ZFP obtains a compression ratio of 4.92. However, this
increase comes at a price. As the name suggests, lossy com-
pressors “lose” some information and are unable to perfectly
reconstruct the data. To lose this data in a controlled fashion,
many lossy compressors employ point-wise error bounding.
In the example above, an absolute error bound of 0.01 means
that each value cannot be off by more than ±0.01.

In addition to speed, compression ratio, and error bounding
requirements, end users that analyze the decompressed data are
often interested in preserving specific properties that might be
lost in the compression process. For this reason, many state-
of-the-art lossy compressors support preservation of quantities
of interest [9]. A key quantity of interest is the Structural

Similarity Index Measure (SSIM) [39], which focuses on
visual quality. SSIM is an important metric for any compressor
used to handle data that is to be visualized, but no existing
compressor offers SSIM guarantees on reconstructed data.

Current lossy compressors often produce reasonable overall
SSIM values [15, 28]. But because SSIM is a high-level
average, there are typically regions in the decompressed output
that have much worse SSIM values than the overall average as
we show in Section VI. This can be an issue if these regions
happen to be in an area that is of interest for visualization.

As a remedy, we introduce the SSIM-Bounded Lossy Com-
pressor (SBLC), which offers strict control of both point-wise
error and a new metric we call minSSIM. By controlling
minSSIM, we not only guarantee that the high-level average
SSIM is above the requested bound but also that there are no
local SSIM values below the requested bound. Additionally,
SBLC supports CPUs and GPUs while maintaining bit-for-
bit parity of the compressed and decompressed data. On the
SDRBench inputs [41], it achieves comparable compression
ratios to other CPU/GPU compatible compressors at the same
error bound while yielding a higher SSIM and similar decom-
pression throughputs. Additionally, by binding the minSSIM,
SBLC ensures that all regions in the reconstructed data meet
the requested quality.

This paper makes the following main contributions.
• A new SSIM metric: We describe minSSIM, a metric to

analyze the worst-case SSIM in reconstructed data.
• A new lossy compressor: We present a new lossy base

compressor that quantizes values into floats rather than
integer bins, thus obviating the need for dequantization
while still providing high compression ratios on GPUs.

• An SSIM-preserving lossy compressor: We introduce
SBLC, an algorithm that guarantees the minSSIM to not
drop below the requested bound anywhere, which also
guarantees the overall SSIM bound.

• Implementation and optimization: We provide a de-
tailed description of the implementation, optimization,
and parallelization strategies employed to make SBLC
efficient on both CPUs and GPUs.

• Comprehensive evaluation: We compare SBLC to six
state-of-the-art error-bounded compressors in terms of
compression/decompression throughput, compression ra-
tio, and reconstructed data quality.

Our C++/OpenMP and CUDA implementations of SBLC
are freely available through GitHub [16].



The rest of this paper is organized as follows. Section II
provides background. Section III summarizes related work.
Section IV explains the SBLC algorithm. Section V describes
the evaluation methodology. Section VI presents and discusses
the results. Section VII concludes the paper with a summary.

II. BACKGROUND

This section describes the point-wise error control that
SBLC employs as well as the SSIM metric and its variants.

A. Point-Wise Absolute Error (ABS)

The point-wise absolute error of a data value is the dif-
ference between the original value of the data point and its
reconstructed value [32]. The absolute error of a value x is
defined as eabs = |xoriginal − xreconstructed|. Therefore, to
guarantee an absolute error bound of ε, each value in the
reconstructed file must satisfy eabs ≤ ε. In other words,
each reconstructed value must be in the following range:
xoriginal − ε ≤ xreconstructed ≤ xoriginal + ε.

ABS error bounds are useful when the data is homogeneous
in magnitude or when the user is not interested in areas where
values may be small relative to the error bound, that is, when
the user cares mainly about the “big picture”.

B. Point-Wise Normalized Absolute Error (NOA)

The point-wise normalized absolute error is the ABS error
normalized by the value range R = xmax − xmin, that is,
the range between the largest and the smallest value in the
input. The normalized absolute error of a value x is defined
as enoa = | eabs

R |. To guarantee an error bound of ε, each
data value in the reconstructed file must satisfy enoa ≤ ε.
Therefore, each reconstructed value must be in the following
range: xoriginal − εR ≤ xreconstructed ≤ xoriginal + εR.

NOA error bounds are convenient when the user has mul-
tiple datasets at different scales but only wants to specify one
absolute error bound for all of them. SBLC supports both ABS
and NOA point-wise error bounds.

C. Quantization

Most of the lossy compressors described below in Sec-
tion III employ a form of quantization. For example, an ABS
quantizer typically uses the supplied error bound ϵ to quantize
the floating-point values into bins. It does this by multiplying
the original value by the inverse of two times the error bound,
(i.e., 0.5

ϵ ) and rounding the result to the nearest integer, which
yields a bin number. All values within ±ε of the center of a
bin are thus mapped to the same bin and will be reconstructed
to the center value. The resulting sequence of bin numbers is
generally much more compressible than the original floats.

D. SSIM

SSIM is a metric that measures visual quality by comparing
a reconstructed image to its original [39]. Its focus on structure
and local neighborhood is in contrast to other commonly used
lossy metrics like the peak signal-to-noise ratio (PSNR) and
the mean squared error (MSE), which are focused mainly on

the error itself. SSIM is the average of many local SSIM win-
dows. Our implementation uses the same constants, window
size (i.e., 7), and stride (i.e., 2) as the Quick Compression
Analysis Toolkit (QCAT) [1], which is widely used to evaluate
scientific lossy floating-point compressors.

Each local SSIM is calculated over the original values x
and the reconstructed values y using the equation SSIM =
luminance(l)×contrast(c)×structure(s), where l(x, y) =
2µxµy+c1
µ2
x+µ2

y+c1
, c(x, y) = 2σxσy+c2

σ2
x+σ2

y+c2
, and s(x, y) =

σxy+c3
σxσy+c3

. Here,
µ is the average over the values in the window, σ is the
standard deviation, and σxy is the covariance. The c values
are small positive constants. The final SSIM is calculated by
iterating across all possible windows given the window size
and stride and averaging the resulting local SSIM values. This
global SSIM value is always between -1 and 1. Values near 1
indicate strong similarity to the original data. As an example,
adding a small gaussian blur would lower the SSIM value, but
not by much. Values near 0 indicate no structural commonality.
For example, comparing random noise to an original input
yields SSIMs near 0. SSIM values below zero are uncommon
in the image domain but do occur when working directly
with float values. A SSIM below zero indicates a negative
correlation between the original and the reconstructed data.

There are several SSIM variants of note. Multi-scale SSIM
(MS-SSIM) [38] is similar to traditional SSIM but performs
multiple sub-sampling steps for each window to evaluate the
SSIM at different scales. This yields a more robust metric
but is significantly more expensive to compute. Data SSIM
(DSSIM) [6] was developed for direct application to floating-
point data. It operates on a normalized version of the floating-
point data rather than on the raw data. This helps with the
constant selection and eliminates the possibility for negative
structure components. DSSIM quantizes the data into 256 bins
to align with a linear color mapping. These changes yield
DSSIM values that are slightly different from traditional SSIM
values but are faster to compute due to not having to first
generate an image. Similarly and like QCAT, our SSIM com-
putation operates directly on the floating-point data without
generating an image and does not perform any quantization or
normalization. In other words, SBLC and minSSIM use the
traditional version of SSIM as a metric.

III. RELATED WORK

SSIM is a common metric for comparing lossy compres-
sors [9], but no published codes exist that directly bound SSIM
or minSSIM like SBLC does. Hence, this section describes
works that target SSIM or visual quality in compression. It
also discusses the state-of-the-art error-bounded lossy floating-
point compressors with which we compare SBLC.

A. Machine-Learning-Optimized SSIM

There are many machine-learning (ML) approaches for
lossy compression, but they mainly focus on images rather
than scientific floating-point data. We briefly discuss these ML
approaches below. They do not directly bound the SSIM/MS-
SSIM but instead include it in their loss functions, optimizing



for visual quality without offering a strict bound like SBLC.
However, due to the focus on image data and the generally
slow speed of ML-based compressors for both encoding and
decoding, we do not compare to such approaches.

Ballé, Laparra, and Simoncelli [7] introduce learned com-
pression, which approaches the problem as a rate-distortion
optimization problem and uses an autoencoder along with an
entropy model to compress images without using traditional
compression transformations. They report MS-SSIM rates that
are consistently higher than those of both JPEG [37] and
JPEG2000 [33]. Johnston et al. [24] augment recurrent convo-
lutional neural networks with hidden-state priming, spatially
adaptive bit rates, and perceptually-weighted training loss to
increase both SSIM and MS-SSIM. Ballé et al. [8] improve on
their prior work via the introduction of a hyperprior. This helps
improve the accuracy and bitrate by providing additional infor-
mation to help with variance in the hyperparameters. Minnen,
Ballé, and Toderici [30] further expand on existing approaches
by combining a hyperprior approach with an autoregressive
context model to capture both local and global context in the
network architecture. The autoregressor, however, is inherently
serial and thus slower than previous approaches.

Cheng et al. [10] improve on entropy modeling with the
addition of gaussian mixture likelihoods, which allow for bet-
ter representations of complex latent distributions. Attention
is also added to both the encoder and decoder to focus the
bitrate on areas of spatial interest.

Cui et al. [12] demonstrate a model that allows for the latent
representation to be scaled via parameters during inference.
This allows for the same kind of bitrate control that is seen
in non-ML-based lossy compressors such as ZFP without the
need for training multiple models for each desired bitrate.
He et al. [18] further improve on autogregressive entropy
models using unevenly grouped space-channel contexts. This
allows for more parallelism than was previously possible for
autoregressor models, yielding the highest compression speeds
at a given quality of 28 MB/s encoding and 24 MB/s decoding.

Most ML based compressors in this area optimize for (but
do not guarantee) SSIM via their loss function during training.
They perform well when compared to other compression tools
like JPEG, but their inference time leaves much to be desired
when compared with a traditional compressor like SBLC.

B. Error-bounded Lossy Compressors

Supporting error bounds is important to preserve data in-
tegrity for downstream analysis. The following compressors
offer error bounding as a feature of their compression al-
gorithms. Many of these works use SSIM as a metric for
comparison but none support SSIM or minSSIM bounding.

Jiao et al. [23] explore the mitigation of compression
artifacts that arise from quantization. Their work alleviates
such artifacts using linear interpolation at the border between
quantization bins. To do this, they first identify the quantization
boundaries, determine the distance to those boundaries for
each data point, and then interpolate each point relative to
the boundaries to compute an offset to be added to smoothen

the decompressed data. These offsets are still error controlled,
so the interpolation does not introduce error-bound violations.
This interpolation, which focuses on visual quality, improves
SSIM by up to 108%. The corresponding code is not yet
available, so we cannot compare to it. Our approach also tar-
gets visual quality, but SBLC focuses on adaptively preserving
SSIM rather than smoothening only a specific type of artifact.

There are four main lossy compressors in the SZ family.
They all use prediction in their compression pipeline. SZ2 [26]
employs Lorenzo prediction [21] and linear regression fol-
lowed by quantization. SZ3 [28, 40] is an improvement that
generally produces higher compression ratios with similar
throughput. Both SZ2 and SZ3 utilize entropy coding plus
lossless compression after the lossy stage (e.g., Huffman [20]
followed by GZIP [13] or ZSTD [11]). SZ2 and SZ3 are CPU-
only compressors. cuSZ [34, 35] is a CUDA implementation
that is based on a different, more GPU-friendly algorithm.
It performs Lorenzo prediction and quantization followed by
multi-byte Huffman coding. cuSZp [19] yields high compres-
sion ratios and higher decompression throughputs than cuSZ.
It splits the data into blocks and then quantizes and predicts the
values in all nonzero blocks, which are ultimately compressed
by a fixed-length encoder that employs bit-shuffle operations.
The lossy stage in SBLC differs from the traditional quanti-
zation methods used by the SZ compressors in that it outputs
actual floating-point values rather than bin numbers, meaning
the SBLC’s dequantizer is a no-op and takes no time to
execute. We compare to SZ3 and cuSZp in Section VI.

We also compare to ZFP [14, 29], a widely used tranform-
based compressor. It is specifically designed for in-memory
array compression and supports on-the-fly random-access de-
compression. ZFP splits the input into blocks, converts each
value into an integer, decorrelates the integers, reorders the
data, and converts the values from two’s-complement to ne-
gabinary representation. Then, it groups the bits from most
to least significant. Finally, the shuffled bits are losslessly
compressed. Our approach has a few commonalities with ZFP
(e.g., converting to negabinary format).

MGARD [27] supports compression and decompression
across CPUs and GPUs. It uses multigrid hierarchical data
refactoring to decompose and recompose the data to a spec-
ified accuracy via selective loading based on the hierarchy.
Additionally, while MGARD supports the L∞ norm like many
other lossy compressors, it is optimized towards preserving
quantities of interest via the L2 norm. For this reason, the
performance when using the L∞ norm is diminished both
in throughput and compression ratio, but we must use it to
directly compare to the other error-bounded lossy compressors.

PFPL [15] is a high-throughput CPU and GPU compatible
lossy compressor. It first quantizes the input and converts the
bin values to magnitude-sign representation. For performance,
it stores outliers inline rather than separately. It then splits the
input into 16kB chunks to allow for fast parallel compression
and decompression. Each chunk is compressed using a pipeline
of lossless transformations. First, the data is delta encoded [22]
and converted to negabinary. Second, it is bit shuffled, similar



to ZFP. Last, the data is compressed using repeated zero-
byte elimination. SBLC uses a similar lossless compression
pipeline. However, the lossy step is entirely different, which
is where the SSIM is guaranteed.

SLEEK [2] is an ultra-fast compressor for GPUs designed to
operate at the speed of memory copies. It guarantees the error
bound and is CPU/GPU compatible. SLEEK’s lossy step is
based on a quantization method that guarantees that all values
can be quantized within the error bound without the need for
storing outliers. The lossless portion of SLEEK is simple by
design to provide high speed. It groups the quantized values
into 512-byte chunks and analyzes them to determine how
many leading zeros can maximally be removed from all words
in the chunk without losing data. This works well due to the
leading zeros introduced by the quantizer.

Overall, SBLC shares some similarities with the state of
the art in its lossless compression pipeline and with the error-
bound guarantees it supplies. More recent work explicitly tar-
gets visual quality but does so using smoothing at reconstruc-
tion time rather than controlling the loss in the compression
stage. SSIM, while a common metric of comparison, is not
guaranteed by any prior approach. In contrast, SBLC not
only guarantees the user-specified SSIM but also offers an
even stronger minSSIM guarantee. Moreover, it ensures these
guarantees entirely in the encoder and, therefore, incurs no
overhead in the decoder.

IV. APPROACH

In this section, we describe the minSSIM metric, the SBLC
algorithm, and its parallelization and optimizations.

A. minSSIM

The minSSIM metric is described in Algorithm 1. It is a
simple modification of the global SSIM calculation described
in Section II. Instead of averaging all of the individual window
SSIMs, we record the lowest value. The main motivation
behind this modification is to keep track of the worst case.

Algorithm 1 minSSIM Calculation

1: minSSIM ← 1
2: for each window w do
3: winssim ← localSSIM(w)
4: minSSIM ← min(minSSIM , winssim)

B. The SBLC Algorithm

The overall SBLC algorithm is shown in Figure 1. The
lossy quantization of SBLC is described at a high level in
Algorithm 2. SBLC takes in both a minSSIM threshold and a
traditional error bound. The first step on Line 1 is where the
lossy portion of SBLC is performed with the given traditional
error bound. As mentioned in Section III, SBLC does not
perform binning but instead directly outputs a rounded float
value that is within the error bound. To do this, SBLC
calculates a threshold value based on the error bound. This
threshold is used to determine the number of least significant

bits (LSBs) from the mantissa that can be ignored without
resulting in an error-bound violation. This original error bound
is saved on Line 3. It retains as much compressibility as
possible. Additionally, all values are immediately encoded so
they can be analyzed in the following main computation loop.

Input

Quantization

ABS

NOA

Refinement
Based on
minSSIM
Threshold

Delta Using
Negabinary

Chunked MPLG
from Both Ends

Zero
Elimination

Lossless Compression

Output

Fig. 1: The high-level SBLC algorithm

Algorithm 2 The SBLC Lossy Compression Algorithm

1: for each point p do ▷ parallel loop
2: pround ← ABS or NOA rounded version of pval
3: porig eb ← error bound corresponding to pround
4: pnew eb ← error bound corresponding to pround

5: done← false
6: while not done do
7: done← true
8: for each set of non-overlapping windows wins do
9: for each window w in wins do ▷ parallel loop

10: count low ← 0;
11: while localSSIM(w) < minSSIM thr do
12: done← false
13: count low ← count low + 1
14: for each point p in w do
15: local eb← porig eb/2

count low

16: pnew eb ← min(pnew eb, local eb)
17: pround ← rounded using pnew eb

The main loop starts on Line 5 of Algorithm 2. This is
where the error bound of each value is refined, if necessary, to
also preserve the requested minSSIM bound. The loop iterates
over all local SSIM windows in the input file. For each of
these windows, the local SSIM is calculated. If it is below
the minSSIM threshold, every value within that window is
refined. This is done by halving the error bound. Instead of
simply reducing the error bound for each window element
by half every time the minSSIM is violated, we calculate a
new floor error bound using the original bound and a counter
for that window and apply this floor to the existing error
bound. This is beneficial due to the overlapping nature of
the local SSIM windows. If we were to simply halve the
error bounds of all points in the window, overlapping windows
might result in tighter error bounds than necessary. Conversely,
if we were to use only the counter and the original error
bound instead of the new floor, then a window may overwrite
a lower error bound that a preceding window determined was
required. Note that this iterative refinement is not limited to
minSSIM. It also works for other local quality metrics (e.g.,
Local Normalized Cross-Correlation and Gradient Magnitude
Similarity Deviation) by changing the logic that determines if
a window must be refined.



After these new error bounds have been established, the
values in the window are encoded again, and the local SSIM is
recalculated and compared with the minSSIM threshold. This
refinement is guaranteed to iterate at most m times, where
m is the number of mantissa bits (e.g., 23 for IEEE single-
precision floating-point values), for each window after which
every value in the window would be losslessly preserved.

Because the lossy values are output directly as the final
rounded float, the encoded values do not need to be decoded
during decompression, that is, Algorithm 2 is only necessary
during the compression step, not the decompression step.

C. Compression

The above transformation and refinement is to lossily en-
code the data such that it is both below the error bound and
above the minSSIM bound, but it does not shrink the data,
it only makes it more compressible. To perform the actual
compression, SBLC employs a lossless 3-stage pipeline that
comprises one data transformation and two compression steps.
This pipeline was designed using the LC framework [4] to be
effective and fast on both CPUs and GPUs. It works as follows.

The first lossless stage, as outlined in Figure 2, computes
the difference sequence [22] of the output of the lossy stage
after statically casting the floating-point values to integers. If
the values produced by SBLC’s lossy stage are close to each
other, which they are in many cases as the input data tends
to be smooth, this transformation yields residuals that cluster
around zero. Importantly, this stage stores the residuals in
negabinary format. Negabinary is a representation of values
in base -2 [36]. Unlike in two’s-complement representation,
small positive and small negative negabinary values both have
many leading zero bits, as shown in the third row of Figure 2.
This is exploited in the later compression stages.

Of course, the difference sequence may also contain some
large residuals. The second lossless stage is designed to handle
such cases. It is an extension of MPLG [3] and subdivides the
16 kB chunks into 512-byte subchunks. For each subchunk,
it finds the largest number of leading zero bits that can
be truncated from all values without losing any data. The
subchunking is crucial because any large residuals that limit
the number of bits to be truncated only affect their subchunk.
Unlike prior implementations of MPLG, and unique to our
approach, we check both leading and trailing zeros. This is
key because the difference sequence tends to produce leading
zeros, while the rounded mantissas tend to produce trailing
zeros. This enhancement allows the second lossless stage to
eliminate both leading and trailing zeros, which yields higher
compression ratios than eliminating just one or the other.

While the two previous stages operate at word granularity,
the final stage operates at byte granularity. As illustrated in
Figure 3, it generates a bitmap in which each bit corresponds
to a byte of the input. A cleared bit indicates that the
corresponding byte is zero. Otherwise, the bit is set. All zero
bytes are then removed from the input. Hence, the compressed
output consists of the bitmap and the non-zero bytes from the
input. The size of the bitmap is always the size of the input

divided by 8, but the number of non-zero bytes depends on
the data. Since the bitmap represents considerable overhead,
we compress it using a similar algorithm that creates a second,
smaller bitmap in which a cleared bit means the byte repeats
and a set bit means it does not. Only the non-repeating bytes
of the first bitmap are emitted along with the second 8-times-
smaller bitmap. This process is iteratively applied 4 times,
generating a shorter bitmap in each iteration (plus the non-
repeating bytes), until the bitmap is only a few bytes long [5].

D. Parallelization and Optimization

It is important to note that, given the window size and
stride we use (7 and 2, respectively), there is overlap between
adjacent windows. This not only affects the algorithm as
described in Section IV-B but also how it can be parallelized.
Due to the importance of CPU-GPU parity and deterministic
results, the main computation loop in Algorithm 2 is split into
chunks of non-overlapping windows, which are then processed
in parallel with barriers between chunks instead of running
the entire input in parallel, which would cause data races on
overlapping windows. The latter solution can be made correct
with atomic operations but would produce non-deterministic
results depending on the interleaving of the threads.

On the CPU, we flatten the nested loops (2 for 2D and 3
for 3D inputs) with the “collapse” OpenMP keyword and use
a dynamic schedule to assign the work. On the GPU, we use a
thread-based approach and manually flatten the nested loops to
improve performance. Within the main computation, accesses
to the data and error bound arrays are all independent due to
the chunked layout we used to ensure determinism.

While the above parallelization strategy works, it is insuffi-
cient to yield good performance without further optimization.
The most computationally expensive portion of the algorithm
is the local SSIM calculations. Luckily, it is unnecessary
for a large portion of the windows after the first iteration.
For this reason, we implemented a “checklist”. Similar to a
worklist, the checklist ensures that we only do work when
needed, but it is not entirely data driven as it maintains the
original deterministic topology-driven order. The first iteration
of SBLC is completely topology driven. All windows are
visited and have their local SSIMs compared to the minSSIM
threshold. When a window is found to be in violation, it is
iteratively fixed (see Algorithm 2). The violating window and
all of its overlapping neighbors are set to “modified” on the
checklist. In the following iteration, the windows are visited
in the same order, but no work is done for windows that were
not marked as modified in the prior iteration. We chose this
strategy because we noticed that, in the later iterations, the
number of minSSIM violating windows decreases rapidly.

Additionally, while we keep the window size and stride
consistent with QCAT in our evaluation, both parameters
can be changed. Changing either of them may affect per-
formance. Increasing the window size or lowering the stride
while holding the other parameter constant causes additional
overlap between windows. This, in turn, causes additional
work because any time a window is changed all overlapping
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Fig. 3: Zero-byte elimination in the final lossless stage; further compression of the bitmap is not shown

windows must go back on the worklist. Conversely, decreasing
the window size or increasing the stride boosts performance.

V. EXPERIMENTAL METHODOLOGY

We compare SBLC to 6 state-of-the-art lossy compressors,
described in Section III, on two CPU systems and two GPUs.

The first system has 2 sockets with Intel Xeon Gold 6226R
CPUs, each with 16 physical cores, a base clock of 2.9 GHz,
and a boost clock of 3.9 GHz. The second system has a single
AMD Ryzen Threadripper 3970X CPU with 32 cores, a base
clock speed of 3.7 GHz, and a boost clock of 4.5 GHz.

The first of our two GPUs is an NVIDIA A100 (Ampere
architecture) with 6,912 processing elements distributed over
108 multiprocessors. It has 40 GB of global memory. The
second GPU is an NVIDIA RTX 4090 (Ada Lovelace archi-
tecture) with 16,384 processing elements distributed over 128
multiprocessors. Its global memory has a capacity of 24 GB.

We compiled the CPU codes using the build processes
supplied by their respective authors. When not specified, we
used the “-O3 -march=native” flags. Unless automatically
determined, the thread count was set to the number of CPU
cores as hyperthreading usually does not help. We compiled
the GPU codes using the “-O3 -arch=sm 89” flags for the
RTX 4090 and the “-O3 -arch=sm 80” flags for the A100.

TABLE I: Information about the used FP32 input suites
Name Description Files Dimensions Size (MB)
CESM-ATM Climate 33 26 × 1800 × 3600 674
EXAALT Copper Molecular Dyn. 6 Various 2D 68 to 358
Hurricane Isabel Weather Sim. 13 100 × 500 × 500 100
NYX Cosmology 6 512 × 512 × 512 537
SCALE Climate 12 98 × 1200 × 1200 564
QMCPACK Quantum MC 2 33,120 × 69 × 69 631

We used the 6 single-precision suites shown in Table I
as inputs for the compressors, a total of 72 files. They are
from the SDRBench repository [31, 41], which hosts real-
world scientific datasets for compression evaluation. The table

lists the suite’s name, short description, number of files, input
dimensions, and the size per file in megabytes.

To keep the number of inputs reasonable and make the
comparison as fair as possible, we excluded some SDRBench
datasets. We only use the 3D CESM-ATM inputs as they are
similar to the other CESM-ATM inputs and 3D is a commonly
used dimension. We use only the EXAALT Copper suite as
it is in the middle in terms of size for the EXAALT sets.
We use the raw (i.e., not cleared) data from the Hurricane
ISABEL set. Additionally, we exclude SDRBench datasets that
are incompatible with at least one of the tested compressors
because they are either too large or in a proprietary format.

For all compressors, we measured the execution time of the
compression and decompression functions, excluding reading
the input file, verifying the results, and transferring data to
and from the device. We ran each experiment 9 times and col-
lected the compression ratio, median compression throughput,
and median decompression throughput. The plots report the
geometric mean of the geometric mean of each suite so as not
to overemphasize suites with more files. Additionally, the use
of the geometric rather than the arithmetic mean helps dampen
any inputs that significantly outperform the general case [17].

We present the results in x/y-scatter plots. The two di-
mensions are compression ratio and either compression or
decompression throughput. One or both axes are logarithmic
to capture the range of compression ratios and/or throughputs.

For all compressors, the triangular data point denotes a NOA
error bound of 1E-2, the square 1E-3, and the pentagon an
error bound of 1E-4. We chose the NOA error bound due to
its adaptability to different data ranges. Since not all of the
third-party code directly support NOA but all support ABS,
we use a precomputed ABS error bound that corresponds to
the NOA error bound, even on codes that directly support the
NOA error bound. For the third-party compressors that support
serial and parallel execution or CPU and GPU execution, we
only show the fastest version if the compression ratio is the



same between the versions. Otherwise, we show all versions.
For ZFP, which supports serial and parallel compression but
only serial decompression, we show serial results only. We
always show all versions of SBLC.

For SZ3, we show results for two versions: SZ3Serial and
SZ3OMP . The OpenMP version of SZ3 produces different
compression ratios, and therefore different files, than the serial
version, but both versions can be used to compress and
decompress interchangeably.

Since not all compressors perform a warm-up before timing,
when present, we disable any warm-up code. The use of the
median of 9 runs should compensate for warm-up behavior.

The presented compression ratios are the uncompressed
file size divided by the compressed file size. Rather than
listing the measured runtimes, we show throughputs (i.e.,
the uncompressed file size divided by the runtime) because
throughput, like compression ratio, is a higher-is-better metric.

VI. PERFORMANCE EVALUATION

In this section, we evaluate 6 state-of-the-art lossy compres-
sors from the literature as well as SBLC. We first compare the
local SSIM performance of SBLC and its base compressor to
SZ3, the leading lossy compressor for CPUs, on the ISABEL
dataset. Next, we evaluate SSIM across all input suites for
all tested compressors. Last, we discuss the throughput and
compression ratios of the lossy compressors on the 3 different
NOA error bounds described in Section V. Unless otherwise
specified, we set the minSSIM bound to 0.85. For reference,
we include SBLC’s lossy base compressor in some of the
results. This base compressor is identical to SBLC but the
minSSIM guarantee has been removed.

A. Local SSIM Analysis

Figure 4 shows an original, uncompressed slice of the
Hurricane Isabel QSNOW dataset. Figure 5 presents the corre-
sponding local SSIM values from the SBLC base compressor,
SBLC, and SZ3 on the same slice.

Fig. 4: Hurricane Isabel, QSNOW field, slice 12

These figures demonstrate why preserving local SSIM is
important. When looking at the original QSNOW image, it is

clear that the region of interest is probably near the center of
the hurricane structure, but the SZ3 local SSIMs show that
that region only has a small number of windows with high
SSIM. Moreover, a large portion of the hurricane structure is
at a local SSIM value of 0 indicating no similarity, with a
few small areas in the negative range, which indicates inverse
structure. Additionally, the SSIM is not smoothly distributed
in the SZ3 figure; rectangular blocks of low SSIM values
are directly next to areas with high SSIM values, which may
introduce the appearance of structure where there is none. The
base compressor of SBLC does not fare any better. Most of
the region where visualization may be important has a SSIM
near 0. What may be insidious is that, because SSIM is an
average metric, the high SSIM areas at the top of both SZ3’s
and the base compressor’s output skew the average SSIM to be
high. In contrast, SBLC, which guarantees a minSSIM bound,
shows the entire data slice at high local SSIM values.

Figure 6 shows a histogram, i.e., the frequency distribution,
of local SSIM values across the entire hurricane Isabel input
suite for SZ3, SBLC, and SBLC’s base compressor. We sorted
the local SSIM values into 41 equal-sized bins (with the
exception of the first and last bins, which are half-size), which
are represented on the x-axis. The leftmost bin corresponds to
a local SSIM of -1 and the rightmost bin to a local SSIM of 1.
Note the logarithmic y-axis. On these inputs, SZ3 has 4% of
its local SSIM values below 0, 21% are in the bin that includes
0, and the remaining 75% are above 0 with 60% in the bin
corresponding to a local SSIM of 1. SBLC’s base compressor
similarly has a spike at 0 with 38% of the local SSIM values,
and 57% of the values are in the highest bin. SBLC, with its
minSSIM set to 0.85, has no local SSIM values below this
threshold. Note that it has not only a larger count in the 0.85
bin but also in the higher bins relative to the base compressor.
This is because adjusting the error bounds in one window also
boosts the SSIM of overlapping neighboring windows, even if
they already meet the minSSIM threshold.

The existing lossy compressors, including SBLC’s base
compressor, are SSIM agnostic and have the potential to
generate misleading visualizations. In contrast, these results
show that SBLC’s control of minSSIM guarantees the entire
reconstructed dataset to be at or above the requested SSIM.

B. Quality of Reconstructed Data

Table II shows the average SSIM and the minSSIM for the
tested codes across the 3 NOA error bounds. For all metrics,
higher is better. The highest entries for each metric and error
bound are in bold print. In this section we present results for
SBLC using minSSIM thresholds of 0.50, 0.70, 0.85, and 0.95.

The table highlights the large difference between SBLC
and the other tested compressors. SBLC delivers the highest
SSIM and minSSIM values in all cases, even with a minSSIM
bound of 0.5. This is a direct result of its refinement step
as the base compressor performs similarly to all other tested
compressors in terms of minSSIM and SSIM. The results
shows that the refinement not only ensures that the minSSIM
is at or above the requested bound but also greatly boosts the



(a) Base compressor (b) SBLC (c) SZ3

Fig. 5: Local SSIM visualization on ISABEL QSNOW slice 12 using the base compressor, SBLC, and SZ3 with a NOA error
bound of 1E-3. Colors closer to green are near the best SSIM of 1. Colors closer to red are near the worst SSIM of -1.
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Fig. 6: Distribution of local SSIM values across all ISABEL inputs for the base compressor, SBLC, and SZ3

TABLE II: Average SSIM and minSSIM for the tested codes
on the 3 NOA error bounds

0.01 0.001 0.0001
SSIM minSSIM SSIM minSSIM SSIM minSSIM

ZFP 0.82 -0.03 0.88 0.24 0.92 0.35
SZ3 0.61 -0.69 0.75 -0.35 0.81 0.01

SZ3 OMP 0.61 -0.69 0.76 -0.34 0.82 0.00
MGARD 0.82 0.07 0.87 0.27 0.91 0.52

cuSZp 0.46 -0.39 0.71 -0.15 0.81 0.21
PFPL 0.53 -0.26 0.76 0.01 0.84 0.34

SLEEK 0.58 -0.23 0.77 0.03 0.85 0.35
Base 0.58 -0.23 0.77 0.04 0.85 0.34

SBLC 0.50 0.85 0.54 0.92 0.63 0.95 0.72
SBLC 0.70 0.91 0.72 0.95 0.77 0.97 0.83
SBLC 0.85 0.95 0.86 0.97 0.88 0.99 0.91
SBLC 0.95 0.98 0.95 0.99 0.96 0.99 0.97

overall SSIM. Surprisingly, for almost all other compressors,
the minSSIM is a negative value, which indicates the potential
for misinterpreting results when they are visualized.

Figure 7 plots the average SSIM versus the compression
ratio for all tested compressors on the three NOA error bounds.
Compression ratio is plotted on a logarithmic and SSIM on a
linear scale. Both are higher-is-better metrics, so points closer
to the top right are better.

These results show that SBLC is customizable using the
minSSIM bound. While all other compressors, including the
SBLC base compressor, produce a wide range of SSIM values,
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Fig. 7: Compression ratio vs. SSIM for 3 NOA error bounds

the four thresholds of SBLC produce consistiently good SSIM
results. The 0.5 threshold expectedly yields the lowest SSIM
values of the SBLC results, but it is still better than the
other the tested compressors. It also delivers the highest
compression ratios of the SBLC thresholds. This contrasts with
the 0.95-threshold SBLC results, which produce marginally
lower compression ratios but substantially higher SSIM values.
Additionally, for all minSSIM thresholds on the tighter two
error bounds, SBLC compresses more than all but one of the
other tested GPU compressors. The figure visually reinforces



that, if SSIM is a priority metric, using the minSSIM guarantee
that SBLC provides yields tunable results that are beyond
what other compressors from the literature can reach. Overall,
Table II and Figure 7 show that SBLC provides a substantial
SSIM benefit by guaranteeing the minSSIM.

C. NOA Error Bounds

Compression: Figures 8, 9, 10, and 11 show scatter plots of
the compression ratio versus the compression throughput on
our A100 GPU, 4090 GPU, Intel CPU, and AMD CPU, re-
spectively, for three NOA error bounds. For reference, SBLC’s
base compressor is included in the 4090 results as BaseCUDA.
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Fig. 8: A100 GPU geometric-mean compression ratio and
compression throughput for the 3 NOA error bounds
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Fig. 9: 4090 GPU geometric-mean compression ratio and
compression throughput for the 3 NOA error bounds

Since SBLC produces bit-for-bit the same compressed and
decompressed data on the CPU and the GPU, its compression
ratios are the same on all tested devices. It compresses well
on the GPU relative to the other lossy codes. PFPL yields the
highest compression ratios at all 3 tested error bounds, but for
the two tighter and more realistic error bounds, SBLC yields
higher compression ratios than the remaining 3 GPU codes.
As mentioned, its compression ratio can be tuned by changing
the minSSIM bound. Using a lower bound, SBLC compresses
more as the base results show. This is most evident at the
coarsest error bound, where the base SBLC compressor yields

10−2 10−1 100 101

101

102

103

Compression Throughput (GB/s)

C
om

pr
es

si
on

R
at

io

ZFPSerial

SZ3Serial
SZ3OMP

SBLCSerial

SBLCOMP

Fig. 10: Intel CPU geometric-mean compression ratio and
compression throughput for the 3 NOA error bounds
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Fig. 11: AMD CPU geometric-mean compression ratio and
compression throughput for the 3 NOA error bounds

a compression ratio of 55.4, on average, which is significantly
higher than all tested compressors except PFPL.

On the CPU, both versions of SZ3 compress very well.
This is due to their CPU-only nature, which allows for data
transformations that are generally unfriendly for implemen-
tation on GPUs. ZFP yields compression ratios much closer
to SBLC while still being higher in all cases. Comparing
SBLC to ZFP illustrates the cost of bounding minSSIM. At
the coarsest tested error bound, ZFP compresses, on average,
2.2 times more than SBLC and 1.2 times more at the tightest
error bound. However, when compared to the SBLC’s base
compressor, ZFP compresses 40% less at the coarsest tested
error bound and 10% less at the tightest.

On the GPU, SLEEK delivers the highest compression
throughput. This is expected because SLEEK was designed to
be close in speed to a device-to-device memcpy. SBLC com-
presses the slowest, with one exception on the A100. The low
compression throughput of SBLC is not surprising, however,
due to the iterative refinement step to guarantee the minSSIM.
Note that, while the other tested GPU compressors generally
produce similar throughput on all tested error bounds, SBLC
is 2× faster on the tightest error bound than the coarsest. This
is because coarser error bounds require more iterations to fix
the minSSIM-violating local windows. Moreover, on the 4090,



the base compressor without any minSSIM guarantee produces
compression throughputs close to both PFPL and cuSZp at an
average throughput of 204.7 GB/s across the 3 error bounds.

On the CPU, SBLC shows the same increase in performance
as the error bound tightens and less work must be done
to guarantee the minSSIM. The serial version of SBLC is
significantly slower than all other tested CPU compressors,
but the parallel OpenMP version is faster than all except the
parallel version of SZ3, showing that SBLC is still practical
on the CPU with 267 MB/s of throughput at the tightest error
bound. Overall, when given a relatively strict minSSIM, SBLC
tends to compress more slowly than the other tested lossy
compressors, at least on the used minSSIM of 0.85.

Decompression: Figures 12, 13, 14, and 15 show scat-
ter plots of the compression ratio versus the decompression
throughput on our A100 GPU, 4090 GPU, Intel CPU, and
AMD CPU, respectively, using 3 NOA error bounds. The base
compressor is again included in the 4090 results for reference.
Since the compression ratios are the same as they are for
compression, we focus our discussion on the throughput.
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Fig. 12: A100 GPU geometric-mean compression ratio and
decompression throughput for the 3 NOA error bounds
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Fig. 13: 4090 GPU geometric-mean compression ratio and
decompression throughput for the 3 NOA error bounds

As described in Section IV, SBLC performs all of the work
required to bound the minSSIM during compression. For this
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Fig. 14: Intel CPU geometric-mean compression ratio and
decompression throughput for the 3 NOA error bounds
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Fig. 15: AMD CPU geometric-mean compression ratio and
decompression throughput for the 3 NOA error bounds

reason, SBLC decompresses much faster than it compresses.
It performs on par with the other tested GPU compressors
with the exception of SLEEK, which is faster in all cases. On
the A100, which has a high memory bandwidth relative to its
compute performance, cuSZp decompresses a little faster than
SBLC. Conversely, on the 4090, where the ratio of compute to
memory performance is more balanced, SBLC is faster than
both PFPL and cuSZp with an average throughput of 490.1
GB/s across all tested error bounds. Additionally, the base
compressor performs identically to SBLC in decompression
speed as there is no minSSIM computation to be performed.

On the CPU, SBLC has a similar throughput as the other
tested lossy compressors serially. When it comes to the parallel
OpenMP codes, SBLC is always faster than the other tested
CPU codes, including the parallel version of SZ3.

Overall, SBLC compresses well relative to the related work
at tighter error bounds while being the only compressor that
preserves the minSSIM. The compression speed is dependent
on the requested minSSIM bound, but the base compressor is
capable of achieving similar compression speeds to the other
tested lossy compressors, meaning the performance can be
tuned to fit an application. SBLC’s decompression throughput
is unaffected by the minSSIM bound and is on-par with or
better than the other tested compressors on the CPU and the



GPU, all while maintaining the requested minSSIM bound.

VII. SUMMARY AND CONCLUSIONS

This paper introduces the minSSIM metric to aid users
in ensuring visual quality for scientific floating-point data
by guaranteeing that every local SSIM window is at or
above the user-specified minSSIM bound. It further introduces
the first SSIM-Bounded Lossy Compressor (SBLC), which
combines minSSIM guarantees with a new, fast, and effective
lossy base compressor. SBLC accomplishes this by selectively
tightening the error bound on certain values in the dataset.
Importantly, it does this without explicitly recording the used
error bound. We evaluated 6 leading lossy compressors on
2 CPUs and 2 GPUs using 6 single-precision floating-point
suites from the SDRBench repository. SBLC delivers the
highest SSIM and minSSIM across all tested inputs. Moreover,
it provides tunable compression performance, both in terms
of compression ratio and compression speed, based on the
requested minSSIM and NOA error bounds. Further, SBLC
yields decompression throughputs on par with the state of the
art on GPUs and decompresses faster on CPUs than all tested
lossy compressors. Additionally, SBLC supplies guaranteed
error bounding and full CPU-GPU compatibility, which only
few of the tested compressors do. We hope that SBLC will
assist scientists with lossy compression when visualization is
important by respecting not only the point-wise error bound
but also the visual fidelity of the data for downstream analysis.
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