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Abstract

The phrase GPU acceleration can conceal a very uneven computational tradeoff. In seventy-four paired
timing records from a pinned public image-quality toolbox, the geometric CPU-to-GPU time ratio was
8.98, but four metrics were slower in the GPU column. The two platforms reversed 682 of 2,701 pairwise
speed comparisons. Larger reported GPU memory allocation was associated with a larger timing ratio,
without identifying why. These findings favor platform-specific feasibility checks over a single acceleration
factor for an entire assessment pipeline.

Secondary analysis of published platform measurements. The reported timings were not collected on this computer and do
not measure energy consumption or image-quality accuracy.
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> Secondary analysis of published platform measurements. The reported timings were not collected on
this computer and do not measure energy consumption or image-quality accuracy.

Abstract
The phrase GPU acceleration can conceal a very uneven computational tradeoff. In seventy-four paired
timing records from a pinned public image-quality toolbox, the geometric CPU-to-GPU time ratio was
8.98, but four metrics were slower in the GPU column. The two platforms reversed 682 of 2,701 pairwise
speed comparisons. Larger reported GPU memory allocation was associated with a larger timing ratio,
without identifying why. These findings favor platform-specific feasibility checks over a single
acceleration factor for an entire assessment pipeline.

1. A deployment choice hidden inside a metric choice
An image-quality metric can be chosen because its scores align with human judgments, but the chosen
score must still be computed under a particular resource constraint. A pipeline processing a small number
of images on an existing workstation faces a different question from a service already equipped with a
GPU. The availability of an accelerated implementation does not establish that acceleration benefits every
scoring rule or that the fastest choices retain their order across execution platforms.

This study asks how uniform published CPU-to-GPU timing gains are across quality metrics and whether
their speed rankings transfer between the two reported platform columns. We examine a pinned public
toolbox report with eighty method rows, rather than fitting a quality predictor. The principal evidence
consists of paired time ratios, exact changes in speed ordering, and illustrative feasibility screens. A
regression then summarizes how the log ratio varies with the report's allocated-memory measure.

The multi-scale two-stream assessment architecture in Meng, 2026 motivates attention to the
computational consequences of quality measurement. The present report contains no execution of that
architecture, so it supplies no estimate of its latency, memory use, or relative performance. It instead
addresses a practical prerequisite for comparing assessment systems: an efficiency claim should identify
the hardware, measured boundary, candidate implementation, and information omitted from the timing
record.

We examine two descriptive propositions. A strong overall timing gain can coexist with individual
metrics that gain little or become slower. In addition, a platform change can alter the order in which
metric implementations satisfy a time budget. The association with allocated memory is exploratory and
has no prespecified architectural mechanism. Memory, operator mix, implementation choices, and
platform properties can move together without making any one variable an identified cause.

2. Computational cost is a measured outcome
The Roofline framework Williams et al., 2009 explains why attainable computational performance
depends on more than an algorithm's nominal operation count. The present table does not contain the
quantities required to fit a Roofline model, but that systems perspective motivates retaining platform
identity when reporting cost. Rigorous benchmarking practice Kalibera and Jones, 2013 and
demonstrations of measurement sensitivity Mytkowicz et al., 2009 likewise caution against turning a
single published environment into a universal speed multiplier.
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The implementations use the PyTorch ecosystem Paszke et al., 2019, yet the framework name alone does
not standardize input loading, synchronization, preprocessing, precision, or device residency. These
details determine the boundary of a timing measurement. We therefore inspect the acquired timing helper
as documentation, retain its limitations, and call the outcomes reported path-call wall times. No result is
labeled pure kernel time, steady-state server throughput, or end-to-end user response latency.

Quality metrics also represent different computational objects. Perceptual feature distances Zhang et al.,
2018, joint structure-texture comparisons Ding et al., 2020, and multi-scale transformers Ke et al., 2021
need not execute similar workloads. Neural image assessment Talebi and Milanfar, 2017,
multidimensional attention Yang et al., 2022, and language-image scoring Wang et al., 2022 add further
variation. Their underlying publications identify the methods; the numeric timing evidence comes from
the captured toolbox report rather than from timing claims reconstructed from those papers.

Statistical approaches such as NIQE Mittal et al., 2013 and spatial-domain assessment Mittal et al., 2012
offer other score constructions, while feature similarity Lin Zhang et al., 2011 provides another
comparison rule. A report spanning these approaches should not be interpreted as a randomized
comparison between architectural families. Multiple rows may reuse components or vary only in training
data and settings. Both the descriptive denominator and the covariance grouping must acknowledge that a
list of identifiers is not a list of wholly independent scientific ideas.

3. Source scope and a caution about its current helper
The source is the efficiency CSV maintained by Chen and Mo, 2022, captured at repository commit
d47b7ac72ed25388371d0b637076c125cdb95a3c. The acquisition manifest stores the CSV, README,
timing helper, license, hashes, and source URLs. We compare columns named cpu_xe6150 and
cuda_v100. Other CPU columns are retained in the source snapshot but do not enter this analysis. Their
presence does not provide repeated measurements of the two selected platforms.

The README describes average timing on 1080 by 800 image inputs. The accompanying helper creates
a metric outside the timed region, calls it using image paths, synchronizes CUDA around each call, and
omits the first image's timing before averaging. The metric receives the same image path in both
arguments. This documentary description is narrower than evaluating each metric on its normal scientific
comparison task, and it does not establish how every historical row was generated.

A further source limitation is consequential. The current helper calls CUDA synchronization
unconditionally, including its CPU branch, and does not document how the Apple CPU columns were
produced. We did not run it to reproduce the report, repair it silently, or claim that it would generate every
stored cell on its named device. Our empirical object remains the published table. A deployment-grade
replication would need environment-specific scripts and repeated measurements beyond this captured
evidence.

The memory helper divides allocated bytes by 1024 cubed. Although the CSV header labels the field GB,
we use its operational binary unit, GiB. It is a peak allocated-GPU-memory measure, not the process's full
reserved memory, total workstation RAM, or a direct count of model weights. Its numerical scale cannot
be freely exchanged with a storage measurement, consistent with the importance of defining scales
Stevens, 1946 and maintaining numeric conventions Goldberg, 1991.
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4. Constructing paired measures and dependence groups
Seventy-four rows have positive values for both selected time columns and the memory field. The six
excluded identifiers are MSSWD, DEEPDC, Q-Align, Q-Align 8-bit, Q-Align 4-bit, and Compare2Score,
as spelled in the retained source files. They are omitted because a required paired field is missing, not
because their measured GPU performance is poor. In particular, this design cannot estimate a
CPU-to-GPU ratio for the excluded language-model-based scores.

For each retained identifier, the time ratio divides its CPU seconds by its GPU seconds. Values exceeding
one indicate a shorter reported GPU time; values below one indicate the reverse. Model 1 fits an intercept
to the natural log ratios, making its exponential an equal-record geometric mean. This transformation
gives reciprocal relative changes a coherent direction and reduces the influence of extremely large ratios
compared with averaging the untransformed gains.

Model 2 regresses log time ratio on log allocated GPU memory. Its slope is an observational association
among captured implementations. The ratio includes GPU time in its denominator, and both variables
may share dependence on implementation details. We do not interpret the fitted coefficient as an
intervention that changes memory while holding all else fixed. Reporting correlation without agreement
or causal interpretation remains a relevant measurement caution Bland and Altman, 1986.

Thirty-five declared groups combine related identifier spellings, including eight ARNIQA rows, seven
TOPIQ rows, six LPIPS rows, and four each for several other families. The complete grouping is saved
with the results. Family-clustered covariance uses a small-sample correction and a t reference with
thirty-four degrees of freedom Cameron and Miller, 2015. Heteroskedasticity-robust reasoning White,
1980 underlies the need to avoid a common-variance assumption, but clustering does not remove
dependencies shared across all metrics through the same benchmark conditions.

Figure 1 maps platform columns to the paired ratios and downstream descriptions. The regressions contain
seventy-four records; the thirty-five groups determine the cluster reference distribution. The source has no per-run
timing distribution, so these intervals characterize conditional cross-family heterogeneity under a working
independence assumption. They are not confidence intervals for repeated measurements on a newly purchased CPU or
GPU. All transformations were executed locally using array and scientific-computing tools Harris et al., 2020 and
Virtanen et al., 2020.



4

Figure 1. The same captured metric identifiers link two reported platform times, with allocated memory as a separate
descriptive covariate and family groups defining conditional uncertainty.

5. A large central gain with meaningful exceptions
The estimated mean log time ratio is 2.195378, corresponding to a geometric ratio of 8.983392. Its
conditional log-scale interval, 1.831339 to 2.559416, transforms to 6.242242 to 12.928260. These values
summarize the retained record mixture. They should not be described as a nearly ninefold gain expected
for any arbitrary future metric, because the underlying ratios range from 0.471541 to 185.329984.

Four entries have a ratio below one. PSNR reports 0.0416 CPU seconds and 0.0443 GPU seconds;
PSNR-Y reports 0.0436 and 0.0461. CNNIQA reports 0.2038 and 0.4322, and CW-SSIM reports 0.8336
and 0.9904. We retain these exceptions without attributing them to launch overhead, preprocessing, or
implementation defects that were not separately measured. At the opposite extreme, AHIQ has a reported
ratio of 185.329984, with TReS variants also exceeding one hundred.

Table 1. Conditional OLS descriptions of published log timing ratios. M1 contains an intercept; M2 includes log peak
allocated GPU memory in GiB. Both retain the same seventy-four paired rows. Standard errors and intervals use
thirty-five declared identifier families and t34; they do not estimate the variability of repeated hardware timings.

Model Term Estimate (SE) 95% CI N

M1 Mean outcome/contrast 2.1954 (0.1791) [1.8313, 2.5594] 74

M1: fit R-squared = 0.0000 - - 74

M2 Intercept at 1 GiB 2.7215 (0.1531) [2.4103, 3.0326] 74

M2 Log allocated GPU
memory, GiB

0.7441 (0.0900) [0.5612, 0.9270] 74

M2: fit R-squared = 0.5217 - - 74

Model labels: M1 = Mean log reported CPU-to-GPU timing ratio; M2 = Memory association with log
reported timing ratio.

The log-memory coefficient is 0.744085, with conditional interval 0.561208 to 0.926963. Model 2 has
R-squared 0.521749. Larger allocated-memory entries tend to have larger CPU-to-GPU timing ratios in
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this table. That association is compatible with several computational explanations, but the report lacks the
operator-level measurements needed to distinguish them. A high fitted share of variation is therefore
descriptive, rather than evidence that increasing memory allocation improves acceleration.

6. Platform-specific speed order and feasibility
Among 2,701 unordered pairs of the seventy-four retained identifiers, 682 reverse their strict time
ordering between the selected platform columns. Three pairs are tied on at least one platform at the
recorded precision. The reversal fraction is 0.252499. This is an exact finite comparison of displayed
values, and the pair count is not treated as 2,701 independent experimental observations. Every
implementation contributes to many pairs.

The largest normalized absolute rank movement is 0.726027, using the seventy-three-position range as the
denominator. This confirms that a time-based shortlist can change substantially even when almost all rows
become faster. It also shows why an average acceleration ratio cannot replace the actual time column used
in a decision. A method can gain strongly relative to its own CPU implementation while remaining slower
than many other GPU implementations.

Illustrative time screens make the distinction visible. At 0.05 seconds per reported call, two CPU entries
and twenty-one GPU entries pass; both CPU passers also pass on GPU. At 0.10 seconds, the counts are
seven and forty-nine. At 0.25 seconds, twenty-one CPU entries and sixty-four GPU entries pass, with
twenty satisfying both. At one second, forty-seven CPU entries pass and all seventy-four GPU entries
pass. These cutoffs are declared examples, not real-time standards or service-level commitments.

None of these screens includes an accuracy requirement. Picture-quality assessment resources Ying et al.,
2019, smartphone photography judgments Fang et al., 2020, and KonIQ-10k Hosu et al., 2019 define
different evaluation settings, while TID2013 Ponomarenko et al., 2015 and PIPAL Gu et al., 2020 add
other quality-comparison contexts. Their existence underscores the need to link the relevant scientific
accuracy evidence separately. Passing a computational threshold alone does not establish that the selected
score measures what a downstream application requires.

The reciprocal of a displayed call time is not automatically a sustainable service throughput. Concurrent
requests, batching, shared memory, and overlapping transfers can change the relationship between latency
and completed images per second. The captured rows do not report those operating conditions or a load
curve. Keeping the screen in seconds per reported call therefore preserves the available measurement,
while a throughput commitment would require additional observations under the intended request pattern
and resource-sharing policy.

7. What this evidence can support operationally
The practical use of the report is to identify implementations for a local replication, not to issue a
universal hardware recommendation. Before procurement or deployment, a researcher should repeat
timings on the intended image sizes and workload, specify whether decoding and transfers are included,
and inspect both central and tail latency. Those additional measurements were not performed here.
Published time ratios can guide that exercise without being converted into guaranteed performance.

The extremes also deserve retained visibility rather than automatic deletion. Influence analysis Cook,
1977 provides a general reason to inspect observations that can shape fitted summaries, but this study
does not claim a completed Cook-distance diagnostic or remove a row on that basis. Log transformation
and the explicit ratio range keep both central tendency and extremes visible. Architectural attributions
would require a separate experimental design with measured computational mechanisms.
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Reusability depends on documentation as well as a convenient CSV. Dataset documentation principles
Gebru et al., 2021 and the FAIR guidance Wilkinson et al., 2016 motivate retaining the exact report,
source conditions, field definitions, and exclusions. Our local manifest distinguishes a stored public
measurement from a newly executed benchmark. It also preserves the repository's actual license text;
public availability does not establish unrestricted rights for every underlying dataset, image, model, or
implementation.

The evidence does not measure energy efficiency. Seconds cannot be converted into joules without power
information, and peak GPU allocation cannot stand in for power draw. It also does not compare a
controlled GPU intervention with an otherwise identical CPU system. The named platform columns
bundle device, software, and implementation conditions. These limits matter because a computational
advantage stated without its measurement boundary can misdirect an otherwise well-designed
quality-assessment study.

8. Conclusion
A strong geometric timing gain and widespread GPU feasibility coexist with four slower GPU entries and
hundreds of reversed pairwise speed comparisons. The captured report therefore supports
platform-specific computational screening, while leaving repeated-run uncertainty, accuracy, and energy
outside its evidence. For quality-assessment research, efficiency should be reported as a measured
relationship between an implementation, workload, and environment, with its exceptions retained
alongside the central gain.
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