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Abstract
With the rapid progress of multi-modal large language mod-

els (mLLMs), there is growing interest in whether such models
can act as judges of image quality. A fundamental question exists,
however, as to the ability of such models to distinguish between
various levels of image quality attributes, such as sharpness and
noise.

This work represents one of the first systematic investiga-
tions of mLLMs as evaluators in classical paired comparison im-
age quality assessment (IQA) experiments. Prior work in mLLM-
based vision has focused on captioning or recognition tasks,
whereas our study explicitly frames Gemini 2.0 Flash as a proxy
subject in psychovisual testing to establish just noticeable dif-
ferences (JNDs) for sharpness and noise using the Kodak image
quality ruler dataset as stimulus.

For both sharpness and noise, the magnitudes of JNDs were
found to be proportional to the relative quality of the stimulus.
Surprisingly, judgments of individual pairs of images were found
to be probabilistic rather than absolute, with more uncertainty
observed for sharpness discrimination than noise. Prompt engi-
neering is detailed as is the statistical analysis of results. Un-
derstanding the extent to which mLLMs can act as reliable per-
ceptual proxies offers transformative implications for automated
IQA, dataset labeling, and adaptive imaging pipelines.

Introduction
Image quality assessment (IQA) is a critical component of

modern imaging and computer vision applications, including pho-
tography, medical imaging, surveillance, and image compression.
Among various forms of degradation, image noise and sharpness
loss are two of the most perceptually impactful distortions. Noise
reduces visual clarity by introducing random variations in pixel
intensities, while sharpness degradation blurs fine textures and
edges. Accurate measurement of such degradations is essential
for optimizing imaging systems and enhancing perceptual visual
quality.

Traditionally, human subjective testing has been the stan-
dard for assessing perceptual image quality. Techniques such as
the ISO 20462 softcopy quality ruler method [1] rely on human
observers to identify which of the two images is preferred or of
higher quality. Statistical analysis produces Just Noticeable Dif-
ference (JND) measurements, which quantify the minimal per-
ceptual change detectable by human vision. While the methods
are well-established and scientifically validated, large-scale sub-
jective experiments require many observers, repeated trials, and
controlled display conditions. Conducting human studies on large
datasets is impractical. Human responses may be inconsistent due
to fatigue, adaptation, or bias, requiring averaging over many par-
ticipants.

To overcome these challenges, a novel approach is proposed

using multi-modal Large Language Models (mLLMs) as percep-
tual evaluators. The potential of mLLMs may be leveraged as a
scalable alternative for perceptual evaluation through paired com-
parison experiments. Gemini 2.0 Flash, a multi-modal LLM ca-
pable of reasoning using multiple images, documents and text in-
put was used to experiment with this capability. The model was
prompted to evaluate image quality-based image pairs varying in
noise and sharpness. The experiments are conducted using the
Kodak image dataset, which is a widely recognized benchmark in
perceptual image quality studies [1]. The dataset consists of di-
verse, high-resolution natural images with rich textures and edges,
making it suitable for testing sensitivity to noise and sharpness
variations. From the dataset, two experimental sets were gener-
ated: (1) images with varying levels of shot noise, and (2) images
subjected to Gaussian blur at different sharpness levels. Each im-
age variant was compared against multiple others using a struc-
tured paired comparison design. The mLLMs’ output is used to
construct frequency matrices, which are then converted into pro-
portion and scale difference matrices. A Gaussian psychomet-
ric model is applied to derive JND estimates, capturing the point
where changes in noise or sharpness become perceptually notice-
able. The study demonstrates an AI-driven approach to percep-
tual image quality assessment, capable of scaling traditional psy-
chophysical testing while capturing human-like perceptual pat-
terns for both image noise and sharpness.

Related Work
Many works detail the development of psychometric scaling

and further its application to imaging [1], [2], [7]. Foundational
work such as the ISO 20462 Quality Ruler method [1] and its
softcopy implementation demonstrate the effectiveness of paired
comparison techniques and usefulness of just noticeable differ-
ence (JND) scaling for subjective image quality assessment [1].
Studies have compared paired comparisons with rank ordering,
highlighting their balance between accuracy, precision and con-
sistency in human assessment tasks. Additionally, system-level
insights on environment setup, observer consistency, and inter-
face design provide valuable guidance for applying similar psy-
chophysical methods in new domains. This work builds upon
these foundations, extending paired comparison methodologies to
the evaluation of mLLM-generated observations.

In an effort to enhance both usability and scalability, Jin et
al. [1] developed a digital version of the quality ruler method,
substituting physical prints with reference images displayed on a
screen. This system allows users to compare a test image against a
series of calibrated reference images that depict different levels of
perceived sharpness, as measured by the Standard Quality Scale
(SQS) [1]. Through a graphical user interface (GUI), users can
navigate through the reference levels and choose the one that best
matches the quality of the test image. This digital approach not
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only showed high consistency among different observers but also
cut evaluation time by about 50% compared to traditional hard-
copy methods.

In this work, Jin and Keelan [1] formalized a lot of the nec-
essary system requirements for the effective implementation of
IQA using displays. These requirements include high-resolution
display specifications, calibrated lighting conditions, controlled
viewing distances with the use of headrests, and standardized
room configurations. They also discussed software components,
such as MATLAB-based tools for presenting stimuli and logging
outputs, which are crucial for ensuring consistency across eval-
uation sessions. One of the critical outputs of the work was the
standard reference stimulus, evaluated by experts, to yield a set of
images calibrated to JNDs of image quality loss for sharpness. By
measuring image quality attributes against these reference stim-
uli, experimentation can be compared against a standard ruler of
image quality loss, hence their choice in this study.

Beyond system implementation, comparative studies of psy-
chophysical evaluation methods have shed light on the trade-offs
between different methodologies. For example, Cui [7] examined
the paired comparison and rank ordering techniques for assessing
colour image quality. Although both methods yielded similar rank
orderings, paired comparisons were found to be more accurate,
albeit at a slower pace. The research pointed out that while rank
ordering is efficient, it can increase cognitive load and decrease
consistency in judgments, making paired comparisons more ap-
propriate for applications that demand high precision.

Jin et al. further validated the softcopy ruler method in a
multi-laboratory environment [2], confirming the consistency of
SQS ratings among different observers and institutions. Burns et
al. [5] subsequently adapted the ISO 20462 method for online
image quality studies, demonstrating the feasibility of conducting
quality ruler assessments in less controlled environments. The re-
sults of these studies underscored the reliability of the softcopy
ruler as a psychophysical tool, providing an effective framework
for quantifying perceptual quality through human judgment. To
ensure the reliability of observer responses, basic vision screen-
ing procedures are often advised. Schneider [9] offered a print-
able eye chart for assessing visual acuity, which has been used
in several subjective evaluation studies to ensure participants can
discern image details at specified viewing distances.

The emergence of deep learning and foundation models
has prompted investigation of computational approaches to IQA.
Cheon et al. [4] demonstrated the use of transformer architectures
for perceptual image quality assessment, while Pérez-Ortiz et
al. [6] developed methods for constructing unified quality scales
from pairwise comparisons and ratings. More recently, the rapid
advancement of mLLMs has opened new possibilities for auto-
mated quality evaluation. Cui et al. [3] proposed M3-AGIQA for
multimodal assessment of AI-generated image quality, and Wu et
al. [10] conducted a comprehensive study of mLLM prompting
strategies for IQA using psychophysics testing procedures, find-
ing that models such as GPT-4V provide reasonable correlation
with human perception but struggle with fine-grained quality dis-
crimination. Despite this growing body of work, no prior study
has applied mLLMs as proxy observers within the classical paired
comparison framework that underpins standardized psychovisual
testing such as ISO 20462. Building on these foundations, the cur-
rent study adapts the paired comparison methodology and JND-

based scaling principles to evaluate observations by mLLMs, aim-
ing to take the first small steps toward a robust and interpretable
framework for evaluating images using mLLMs that correspond
to human preference.

Methodology
The work introduces a prompt-based framework that utilizes

an mLLM via an API to evaluate image quality attributes of noise
and sharpness using a paired comparison methodology. The high-
level experimental workflow is shown in Figure 1, and begins by
selecting a pair of images from a prepared set which varies in
severity of the image quality attribute to be measured. For these
first experiments sharpness and noise were varied independently
to generate two sets of images.

Figure 1. Experimental Workflow

For noise analysis, 12 images from the SQS ruler reference
were degraded using known levels of shot noise, yielding SNR
of 3 to 36dB in 3dB steps. For the sharpness attribute, 8 images
from the ruler reference were chosen, each having previously been
degraded into 16 calibrated levels of sharpness, representing 0 to
30 JNDs of quality as defined by ISO20462[1]. Figures 2 and 3
show example images and treatments used in the study.

Figure 2. Example of two noise treatments with SNR of 3dB and 36dB

respectively.
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Figure 3. Example of two sharpness treatments corresponding to 15 and 0

JNDs of quality loss respectively, as defined by ISO20462[1].

The study employed Gemini 2.0 Flash, an mLLM, with a
random image pair generator to select image pairs across the
datasets. The selected pair is tested with a carefully crafted
prompt that insisted that the mLLM compare the two images (Im-
age 1 and Image 2) based on noise or sharpness, explicitly ig-
noring image content and including cases with minimal or subtle
differences.

Preliminary experiments revealed that the model occasion-
ally provided ambiguous responses, such as ”neither”, which
compromised the evaluation process. To address this limitation,
the prompt was iteratively refined to enforce a binary decision
between the two images. It was also found that the mLLM
would bias answers to one image when it could not distinguish
a difference. As for human observers this reinforced the need
to randomly assign images to either image 1 or image 2 when
presented. Further, filenames of images were changed to remove
any reference or ordering to mask the attribute strength com-
pletely from the mLLM. The final prompt formulation compelled
the model to make a definitive choice even when faced with
uncertainty, effectively eliminating non-committal responses and
ensuring consistent comparative assessments across all image
pairs. The final prompt arrived at was:

You are given two images. Ignore their filenames

and content entirely. Evaluate each image

entirely based on the quality factor that is

Noise level. Select the image that has the

superior quality among the two. Return only

’Image 1’ or ’Image 2’ as your response. Even

if the images appear indistinguishable, you must

return either ’Image 1’ or ’Image 2’ by making a

guess.

Noise level is substituted by sharpness level for the sharp-
ness based experimentation.

The combined prompt and image pair is sent to the mLLM
via an API call. Each discrete level of an image was compared
12 times with one another yielding approximately 21,000 com-
parisons for noise analysis and 13,500 comparisons for sharpness
analysis. This highlights one of the advantages of performing im-
age comparison using mLLMs, extensive studies may be under-
taken as they do not fatigue. The noise experimentation would
take approximately 58 hours of comparison at just 10 seconds per
pair, with no breaks, if a human were to participate. The model’s
preferences are logged in a frequency table, where each cell (i,j)
represents the number of times image j was preferred over image
i.

The statistical analysis flow is illustrated in Figure 4 and

based on Engeldrum[8]. The analysis assesses whether the
mLLMs’ preference is distinguishable from random behavior,
thus determining the presence of perceptual preference. The raw
paired comparison data captured in the frequency matrix is con-
verted into a proportion matrix, which indicates the probability
of one image being preferred over the other. This is calculated
simply by dividing the values in column (i,j) by the total number
of times the pair (i, j| j, i) was compared. Figures 5 and 6 detail
the frequency matrices compiled for all images for the noise and
sharpness experiments respectively.

For conversion of the proportion matrix to z-scores, Thur-
stone Case V is assumed [8], such that the sensation produced by
each stimulus is normally distributed. The difference in sensation
(stimulus i minus stimulus j) is then also normal. So the propor-
tion P(i,j) corresponds to a z-score: Z(i, j) = norminv(P(i, j)).
We clip P away from 0 and 1 to avoid infinite Z. Z(i,j) is then
the standardized difference in sensation. Subjective rankings,
scale differences and JND estimation are then derived from the
z-scores. A Chi-Square test was conducted to yield adjusted and
critical chi-square values to evaluate the statistical significance of
the results.

Figure 4. The statistical analysis flow based on Engeldrum [8].

Figure 5. The frequency matrix for all images for the noise treatments.

Treatments are specified in SNR (dB).

Scale values for the jth treatment may be determined by cal-
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culating the mean of z-scores in column j.

scale( j) =
1
N

N

∑
i=1

z(i, j) (1)

where N is the number of samples and z(i,j) corresponds to the
case where sample j is preferred over sample i. Each entry in
the scale difference matrix reflects the perceptual gap between
two images, quantifying not only the direction of preference but
also the magnitude of the difference. The mean of all z-scores is
typically subtracted from the results to center the values around
zero.

Scale differences are calculated simply as the difference be-
tween the scale values for images i and j for each combination,
scale difference(i, j) = scale( j)− scale(i).

A JND represents the minimum change in stimulus intensity
that an observer can reliably perceive. In the paired comparison
experiments, a JND is quantified by modeling the relationship be-
tween stimulus strength and the probability of detection using a
psychometric function. Using a Gaussian psychometric function,
the response probability P(x) at stimulus level x is given as,

P(x) = Φ(α +βx) (2)

where, Φ is the standard normal cumulative distribution function,
while α and β represent model parameters estimated from the
mLLMs’ responses.

A JND calculated where an observer is correct 75% of the
time corresponds to a z-distance of 0.674 [8]. Using the calculated
z-scores we estimate the distance in treatment units of the stim-
ulus that correspond to a change in z-score of 0.674. A smaller
JND indicates that an observer is highly sensitive to differences
in image quality, while a larger JND indicates reduced sensitivity.

Though nascent, this approach facilitates the estimation of
perceptual sensitivity across different image quality attributes for
mLLMs as observers. Further comparison to the performance of
humans will enable their use as proxies in IQA tasks providing a
reproducible and scalable alternative.

Results and Discussion
Figures 5 and 6 are the frequency matrices for all images for

both noise and sharpness treatments. A cursory glance at these

Figure 6. The frequency matrix for all images for the sharpness treatments.

Treatments are specified in JNDs of softcopy ruler quality.

indicates that the mLLM has an easier time distinguishing noise
treatments than sharpness due to the increased separation between
the values in the top right of the matrix when compared to the
bottom left. The closer values indicate that the mLLM finds it
difficult to choose either image i or j as the better one. The diag-
onal remains zero, as no image was compared with itself, though
sometimes this is included as a good diagnostic test of bias in the
presentation of stimuli.

Figure 7 shows a graph of the z-score derived for the noise
comparisons of all images versus the stimulus strength in dB. Also
shown is a linear fit with an R2 = 0.9595. The gradient of the fit
implies a constant JND = 5.006 dB. Figure 8 documents JNDs
calculated from the z-score graph at different stimulus strengths.
The strong linear response between 3 and 25 dB SNR confirms a
Weber-Law-like proportionality in this regime, where a consistent
change in stimulus strength yields a consistent JND for the sys-
tem. Between approximately 15 and 20 dB the mLLM becomes
marginally better at distinguishing changing noise, with peak sen-
sitivity dropping the JND to approximately 3 dB. Above image
SNR of about 25dB the mLLM finds it increasingly difficult to
‘see’ differences in noise between the images with a JND rising
to approximately 25dB for images with SNR of 30 to 36dB. The
scale S flattens and saturates above approximately 25 dB SNR.
This saturation is likely attributable to the internal tokenization
architecture of the mLLM. Gemini’s documentation notes that
“image inputs with both dimensions ≤384 pixels are counted as
258 tokens. Images larger in one or both dimensions are cropped
and scaled as needed into tiles of 768×768 pixels, each counted
as 258 tokens.” This downsampling inherently discards the fine
pixel-level detail needed to distinguish subtle noise differences at
high image quality.

Figure 7. Z-scores versus stimulus strength for all images for noise as

observed by Gemini 2.0.

Figures 9 and 10 show the z-scores and JNDs for each indi-
vidual image. While there appears to be some sensitivity to image
content as evidenced by the variation in the curves, the majority
of curves exhibit this increase in JND and thus a decreased ability
in the mLLM to distinguish quality changes due to noise at these
high quality levels. The sharp JND rise above 25 dB is robust
across all content types, confirming that the saturation effect is
attributable to the mLLM architecture rather than image-specific
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factors.
Figure 11 shows a graph of the z-score derived for the sharp-

ness comparisons of all images versus the stimulus strength in
quality ruler JNDs. Also shown is a linear fit with an R2 = 0.9934.
The gradient of the fit implies a constant JND = 25.00 JND (SQS).
Figure 12 documents JNDs calculated from the z-score graph at
different stimulus strengths. While the measured z-scores are a
good fit to the linear model, it may be seen that the mLLM is a
poor judge of sharpness as anticipated by the frequency matrix.
The 75% JND varies between 20 and 30 JND(SQS) units. Given
that the stimulus treatments are calibrated in JNDs of quality loss
as observed by humans for the development of ISO20462[1], this
indicates that mLLM sensitivity is approximately 25× lower than
human observers at judging the differences in sharpness. As with
the noise results, the tokenization and internal downsampling of
the mLLM likely limits its high-frequency perception, which is
precisely the information needed to judge sharpness. It should
also be noted however, that because of the rapid development of
mLLMs this performance is likely to change rapidly with the re-
lease of newer models such as Gemini 3.5.

Figure 8. Calculated JNDs versus stimulus strength for all images for noise

as observed by Gemini 2.0.

Figure 9. Z-scores versus stimulus strength for individual images for noise

as observed by Gemini 2.0.

Figure 10. Calculated JNDs versus stimulus strength for individual images

for noise as observed by Gemini 2.0.

Figure 11. Z-scores versus stimulus strength for all images for sharpness

as observed by Gemini 2.0.

Figure 12. Calculated JNDs versus stimulus strength for all images for

sharpness as observed by Gemini 2.0.
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Figures 13 and 14 show the z-scores and JNDs for each in-
dividual image for the sharpness results. It may be seen that there
are two distinct groupings of images in Figures 13 with differ-
ent gradients. This may warrant future investigation as it demon-
strates significant sensitivity to the image content. Figure 14 fur-
ther shows the sensitivity of the mLLM to the ’Wedding’ image
with extreme variance in the measured JNDs across the range of
stimulus input.

Figure 13. Z-scores versus stimulus strength for individual images for

sharpness as observed by Gemini 2.0.

The chi-square calculated for all results for the noise study
was 828.17 against a critical value of 146.57. For the sharpness
study 549.23 against a critical value of 129.92.

Figure 14. Calculated JNDs versus stimulus strength for individual images

for sharpness as observed by Gemini 2.0.

Conclusion
This work demonstrates that mLLMs can autonomously

complete psychovisual paired comparison experiments, produc-
ing statistically significant preferences for both noise and sharp-
ness attributes. Gemini 2.0 Flash completed 34,500 comparisons,
equivalent to over 58 hours of sustained human testing, at no fa-
tigue cost.

For noise, the mLLM exhibited robust, Weber-Law-like dis-
crimination with a global constant JND of approximately 5 dB
across the active SNR range. Notably, responses were probabilis-
tic rather than deterministic, with variability that mirrors human
observer behaviour. The chi-square analysis confirmed the statis-
tical significance of the results for both noise (χ2 = 828.17, criti-
cal value 146.57, α < 0.001) and sharpness (χ2 = 549.23, critical
value 129.92, α < 0.001).

For sharpness, discrimination was poor relative to human ob-
servers, with the mLLM exhibiting approximately 25× higher
JNDs. The internal tokenization architecture of Gemini, which
downsamples images to tiles of 768×768 pixels, likely limits the
high-frequency perception needed for sharpness judgments.

Future work should test newer models such as Gemini 3.1,
GPT-4o, and Claude Opus 4.6 as they become available, and ex-
plore additional quality attributes including compression artefacts
and colour accuracy. Integration of mLLM-based evaluation into
automated IQA labeling pipelines for foundation model training
represents a promising direction for scalable perceptual quality
assessment.
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