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Figure 1: M-Paris. Neural image compression can introduce subtle but sometimes semantically relevant changes to image

details. Here, the crowd on the stairs is no longer recognizable and people on the grass disappear (after compression with

HiFiC [62] at 0.17 bits per pixel). In our fictional introduction story, such miscompressions lead to misunderstandings. In

this paper, we study how people perceive these novel compression artifacts. Rather than recognizing them as distortions,

participants often interpret them as intentional edits and report an elevated risk of misunderstandings. All figures in this

paper are best viewed on screen and in color.

Abstract

People exchange images every day. New methods for image com-

pression leverage neural networks to save bandwidth, but they can

undermine the semantic integrity. The term miscompression refers

to unintended semantic changes of image details, introduced by

generative AI during neural (de)compression. Although prior work

has speculated about the resulting risks, no empirical evidence ex-

ists on how people perceive these novel compression artifacts. In

this study, 115 human subjects compared original images with con-

ventionally compressed, neurally compressed, and miscompressed

images. Participants perceive that miscompressions elevate the risk
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of misunderstandings when communicating with images. They

also frequently attribute miscompressions to intentional editing,

whereas conventional JPEG artifacts are more often recognized as

distortions. This paper proposes a method to study this new phe-

nomenon, provides the first empirical evidence of user perceptions

of miscompressions, and derives implications for trust in images,

as well as interface designs that mitigate the risk.
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1 Introduction

Imagine Cassandre, a photojournalist, who covers a breaking news

story about a protest in the Trocadéro district of Paris. She takes

photos of the barriers, the police presence, and the crowds heading

towards the site. She uses a messenger app to send the photos to

her colleague Tiresias, who is writing the story in the London news-

room. Cassandre later reads the published article and is shocked.

Tiresias describes a small crowd and does not mention the police.

The public is outraged, and activists accuse them of misrepresenta-

tion. Confused, Tiresias insists that he reported exactly what he saw

in the photos. When they compare them with Cassandre’s originals,

they realize that the versions received are different from the ones

sent. What was supposed to be an objective report has become a

controversy, caused by neural image compression. Our example in

Figure 1 suggests that the next generation of image compression

methods may make this fictional story a reality.

Compression is essential for the efficient transmission and stor-

age of digital images. The most common methods are lossy. This

means they remove information imperceptible to the human eye in

order to reduce the file size. While JPEG, a standard from the 1990s,

still dominates the web [22], researchers have turned their attention

to neural image compression. The idea is to replace conventional

signal processing operators in the image compression and decom-

pression pipeline with trained neural networks. Early proposals

leverage variational autoencoders [6, 7]. State-of-the-art methods

use image transformers [5, 91] for the encoder and generative ad-

versarial networks [62] (GANs) or diffusion models [88] for the

decoder. These methods achieve unprecedented compression rates

at comparable or superior perceptual quality. Wide deployment in

consumer devices may be just a matter of time,
1
thanks to new

standards like JPEG AI [5].

This development raises concern. Such low bitrates can incon-

spicuously undermine the integrity of image details. Recently, the

signal processing literature has proposed the term miscompres-

sions [38] to describe semantic changes of image details caused

by neural compression. Conventional methods, such as JPEG, of-

ten introduce visible indicators of compression, like blocking [68],

blurring [60], or ringing [31, 36] that allow viewers to judge the

reliability of an image. Neurally compressed images, however, lack

such indicators and tend to appear visually flawless. Thereby they

can create a false sense of trust.

While the cause of miscompressions is technical, the conse-

quences are social and may pose risks to humans in various ways.

First, miscompressions can lead to the uncontrolled and unintended

spread of misinformation, especially when the reconstruction is

realistic [46]. Second, miscompressions can change the semantics of

images in a way that resembles intentional editing. Therefore, com-

parisons between the original and the reconstructed images, e.g., in

court, by the media, or by insurers, could result in false accusations.

A recent CHI paper discovered that viewing images enhanced by

artificial intelligence (AI) can alter one’s memory of a scene [70].

Eyewitnesses to a scene may fall victim to this effect as miscompres-

sions can resemble semantic changes of AI enhancements. Third,

1
“[T]he first ever implementation [. . . ] of JPEG AI encoder and decoder on their

mobile phone” https://www.linkedin.com/posts/touradjebrahimi_wearejpeg-activity-

7346065622880976896-Izoh (posted: July 2025; accessed: August 2025)

the intended applications of neural compression include down-

stream computer vision tasks in critical domains, such as public

surveillance and autonomous driving [5, p. 103]. Clearly, potential

classification errors can cause severe and irreversible harm.

Researching miscompressions is difficult because the definition

of a semantic change and its severity are subjective. The existing

examples are based on the subjective view of a few researchers [38,

72]. However, semantic understanding differs between individu-

als, based on different experiences and cultural backgrounds. To

illustrate this point, not all authors are in full agreement on how

unexpected and severe the missing people in Figure 1 are. This calls

for the involvement of a broader set of users to reduce the reliance

on individual subjective opinions.

The research question of our empirical study is to find out if

a wider population perceives miscompressions of state-of-the-art

neural compression methods as concerning. We also want to under-

stand whether the aforementioned risk of miscompressions being

mistaken for intentional image editing or manipulation is supported

by real users. Finally, we want to measure whether the users are

familiar with the visible distortions produced by conventional lossy

compression and can attribute the differences to JPEG artifacts. We

operationalize the research question in three hypotheses that can

be tested with quantitative methods:

H1 Miscompressed images are more likely to cause misunder-

standings than other similar images.

H2 The differences between a miscompression and its original

are more likely attributed to intentional editing than for

other similar images.

H3 The differences between a miscompression and its original

are less likely attributed to uncontrollable distortion than

for other similar images.

The term “other similar images” refers to images representing the

same scene that have been compressed using conventional JPEG or

other neural compression codecs which do not result in miscom-

pression for this input. Note that H2 and H3 are not two ends of the

same continuum. The hypotheses are conceptually different as they

relate to different causes (intention vs. accident), operations (edit-

ing vs. compression), and actors (human vs. machine). Moreover,

they are neither mutually exclusive, as images can be edited and

compressed, nor complete, as images can differ for other reasons,

e.g., slightly different camera angle or acquisition time.

To test the hypotheses, we collect standardized responses in a lab

study on a sample of 115 users, presenting them a curated set of stim-

ulus images compressed with state-of-the-art neural compression

codecs. Using a combined between-subjects and within-subjects

design, we get a total of 1 380 image views and 1 131 ratings on im-

age differences. Figure 2 shows the results in a nutshell, supporting

all three hypotheses.

In summary, we make the following contributions. i) We design

and test an empirical method for a user study on a new phenomenon

which can serve as a baseline for future studies on miscompressions.

ii) We present evidence confirming that miscompressions are per-

ceived differently from conventional compression artifacts and that

https://www.linkedin.com/posts/touradjebrahimi_wearejpeg-activity-7346065622880976896-Izoh
https://www.linkedin.com/posts/touradjebrahimi_wearejpeg-activity-7346065622880976896-Izoh
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Figure 2: Users perceive that miscompressions (orange bars,

left) carry an increased risk of causing misunderstandings.

They attribute differences between originals and reconstruc-

tions more to intentional editing and less to uncontrollable

distortion. The same metrics for JPEG images (blue bars,

right) have the opposite direction. Standard errors and Co-

hen’s 𝑑 for effect size are shown. All results are statistically

significant at the 𝑝 < 0.001 level after accounting for the

panel data structure with subject and image fixed effects.

they increase the risk of misunderstandings. iii) We discuss implica-

tions for the design of future interfaces that enable users to assess

and react to the risks posed by miscompressions. The collected pri-

mary data is available on Zenodo (DOI:10.5281/zenodo.18311405).

The remainder of this paper is structured as follows. Section 2

reviews research on user perception of digital images. Section 3

documents our method and instrument, Section 4 presents the

results, both aggregated and broken down by images. Section 5

discusses the findings and derives implications for interface designs.

Lastly, Section 6 concludes.

2 Related Work

The perception of digital images has long been of interest to the

research communities of human-computer interaction (HCI), signal

processing, and imaging. However, no comprehensive theoretical

framework exists: “people’s perception of image distortion is com-

plex” [66, p. 3235]. Intervening factors include the image content

and the viewer’s cultural background. Here, we highlight selected

human-factor works that have influenced our design or will help to

interpret our results. A summary of the technology behind neural

image compression is provided in Appendix A.1.

2.1 User Involvement in Image Compression

Research

The role of user studies in the lossy image compression literature

is to measure how humans perceive the quality of images after

compression. It distinguishes between subjective and objective

image quality metrics.

Subjective metrics are collected by asking human observers. They

are extensively researched and standards exist [41–43]. In reference

studies, human observers compare the original (reference) to the

compressed image. In no-reference studies, the observers are asked

to judge the image quality of the compressed image alone. A pop-

ular method is called two-alternative forced-choice [33] (2AFC).

Participants are shown two images and asked to choose their pre-

ferred one. In no-reference studies, 2AFC is applied using different

quality settings or codecs.

Objectivemetrics aremathematically defined. The spectrum ranges

from simple distance metrics, such as the signal-to-noise ratio,

to perceptually weighted reference metrics, such as SSIM [84],

MS-SSIM [85], and FSIM [89]. Recently, learning-based metrics

have gained popularity as both reference and, predominantly, no-

reference quality metrics [35, 90]. They are part of the loss func-

tions used to train generative AI and neural compression mod-

els. While technically “objective”, their learned parameters depend

on human input, trying to mimic “subjective” human perception.

This alignment remains challenging and is an active field of re-

search [14, 34, 71]. One possible cause of miscompressions is the

overemphasis on such no-reference quality metrics that improve

realism at the expense of fidelity.

In the neural compression literature, user studies typically ac-

company proposals for new codecs [62, 73]. Their goal is to demon-

strate the codec’s performance rather than understanding people’s

perception of neurally compressed images. They are often based

on a a small number of viewers and images, and do not include

control variables. Semantic differences are acknowledged occasion-

ally, e.g., [73, p. 316], [62, p. 10], but we are not aware of any user

study investigating human perception of miscompressions. Tsereh

et al. [82] present a dataset of machine-detected JPEG AI compres-

sion artifacts with crowdsourced human verification. Their focus

is to improve compression performance rather than safeguarding

semantic integrity.

2.2 Users’ Ability to Detect Authentic Images

An image is considered not authentic if the original has been edited

to alter its semantics, or if it has been entirely generated by AI [15,

Fig. 2]. Therefore, we review the literature on human performance

in detecting image editing, which relates to our Hypothesis 1, and

on detecting AI-generated images, since neural compression relies

on the same technology.

Image editing. Ostrovsky et al. [67] explore how different light-

ing configurations in the image influence participants’ ability to

detect irregularities. Farid and Bravo [24] study the ability to detect

forgeries based on irregularities in geometric shades and reflections.

Carvalho et al. [21] involve human subjects to validate a forensic

forgery detection method based on color classification of scene

illuminants. Sun et al. [77] propose a dataset to benchmark the

detectability of AI editing operators and involve 35 human sub-

jects to assess the task difficulty. Schetinger et al. [75] crowdsource

by asking 400 non-experts to localize suspected forgeries in im-

ages. Their participants often relied on contextual cues. Relevant

for the selection of our stimuli, they find that images with high

structural complexity are harder to evaluate, whereas the size of

the edited area does not matter. Experience with digital imaging

improved detection capability. Across these studies, one consistent

finding emerges: humans’ ability to detect image editing is poor,

with detection accuracies between 40 and 60 %.
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AI image generation. Early image generation technologies were

still detectable by humans, as demonstrated repeatedly by Farid and

colleagues [23, 25, 40, 58]. A turning point came with advances in

deep learning, especially GANs [30]. Lago et al. [55] crowdsource a

comparison of GAN-based face generators. The participants were

not only unable to detect generated images, but they also misclas-

sified generated images as real more often than the real control

images. Follow-up studies have confirmed this negative result and

investigated influencing factors. Nightingale and Farid [65] vary

the gender and ethnicity of the stimuli and find that white male

faces are the least distinguishable, presumably due to biases in the

GAN’s training data. Frank et al. [27] test a subset of the same face

images on a representative sample, confirming the results obtained

from convenience samples. Mink et al. [63] explore the effect of

identity-based biases. They find that viewers are better at detect-

ing artificial faces if they share the gender or racial identity of the

portrayed subject. Wöhler et al. [87] use eye tracking to study the

cues participants use to detect face swapping in videos. They find

that participants decide based on artifacts, such as blur or unnat-

ural expressions and eye movements. Lu et al. [56] generalize the

experiment from faces to all kinds of AI-generated images and ask

participants to select from eight cues that may have influenced their

judgement. “Detail” and “smoothing”, two artifacts common in neu-

ral compression, are mentioned most frequently. They also control

for participants’ experience with generative AI, but the effect is

not significant. Finally, Kamali et al. [51] present the probably most

comprehensive study. Their collection of 750k data points from 50k

subjects, including 35k qualitative comments, allows them to dig

deep into potential cues people use to make a decision. General

image quality is mentioned most often as a cue, supporting the

concern that high realism may create a false sense of trust [46].

Some of their findings may transfer to the perception of miscom-

pressions. Note that neither Lu et al. [56] nor Kamali et al. [51]

consider conventional JPEG compression artifacts as cues, which

highlights the novelty of our Hypothesis 3.

2.3 Risks of Semantically Distorted Images

The authenticity of images and their effect on the credibility of infor-

mation has been studied for decades, e.g., for news articles [32, 64],

web pages [52], and user-generated content [29, 46, 63]. In the 1990s,

researchers even suspected that amere demonstration of Photoshop,

an image editor, could erode viewers’ trust in images [54]. While

this hypothesis was rejected, it reinforces the idea that experience

with editing technologies should be a control variable.

All this research focuses on intentional and controlled edits to the

semantics of an image. Miscompressions are a new phenomenon.

They compromise the semantic integrity in so far unpredictable and

undetectable ways. Research on miscompressions is sparse. Hofer

and Böhme define them as discrepancies “between the semantic

meaning of an original image (detail) and its reconstructed version

after neural compression.” [38, p. 3] and collect a human-annotated

dataset of miscompressions from different compression codecs [39].

Agustsson et al. [2] propose a technical remedy. Their decoder has

a parameter to select between blurry outputs that are closer to the

input, and outputs with synthesized image details that are more

realistic. Qiu et al. [72] take a closer look at one specific type of

miscompression, revealing that the semantic distortions are subject

to bias: African–American faces are commonly reconstructed to

appear more Caucasian, while Caucasian faces largely retain their

original features. The authors demonstrate the bias using a few

examples and measure it by passing reconstructed test images to a

learned phenotype classifier.

The machine learning community has studied potential chal-

lenges for neural compression, regardless of their impact on visible

semantics. Chen and Ma [18] warn that malicious actors could

scramble image content by exploiting a vulnerability to adversarial

perturbations. Madden et al. [57] show that it is possible to gain

control over the output by triggering bitstream collisions. Both

attacks require control over the input image and detailed informa-

tion on the codec and its implementation. In non-malicious use

cases, the performance of downstream computer vision tasks may

degrade [10, 45, 59], especially for iris recognition [10]. Learning-

based image forensics can also be affected, including detectors

of image manipulation [11, 16, 17], provenance [12], and deep-

fakes [9, 16]. By contrast, Cardenuto et al. [17] report that the

evidential value of medical images in science does not deteriorate

at an equal bitrate compared to conventional compression. All of

these works process images with machines and do not involve any

human viewers. Because the risks of semantically distorted images

may affect human perception more than machines, a study on the

users’ perspective appears overdue.

3 Method

To our knowledge, this is the first user study on miscompressions.

Our aim is to validate whether the concept of miscompressions

used by researchers matches the understanding of users. To this

end, we collected ratings of multiple human subjects on images

depicting multiple scenes. This allows us to generalize from the

subjective understanding of individuals as well as from the distinc-

tive characteristics of a scene. As miscompressions are defined by

differences between images, we opted for a full-reference study

with one test image displayed next to the reference image at a time.

To ensure external validity while not requiring to introduce our

subjects to the topic of neural compression, we came up with a

scenario set in the context of social media. This scenario is handy

because it is plausible for an image to undergo unknown processing

in transit, including lossy compression, retouching, or manipula-

tion. To eliminate any confounding effect of the display device or

light conditions [83], we conducted the study in a controlled lab

environment. To make the effect of miscompressions measurable,

we included test images that were not miscompressed for com-

parison. We created these control images of the same scenes by

compressing the source images with a different neural compression

codec or JPEG. This allows us to control for the effect of scene

content (using scene fixed effects in the analysis). At the same time,

we wanted to ensure that each subject saw each scene only once.

This requires a between-subjects design. To increase the number

of ratings and the diversity of scenes, we have combined it with a

within-subject design (making subject fixed effects necessary to

account for repeated measurements).
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Our power estimation suggested that we should have at least 15

ratings for each image pair.
2
As we could not expect every subject

to spot all the differences, we added a margin and aimed for 25

views of each image pair. Our pretests revealed that twelve ratings

per subject would fit into the time frame of 15 minutes. With a

conservative estimate of 100 participants, we decided to have four

groups. Section 3.2 provides details on the stimulus selection and

placement within the instrument.

3.1 Instrument

Our instrument had four parts: introduction, demographics, image

comparisons, and control variables.

Part 1: Introduction. After receiving a briefing and signing a

consent form, participants entered the instrument. The start page

informed them that the study aimed to measure their perception

of distortions in digital images introduced during the transmission

over the internet, and that they would compare pairs of images and

answer questions about the differences. They were not told about

neural image compression or miscompressions.

Part 2: Demographics. We asked for the participants’ age, gender

identity, and whether they had any visual impairment, and used

visual aids during the study.

Part 3: Image comparisons. In the main part of the instrument,

participants were asked to imagine a scenario where they had taken

an image and uploaded it to a social media platform. The image

had gone viral, and another person discovered it in their feed on

another social media platform. Two images were displayed next to

each other on the same screen, the original (reference image) on

the left and the received image (test image) on the right. Figure 3

shows a screenshot of the stimulus presentation in the instrument.

The same page stated that the two images were not identical and

asked whether participants could see at least one difference. If the

answer was “no”, the study proceeded to the next image pair.

Participants who responded with “yes” were asked three follow-

up questions. To investigate Hypothesis 1, we asked whether the

differences could lead to misunderstandings between them and

the person receiving the image. We deliberately left the terms “dif-

ference” and “misunderstanding” vague because we feared that

providing a definition with examples could bias the interpretation.

Participants could express their certainty on a rating scale anno-

tated with the labels “certainly”, “very likely”, “likely”, “unlikely”,

“very unlikely”, and “certainly not”. We chose six points to pre-

vent undecided respondents from choosing a neutral midpoint [13].

To investigate Hypothesis 2, we asked participants whether they

would attribute the differences to intentional editing, mentioning

retouching, filters, or manipulation as examples. We recorded their

answer on the same scale as before. To test Hypothesis 3, we asked

whether they would attribute the differences to uncontrolled dis-

tortions, using transmission errors or compression as examples,

again on the same scale. The description of the scenario and the

two images remained visible for all three questions.

2
Pre-data, our rationale was to not miss a “large” (𝑓 = 0.36) effect with more than 50 %

probability at the 𝑝 ≤ 0.05 significance level when analysed individually (Section 4.3).

Since we had multiple image pairs, we could tolerate missing effects in half of them.

We used the R package pwr to calculate the sample size for a balanced one-way analysis

in two groups (miscompressed vs other similar image).

Figure 3: Screenshot of the standardized stimulus presenta-

tion (translated from German). The images remained dis-

played above of all three question blocks. The last two blocks

were skipped if the first question was answered “no.” The

stimulus here is Camera: the original on the left, and the

miscompression on the right, where the engraved number 8

has been altered to a 6.

After the first image pair, we informed the participants that

the same scenario will be repeated for multiple images. We also

reminded them to stay focussed and examine each pair carefully.We

did not mention the number of image pairs (twelve), but a progress

bar gave indications.

Part 4: Control variables. The literature documents various fac-

tors that may influence perception, such as previous experience

with digital processing [47], photography [75], generative AI [46],

and media literacy [46, 49]. We therefore included control questions

for those variables, asking about participants’ previous exposure

to generative and conventional image processing technologies and

how often they verify the authenticity of images online.

To assess the external validity of the data collected in our hypo-

thetical scenario, we also asked participants about their experience

with image sharing and how realistic they thought the scenario

was. The study concluded with an open-text field for feedback on

image selection, question clarity, and any difficulties encountered.
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The instrument was implemented using an online survey tool
3

hosted by the university. We disabled navigation and recorded re-

sponses as well as response times. All questions required responses,

except for the final open-text feedback question. As display time

restrictions can impair participants’ ability to detect anomalies in

generated images [51], we did not impose any time limits. An Eng-

lish translation of the original German questionnaire can be found

in Appendix B.2.

3.2 Stimuli

Because miscompressions are rare, and no method exists to de-

liberately craft targeted examples, we used four state-of-the-art

neural compression codecs [5, 7, 62, 88], including the reference

model for the upcoming JPEG AI standard, to compress and then

manually inspect images that are suitable as stimuli. We use the

definition of miscompressions in the literature, which requires that

a human observer would use a different verbal description for the

compressed image than for the original [38, p. 3]. We report all

details of the compression, including codecs, settings, and bit rates,

in Appendix B.3 and Table 2.

Selection. From a shortlist of manually collected miscompres-

sions, we selected 19 scenes using criteria designed to ensure diver-

sity and maintain participant engagement. Specifically, we varied

image properties and content known to influence image percep-

tion [24, 51, 67, 81], including texture, scene complexity, detail,

global brightness, contrast, structural complexity, and the presence

of dominant edges or flat areas. We also varied indoor and outdoor

environments of differing perspectives (near objects, wider scenes).

The selected scenes cover objects, buildings, vehicles, identifiable

and non-identifiable persons, and body parts. We further varied

the types [38] and severity of miscompressions, with severity de-

termined by the authors’ subjective perception. For instance, we

include a miscompression where a crescent moon tattoo is turned

into a full moon tattoo (M-tattoo) as a severe example, and a mis-

compressionwhere openwindow shades appear closed (M-window

shades) as a less severe example. We also included miscompres-

sions of objects with strong semantic meaning. Examples are the

miscompression where the number 8 is turned into the number 6 on

a camera objective (M-Camera), and the arrow-shaped traffic light

that is turned into a regular round traffic light (M-Traffic light

(Arrow)). For contrast, one scene was intentionally chosen for its

semantic irrelevance (cardigan). All test images can be viewed in

Appendix B.5 and are provided in the supplemental material.

Placement in the instrument. Figure 4 documents how and in

which order the stimuli were assigned to the four groups, thereby

balancing content, properties, and control type. Boxes with letters

indicate which test image the respective group compared to the

original reference image. We included six control images and six

miscompressions (M) per group. The control images consisted of

three JPEGs (J), two neurally compressed images (C) that were not

miscompressed, and one uncompressed test image (U) that did not

differ from the reference, as an attention check.

While selecting the stimuli, we found two instances of multiple

miscompressions from different neural compression codecs for the

3
https://www.limesurvey.org/

same scene. The first scene is Traffic light, with the modified

shape (M-Traffic light (Arrow)) and a “No Cars” sign, that re-

sembles a “No Photography” sign (M-Traffic light (sign)). The

second scene is watch. In one version the smartwatch display ap-

pears to be turned off (M-watch (off)) and in the other version,

the watch appears physically broken (M-watch (broken)). We de-

cided to include both versions to gain insights into different forms

of miscompressions for the same scene. The semantically irrele-

vant stimuli, Cardigan, is the only scene without a corresponding

miscompressed variant. This resulted in a total of 36 image pairs.

To better compare responses between groups, we selected four

anchor images that were identical for all groups (cf. anchor symbols

in Fig. 4). Two anchor imageswere placed at the beginning to give all

groups an equal opportunity to familiarize themselves with the task.

The first anchor (M-camera) was a motivating miscompression

and the second (J-Santorini) was a JPEG control image containing

visible compression artifacts. The two last imageswere again anchor

images with a miscompression (M-bag) and the uncompressed

control image (U-road).We decided to place U-road at the very end,

as wewere concerned that participantsmight get demotivatedwhen

they could not find a single difference. Between the anchors, all

participants in the same group viewed the same images in random

order, to reduce potential bias caused by order or fatigue effects.

Presentation. All participants used identical desktop computers

with 23-inch monitors (1920 × 1080 resolution) and accessed the

instrument via Firefox. The images were displayed at 512
2
pixels

(13.5 cm side length). As some miscompressions were very small

(e.g., Rock house, Brake lights), we used smaller crops (128
2

or 256
2
pixels) and scaled them up to 512

2
pixels with nearest

neighbor upsampling to ensure constant size and avoid uncontrolled

upsampling by the browser. The increasing visibility of individual

pixels also signals a low resolution to the participant.

3.3 Statistical Analysis

We test our main hypotheses by fitting linear regressions with the

ordinary least squares method. The specifications we consider take

the form,

𝑦𝑖,𝑘 = 𝑏0 + 𝑏1 · 𝑥mc,𝑘 + 𝑏2 · 𝑥jpeg,𝑘 + · · · + 𝑑𝑖 + 𝑠 𝑗 + 𝜀𝑖,𝑘 ,

where 𝑦𝑖,𝑘 is the rating of the 𝑖-th subject on the 𝑘-th image pair

in the range {1, . . . , 6}, 𝑥
mc,𝑘 ∈ {0, 1} is an indicator for miscom-

pressions, 𝑥
jpeg,𝑘 ∈ {0, 1} is an indicator for control images with

conventional JPEG compression, “. . . ” are placeholders for addi-

tional control variables, and 𝜀𝑖,𝑘 is the residual. The coefficients 𝑑𝑖
and 𝑠 𝑗 are the estimated subject and scene fixed effects, respectively,

and 𝑏𝑙 are the estimated coefficients we report and interpret. Con-

trol images that were compressed with neural compression have

𝑥
mc,𝑘 = 𝑥

jpeg,𝑘 = 0. The fixed effects aim to capture the panel struc-

ture in our mixed within and between-subject design, reducing the

likelihood that the residuals are unduly correlated (as confirmed by

regression diagnostics). All anchor images share one scene fixed

effect to prevent collinearity. We report four specifications of three

dependent variables, one for each hypothesis: the perceived risk

of misunderstanding (H1), the perceived likelihood of intentional

editing (H2), and the perceived likelihood of uncontrollable distor-

tion (H3). The specifications differ in which coefficients are forced

https://www.limesurvey.org/
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Figure 4: Flowchart of our instrument. Participants were split into four groups, G1–G4, depicted in rows. Image pairs (in

columns) were assigned so that each group viewed six control images and six miscompressed images. The color of a box

indicates in which version a test image was shown to all members of the respective group. For example, window shades was

shown to Group 1 as JPEG and to Group 4 as miscompression. Groups 2 and 3 have not rated this stimulus. The order of the

presentation was randomized for each participant in the indicated range. All groups viewed the remaining four anchor image

pairs (positionally fixed as the first and last two pairs). The uncompressed anchor image pair at the end was an attention check.

to zero. We exclude image pairs where the subject did not report

seeing any differences.

We use Cohen’s 𝑑 [19] to report the effect size. The numerator is

the estimatedmean difference,𝑏1, and the pooled standard deviation

in the denominator is calculated from the residuals.

3.4 Ethics and Data Protection

The study was IRB approved. All participants consented to their

participation and to the collection and processing of their personal

data for the purpose of scientific research. They also agreed to

the publication of the data in a way that would not allow them to

be identified. Participants were informed that participation was

voluntary and that they could withdraw from the study at any time.

After completing the study, we offered them a printed debriefing

sheet to inform them about the research project. They also had

the option of leaving a contact address to be informed of the study

results. Participants received no financial compensation. When

selecting stimuli, we took into account potential triggers of negative

emotions in order to avoid any psychological or social harm.

3.5 Limitations

Our method has limitations. First, our sample of participants con-

sists of German-speaking undergraduate computer science students

that agreed to participate without compensation. Although their

perception of the risk of misunderstanding and attribution of image

differences may not be representative of the general population,

this sample is arguably similar to early adopters of new technology.

Moreover, previous research found that the cultural background can

influence the perception of image distortion [66]. Future research

should consider a more heterogeneous sample. Second, our stim-

uli are hand-selected. While there is no commonly agreed way of

sampling representative images, our selection strategy was geared

towards showcasing a spectrum of miscompressions of varying

type, visibility, and severity (according to the authors’ subjective

perception). The main results are averages over all scenes, and

could have been much stronger if we had included more scenes like

Rock house or Watch, or much weaker if all our scenes were like

Window shades. We report breakdowns and interpret individual

scenes to increase confidence in our findings. Third, we did not

collect which specific differences participants noticed and referred

to. We considered asking for a written description of the detected

differences [51, 75], but decided against it for fear of fatigue effects.

We also considered visually highlighting predefined differences in

the images [70] or providing hints, but also decided against this, as

it has been shown to influence decisions [75]. There may also be

hidden limitations that will only become apparent as the body of

work in this area grows. As with any first empirical study of a new

phenomenon, this one relies on some decisions that are essentially

educated guesses.

4 Results

We will now present our results. Section 4.1 describes the sample,

Section 4.2 presents the main results on the aggregate level, and

Section 4.3 offers a breakdown by stimulus.
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4.1 Descriptive Statistics

Our sample has 115 participants (31 female, 80 male, 4 non-binary

or other) in the age range 19 to 40 (median 21). The median response

time for the whole instrument was 12𝑚15 𝑠 (quartiles 10𝑚29 𝑠 and

14𝑚16 𝑠). 45% of the participants report a visual impairment and

75% of them used optical aids to compensate. The participants are

balanced across groups (25, 28, 31, 31) with the expected random

variation. Each image pair in a group has an average of 25 ratings,

with a minimum of 11 for J-Paris. Recall that participants only rated

images in which they noticed differences. The anchor images have

97 or more ratings, except for U-Road, which is the uncompressed

check image and does not have any difference (6 participants report

having seen one).

Figure 5 shows the proportion of participants who noticed a

difference (rightmost bars) for all images along with the median

response time to answer the yes/no question. For most image pairs,

it took participants less than 50 seconds to notice a difference. The

anchor images M-Camera and J-Santorini stand out on the slow

end as they were the first stimuli of the instrument and participants

had to familiarize themselves with the scenario and questions. It

also took some time to check that there are no differences in U-

Road. Differences were most often overlooked for J-Cardigan and

for both M-Paris and J-Paris.

Tables reporting the descriptive statistics of our control questions

are provided in Appendix C.2. We emphasize that the self-reported

attitudes or behaviors in our control questions are intended to

contextualize the sample. With regard to conventional image pro-

cessing (retouching, montage, and digital photography), a majority

report having tried them and being able to explain how they work.

This contrasts with AI-supported techniques (generation, gener-

ative inpainting). Most participants have only heard of them and

the practical experience is limited to having tried image generation,

but not inpainting. While most participants are experienced and

report a good understanding of conventional compression, they

have no practical experience with neural compression. Only 32%

have heard of it. A non-existing technique, “virtual image compres-

sion,” was included as an attention check [61]. Most participants

are honest and some think they have heard about it (Tab. 3). We

also asked how often our participants try to verify images across

different platforms and contexts (Tab. 4). A majority verifies images

from unknown social network profiles at least occasionally, but

tends to trust images from private contacts. Images on reputable

news sites are verified slightly more often, at around the level of

social network profiles of public persons or organizations. Our final

control question aimed to measure the external validity by asking

how realistic the scenario of a photo going viral is (Tab. 5). 18%

state that they have already experienced a situation like this, and

68% find it realistic that an image could get modified while sharing.

We interpret this to mean that our scenario is not too artificial.

From the answers to the open feedback question we extracted

three categories of repeating comments: 11% of participants report

uncertainties about the termmisunderstanding and would like more

context, 4% are uncertain about what constitutes a difference, and

2% inform us that they have heard about the research project before,

which may introduce bias. We use this for a robustness check.

M
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Figure 5: Time needed to spot differences. Rings ⃝ for re-

spondents who noticed a difference, bullets • for respondents
who did not. Share of respondents who noticed a difference is

indicated on the right. Sorted by increasing median response

time over all respondents and color coded by image type.

4.2 Main Results

Table 1 shows the regression results analyzing how different predic-

tors influence users’ perceived risk of how certain image differences

can lead to misunderstandings (H1), are attributed to intentional

editing (H2), and uncontrollable distortion (H3). The coefficients

show the effect of the predictors on the user ratings measured in

units of a 6-point scale.
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Table 1: Regression results supporting our hypotheses in the panel data

Dependent variable

Predictor Misunderstanding (H1) Intentional editing (H2) Uncontrollable distortion (H3)

Specification (i) (ii) (iii) (iv) (i) (ii) (iii) (iv) (i) (ii) (iii) (iv)

Miscompression 0.90∗∗∗ 0.98∗∗∗ 0.98∗∗∗ 0.81∗∗∗ 0.99∗∗∗ 1.00∗∗∗ −0.57∗∗∗−0.71∗∗∗−0.73∗∗∗
JPEG −1.03∗∗∗ −1.11∗∗∗ 0.79∗∗∗

Size 128
2

0.20 −1.34∗ 1.47∗∗

Size 256
2 −0.33 −1.09∗ 1.14∗

Visually impaired 0.43 0.22 −0.57

Scene fixed effects No Yes Yes Yes No Yes Yes Yes No Yes Yes Yes

Subject fixed effects No Yes Yes Yes No Yes Yes Yes No Yes Yes Yes

Within 𝑅2
(adjusted) 0.35 0.35 0.35 0.30 0.30 0.30 0.24 0.24 0.24

Total 𝑅2
(adjusted) 0.09 0.46 0.46 0.43 0.06 0.40 0.40 0.38 0.04 0.30 0.31 0.29

Coefficients normalized to one unit of the 6-point rating scale from “certainly not” to “certainly.”

𝑁 = 1131. Significance levels:
∗∗∗𝑝 < 0.001, ∗∗𝑝 < 0.01, ∗𝑝 < 0.05.

For each dependent variable, we present four specifications: (i) a

null model without fixed effects (which should not be interpreted),

(ii) a baseline model with scene and subject fixed effects, (iii) an

extended model including selected binary control variables, and

(iv) a variant of the baseline model where the predictor is replaced

with the indicator for JPEG compression. The latter is not directly

related to our hypotheses and included as a contrast when the

familiar JPEG artifacts are present. The estimated coefficients from

specifications (ii) and (iv) are visualized as bars in the headline

results (Fig. 2 in Sect. 1).

In the baseline model, the main effect for miscompressions on

misunderstanding is positive, close to 1.0, and statistically signifi-

cant at the 𝑝 < 0.001 level. This means that, after controlling for all

scene and subject-specific variation, the average participant sees

the risk of a misunderstanding one step closer to “certainly” if the

image is a miscompression. This supports Hypothesis 1. The

effect does not change when control variables for the crop size and a

visual impairment are included. We also included control variables

derived (by approximate median splitting) from the questions on

theoretical knowledge and practical experience with both conven-

tional and AI-based image processing techniques. We observed no

significant effect and refrained from reporting these specifications.

We also get null results for the control variables on image verifica-

tion behavior and for all dependent variables. Interpreting the 𝑅2

measures, we observe that about 11% of the variance is explained

by the presence of a miscompression, compared to 35% explained

by differences between scenes and subject-specific level shifts.

We see almost the same effect formiscompressions on intentional

editing. After controlling for heterogeneous subjects and scenes,

the average participant attributes the difference to intentional edit-

ing one step closer to “certainly.” This supports Hypothesis 2.

The variance explained by the predictor is about the same, but the

fixed effects explain slightly less for intentional editing (30%) than

for misunderstandings. Unlike before, small patches with visible

pixelation due to upscaling tend to offset the attribution to inten-

tional editing. The statistical significance level is lower due to the

small number of images created from small crops.

The main effect for miscompressions on the attribution to un-

controllable distortion is negative, at around −0.7, and statistically

significant at the 𝑝 < 0.001 level. This means that after controlling

for heterogeneous subjects and scenes, the average participant re-

sponds 70% of a step closer to “certainly not” when asked whether

they attribute the differences to uncontrollable distortion, thus

supporting Hypothesis 3. This compares to more than one step

towards “certainly” if the image is a 128
2
crop, indicating that some

participants attribute pixelation to distortion. They apparently find

it hard to distinguish what distortion is already present in the ref-

erence and what is added in the test image.

Regression diagnostics do not reveal anything of concern. The

stability of the coefficients across the specifications indicates the

absence of excessive collinearity or suppression effects. We also

explored whether the number of images a subject had rated or the

position of the image in the instrument has an effect. The former

has no effect and the latter has a very small learning effect, which

we do not interpret because the order is confounded with the scene.

As additional robustness checks, we re-estimated all regressions

on two subsets of the data, first excluding the 19 subjects who

mentioned one of the three concerns in the open feedback question,

resulting in 𝑁1 = 954 ratings, and second excluding the six subjects

who saw a difference in the U-Road image, failing the attention

check (𝑁2 = 1064). The signs, magnitudes, and significance levels

of the main effects are unchanged.

To better interpret what a difference of one step on a 6-point

scale from “certainly” to “certainly not” means for the noise level

in our data, we calculate Cohen’s 𝑑 as a measure of effect size [19].

We obtain a “large” effect, 𝑑 = 0.86, for misunderstanding (H1),

and “moderate” effects for the other dependent variables, 𝑑 = 0.78

(H2) and 𝑑 = 0.64 (H3), respectively. An exploratory analysis of

potential gender effects revealed that noticing differences in image

pairs does not depend on gender. We observe a tendency for male

participants to have slightly stronger effects in the hypothesized

direction than females, especially for H1. As the interaction terms

are statistically less significant (0.01 < 𝑝 < 0.1) than our main

results and the sample is imbalanced, we and refrain from reporting

and interpreting quantitative results.
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Figure 6: Perceived risk of misunderstanding after image

transmission. Means of a 6-level scale with 95% confidence

intervals, broken down by stimulus image and color coded

by image type. Miscompressions (M, orange) dominate on

the side of elevated risk. See text for important exceptions.

4.3 Breakdown by Image

While the main results give a consistent message, it is important

to note that this is the average effect across a diverse set of images

curated by us. Figure 6 unpacks this by showing participants’ per-

ceived risk of misunderstanding for each image. Although most of

the miscompressed images (orange bars) point towards “certainly”

on the right, and the control images (all other colors) tend to point

to the left, there are a few exceptions. We will discuss these in

an exploratory way to learn more about users’ perceptions and

potential reasoning.

Paris. This scene surprised us by the relatively small proportion

of participants who noticed the difference: 85% for the M-paris

and only 44% for J-paris. Unlike the reader in Figure 1, the par-

ticipants did not have a magnifying glass to zoom into this 512
2

image. While there is a difference in the reported susceptibility

to misunderstandings in the hypothesized direction, the level is

shifted to the “unlikely” half of the scale and the confidence in-

tervals overlap, indicating that there is no statistically significant

difference for this scene alone. However, this scene allows us to

interpret the differences in the response time between participants

who did and did not notice the differences (Fig. 5). Observe that

participants who did not notice any differences were much faster,

suggesting that they overlooked the missing people. Prior work has

shown that recognizing the high-frequency image content, like the

people in this image, requires more effort [75].

Wind sock. The differences were almost unanimously found for

both M-Wind sock and C-Wind sock, and participants perceived

the risk of misunderstandings as equally “unlikely” for both ver-

sions. An explanation could be that participants primarily notice

the global blur, rather than the absence of the red wind sock in

the miscompressed image (Fig. 7). While we tried to select miscom-

pressions of universally known objects, it could also be that not all

participants recognized the wind sock.

Original Miscompression

Original MiscompressionOriginal Miscompression

Figure 7: M-Wind sock. Participants did not detect the van-

ishing color of the wind sock or did not perceive it as a risk of

misunderstandings. A reason could be the increased smooth-

ness of the background.

Rings. This scene was the only case where more participants

noticed a difference in the neurally compressed control image than

in the miscompression (100 vs. 94%). This can be explained by the

smoothing, as shown in Figure 8, which may resemble popular

beauty filters [4]. Interestingly, while the participants attribute

the differences in the control image “very likely” to intentionally

editing (see Fig. 11, below), they do not perceive an increased risk

of misunderstandings.

Tattoo. This is the only scene where the neurally compressed

control image is perceived as causing misunderstandings. (The con-

fidence intervals are right of the midpoint.) Miscompression and

control image still differ in the hypothesized direction, but the confi-

dence intervals overlap. We conjecture that tattoos are perceived as
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Original Neural compression

Original Neural compressionOriginal Neural compression

Figure 8: C-Rings: Participants attributed differences in the

neurally compressed control image to intentional editing.

sensitive features that allow one to draw inferences about a person’s

personality or identify individuals. This may incline participants to

flag an issue (Fig. 9). While testing this explanation would require

a tailored study, we see a similar tendency in the Suit scene, where

the person’s face is disfigured.

Original Neural compression

Original Neural compressionOriginal Neural compression

Figure 9: C-Tattoo: Participants perceive the neurally com-

pressed control image as a likely cause ofmisunderstandings.

Window shades. This stimulus was included as an example for

a miscompression of low severity. 64% of the participants notice

differences in the miscompression, the lowest share of all miscom-

pressions, and only a few believe that these could lead to misun-

derstandings. Participants may overlook the closed window shades

because they are hard to spot (Fig. 10). Alternatively, they may not

perceive window shades as semantically relevant enough to cause

misunderstandings. Moreover, the differences were attributed to

uncontrollable distortion rather than intentional editing (Fig. 11).

Of course, this is context dependent [75]. If the scene was presented

to experts who review construction faults, the results could be very

different. This alludes to a general challenge for miscompression

research. The number of domains of expertise to cover is huge.

We present the breakdown for the two remaining dependent

variables in a combined scatter plot. Figure 11 shows the mean

and confidence intervals for the attribution of the differences to

intentional editing on the horizontal axis and to uncontrollable

Original Miscompression

Original MiscompressionOriginal Miscompression

Figure 10: M-Window shades: Participants perceived a low

risk of misunderstanding.

distortion on the vertical axis. We have annotated extreme points

and interesting scenes discussed above. Observe that while the data

span a large range of the intentional editing scale, the responses

for uncontrollable distortion are much more concentrated on the

side of “certainly.” This means that our participants can identify

conventional JPEG compression artifacts. The negative correlation

between the means on both axes shows how H2 and H3 are related

across diverse scenes, and even more so between types. However,

at the level of individual responses for any given scene, the two

causes are not perceived as mutually exclusive (see Fig. 14 in the

Appendix).

U
n
c
o
n
t
r
o
l
l
a
b
l
e
d
i
s
t
o
r
t
i
o
n

Intentional editing

certainly

not

certainly

not

very

unlikely

very

unlikely

unlikely

unlikely

likely

likely

very

likely

very

likely

certainly

certainly

J-cardigan C-rings

M-Traffic light (sign)

M-Window

shades
M-suit

M-bag

Figure 11: Suspected causes of the image differences: scatter

plot of means over the responses for intentional editing (H2)

versus uncontrollable distortion (H3) aggregated for each im-

age pair (with 95% confidence intervals as bars). The Pearson

correlation between image means is 𝜌 = −0.95 (𝑝 < 0.001).

The shaded areas visualize the empirical interquartile ranges

over all responses in each type (color coding as in Fig. 4).
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5 Discussion

Image-based communication is part of everyday life and commonly

relies on lossy compression. Today’s codecs work invisibly for end

users, fostering the expectation that mere compression does not

alter the semantics of an image. Neural compression, if adopted,

will disrupt this expectation for the sake of bandwidth savings.

Even if codecs improve further, any information not transmitted

will need to be synthesized, leaving room for hallucinations by the

generative AI in the decoder. Understanding how such disruptions

affect people’s perception and use of images for communication is

therefore critical.

This study is the first to confirm that concerns previously raised

by individual researchers about miscompressions in neural com-

pression codecs are shared by a wider set of people. This has several

implications. We begin by discussing specific implications of our

results for each hypothesis, before turning to broader implications

for the design of future image communication interfaces.

5.1 Implications of Our Results

5.1.1 Miscompressions Elevate the Risk of Misunderstandings (H1).
The full-reference design allowed us to probe how users perceive se-

mantic changes at the level of detail. Our results indicate that even

subtle differences can have an effect and lead to misunderstand-

ings, a catch-all term for a range of potential social consequences.

One can easily envision the resulting risks: a changed arrow in a

traffic light could cause accidents (traffic light (sign)), a missing

wedding ring might spark false accusations (rings), interpreting

miscompressed images in science and engineering can lead to false

conclusions (window shades), and law enforcement could fail if

biometric identifiers are misrepresented (tattoo).

However, the current real-world impact of miscompressions is

limited because the technology is not yet rolled out. This gives the

community time for more human subjects research, which could

inform the development of better codecs. It can include direct end-

to-end tests for complete codecs, similar to our study. Moreover,

data from user studies can be used to train learnable image quality

metrics, which in turn can be used to train neural compression

codecs.

Future research. Whether a miscompression poses a risk of a

misunderstanding might depend on the context. A follow-up study

should test other scenarios than social media. Studies involving

experts in journalism, law enforcement, and forensics can com-

plement the picture for high-stakes applications. Concerning the

instrument design, we believe that our participants had examples

of misunderstandings in mind, but we did not ask for them. Future

work could ask users for this information for each scene. This infor-

mationwouldmake it possible to distinguish between the likelihood

and the expected severity of misunderstandings, linking these judg-

ments to established categories in risk management [76]. On a

broader level, these insights can guide a responsible deployment of

neural compression across application areas. More narrowly, they

can inform the calibration of future neural compression codecs to

enable a risk-adjusted allocation of bits. Details which are prone

to be miscompressed and cause potentially severe consequences

should be preserved.

5.1.2 Miscompressions Are Confused With Intentional Editing (H2).
Until now, the only way semantics of parts of images can change is

when they are edited. This explains why people who are unaware

of neural compression wrongly attribute the local differences of

miscompressions to editing. This confusion can be problematic:

mistaking compression artifacts for editing might hinder attempts

to resolve misunderstandings (H1) through image comparison, es-

pecially if the parties involved (or even an independent third party)

are unaware of the true cause of the differences. Moreover, neural

compression has been shown to mislead “deep fake” detectors [16].

Accusations of malicious manipulation are quickly raised.

Moreover, previous research has shown that people are better

at detecting manipulations than at identifying generated images

(see Sect. 2.2). If neural compression becomes more widely adopted,

people may lose this ability as they get used to neural compression

artifacts and can no longer use them as indicators of manipulation.

Likewise, as the decoders of neural compression leverage generative

AI, more images will appear “synthetic”, diminishing users’ (already

limited) ability to detect generated images. Both effects further

contribute to the erosion of trust in images [26].

Future research. This finding paves the way for a number of

follow-up research questions. Future work could contrast miscom-

pressions with actual manipulations, bothmanual and AI-supported

(e.g., inpainting). It should also involve participants who are famil-

iar with neural compression (e.g., after passing a training phase)

and experts who deal with image manipulations professionally.

Our results may also prompt further research in the legal domain.

The EU’s AI Act [69] requires providers of AI systems to embed

machine-readable marks in generated content. Systems that “do

not substantially alter the input data [. . . ] or the semantics thereof”

are exempt [69, Art. 50 (2)]. It must be clarified whether potential

miscompressions would constitute an alteration to the semantics

as defined by this law.

5.1.3 Miscompressions Are Not Recognized as Compression Arti-
facts (H3). The generative networks in neural compression tend

to produce visually appealing, photorealistic images. Our neurally

compressed test images do not show typical compression artifacts

regardless of whether they are miscompressed or not. The absence

of these indicators can lead to misplaced trust in images and over-

confidence in their content.

This interpretation is supported by our finding that people are

indeed familiar with JPEG artifacts and interpret them as signs of

compression. JPEG test images are associated with a significantly

lower risk of misunderstanding and differences are less often ex-

plained with editing. In contrast, for neurally compressed control

images, participants often resorted to uncontrollable distortion as

a fallback explanation when no plausible cause for the differences

was apparent.We conclude this from the strong negative correlation

of the image means in Figure 11.

Future research. To date, little is known about how compression-

induced cues interact with people’s perception and trust in images,

likely because researchers assumed the effect to be marginal. Our

findings challenge this assumption. Follow-up studies should exam-

ine whether specific personal factors, such as experience and edu-

cation draw people’s attention to such cues. These studies should
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vary the type and strength of compression artifacts (e.g., blocking,

blurring, and ringing) and control for image content, device, and

resolution. More than 30 years of JPEG compression could have

affected how people perceive digital images.

5.2 Possible Interventions

Miscompressions challenge long-standing assumptions about the

integrity of image communication. Given that research on neural

compression is still at an early stage, the first widely adopted codecs

will likely surpass those we can currently evaluate. Nevertheless, it

remains highly uncertain whether it will be possible to fully avoid

miscompressions with technical means. This calls for the develop-

ment of strategies to mitigate potential risks. In the following, we

consider approaches that allow users to recognize and respond to

the risks posed by miscompressions. We distinguish passive strate-

gies that notify users and raise awareness (Sect. 5.2.1) and active

strategies that involve user interaction and feedback (Sect. 5.2.2).

5.2.1 Notifications and Awareness. Users who are aware of poten-

tial semantic changes are, in principle, better positioned to eval-

uate how much to trust an image. Since miscompressions cannot

be detected reliably with current technology, flagging individual

instances is not feasible. The risk is present in every neurally com-

pressed image. Therefore, users should always be informed about

the use of neural compression. This can be done with labels or

visible watermarks in the images or image captions. Technical ini-

tiatives, such as C2PA [1, 80] and JPEG Trust [78] may serve as

sources of provenance information.

Prior work provides guidance on effective labeling strategies for

edited [53], AI generated [26, 28, 86], and identified misinformative

content [44, 50]. While these works are excellent starting points,

their findings may not translate directly to neural compression.

Labels for generated content typically signal that an image is not

authentic. By contrast, a label flagging the use of neural compres-

sion only indicates that there is a possibility that an otherwise

authentic image contains altered details. More research is needed

to design and test effective image labeling systems adapted to the

neural compression context. This should not be studied in isolation.

For labeling systems to be usable in practice, they must consider

the entire user experience, spanning all kinds of content sources

and level of trustworthiness. The abstract risk of a miscompres-

sion must be weighed against the certain presence of completely

artificial material, possibly generated with the intent to mislead.

A comprehensive image labeling systems must integrate all this

information and ensure that users understand it and facilitate a

reaction that corresponds to the risk.

5.2.2 Interaction. Tailored user interfaces can support users to

detect and react to instances of miscompressions. Drawing inspi-

ration from progressive encoding [37], one approach is to deliver

images at a low bitrate by default while retaining a high-quality

version that can be requested on demand, for instance, when a user

zooms into an image or activates a “view-as-sent” function. A user

interface could also allow viewers to select whether the decoder

should produce an appealing, realistic looking version of an image,

or rather a version that is of lower quality but closer to the origi-

nal. This is possible by transmitting a single bitstream [2]. Senders

concerned about potential miscompressions could similarly benefit

from a “view-as-received,” option, enabling them to verify what

recipients will see. Although such features cannot eliminate risk

entirely, maintaining access to the original version for some period

of time (by storing it on the server) could be valuable for resolving

potential misunderstandings after they arise.

These techniques allow users to detect miscompressions. Once

detected, users should be able to report them to the platform op-

erator, similar to existing interfaces to report harmful content or

misinformation [20]. Reactions to these reports include notifying

all affected users of the specific miscompression, censoring the

problematic region, replacing the image with a high-quality ver-

sion, and collecting a database of miscompressions that can be used

to improve future neural compression codecs. Several HCI studies

are needed to determine the suitability of these measures and to

identify effective ways to design and integrate such interaction

mechanisms into real-world image communication platforms.

6 Conclusion

With billions of images exchanged through messaging apps ev-

ery day, reliable image compression has become central to digital

communication. This study takes a new direction of research that

investigates how people perceive artifacts of conventional and fu-

ture image processing technologies, and how they interpret them as

cues for reliability. While the controversy involving the journalists

in the introduction was fictional, our findings suggest that similar

misunderstandings could arise in the real world. As compression

shifts toward neural methods that can inadvertently alter the mean-

ing of images, it is important to understand the personal and social

consequences of this transition. Addressing these challenges re-

quires not only technical advances but also sustained HCI research

into how users perceive, interpret, and respond to the risks intro-

duced by neural compression. Only in this way can we, as a society,

be put in a position to decide how much bandwidth is worth saving

at the expense of trust in images.
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Appendix

A Background

A.1 Principles of Neural Image Compression

The first step of the compression pipeline is the analysis transform,

a neural network that encodes the input image into a latent repre-

sentation. This representation is quantized by rounding and then

coded into a bit stream using arithmetic encoding. The most popu-

lar construction is called “hyperprior” [7] because it parametrizes

the arithmetic encoder by another autoencoder, which predicts the

distribution of the latent representation produced by the transform

network. This autoencoder’s latent space is transmitted for arith-

metic decoding. Finally, a synthesis transform network reconstructs

the image from the decoded representation. All steps are trained

end to end by minimizing a rate–distortion function. To generate

the stimulus images in our user study, we used the variational au-

toencoder used in the original Hyperprior proposal by Ballé et

al. [7] and three follow-up works. The HiFiC model by Mentzer et

al. [62] differs in the last step. It uses the decoded latent representa-

tion to condition a Generative Adversarial Network (GAN) which

reconstructs the image. By contrast, Yang et al.’s CDC codec [88]

conditions a diffusion model on the decoded latent representation

for the reconstruction. Also the JPEG AI [5] codec uses the hyper-

prior construction and feeds the decoded latent representation into

a synthesis transform network to reconstruct the image. Unlike

other codecs, JPEG AI converts the image into the 𝑌𝑈𝑉 color space

before transformation.

A.2 Acknowledgement of Semantic Changes

In their limitation section, Relic et al. [73, p. 316] mention the

challenge of “misgeneration of content”. They remark: “Specifically

at very low bitrates, identities, text, or lower-level content can vary

from the original image, and thusmay raise ethical concerns in specific

scenarios.” Also, Mentzer et al. [62, p. 10] mention failure cases, such

as small text or faces, and emphasize that “in theory” their generator

can “[. . . ] produce images that are very different from the input” and

that their method is “not suitable for sensitive image contents, such as,

e.g., storing medical images, or important documents.” Most notably,

Agustsson et al. note that “Since the realism constraint might produce

reconstructions that are far away from the input, these systems might

be looked at with suspicion because it is not clear which details are in

the original and which were added by the architecture” [2, p. 22325].

None of the above studies measure the perception of the semantic

differences.

B Method

B.1 Participant Briefing

[Translated from German and [anonymized]]

Welcome to the study Perception of disturbances in digital im-

ages conducted by [institute]!

During the transmission of images on the internet, visible and in-

visible “distortions” can occur. Researchers worldwide are working

on new standards to improve the quality of transmitted images. In

this study, you will compare original images with transmitted ones

and evaluate any differences that may appear.

The participation is voluntary, and you have the right to withdraw

from the study at any time. Your responses and the answering time

per question will be recorded. All data will be fully anonymized.

The study will take approximately 15 minutes to complete. It is part

of the [research project and funding organization]. The participation

in the study involves no risks.

If you have questions during the study, please contact the pro semi-

nar teacher. For questions after completing the study, you can reach

out to [name and contact information of the project leader]. At the

end of the study, you will have the opportunity to provide your

email address to receive updates on the study’s findings.

Your participation helps us improve future image formats. Thank

you for your contribution!

[Declaration of Consent]

B.2 Questionnaire

[Translated from German. Answer options are listed in italics.]

Part 1: Introduction

I1: [Same as printed Briefing]

Part 2: Demographics

D1: What year were you born? Answer must be between 1925 and

2006.

D2: Which gender do you identify with? female, male, non-binary,

would not like to specify

D3: Eyesight yes, no

(1) Is your vision impaired, e.g., due to long/short-sightedness

or color blindness?

(2) Do you use optical aids to compensate for this while com-

pleting this study, e.g., glasses or contact lenses?

Part 3: Image Comparison

Suppose you took a picture some time ago and uploaded it to a social

media platform. In the meantime, the image has spread across the

internet and a second person discovers it in their feed on another

platform.

[Stimulus 1] image taken by you

[Stimulus 2] image discovered by the other person

S1: The two images are not identical. Can you see at least one

difference? yes (condition for S2 and S3), no

S2: What are the effects of the differences? certainly, very likely,

likely, unlikely, very unlikely, certainly not

(1) Could the differences lead to misunderstandings between

you and the other person?

S3: What are the causes of the differences? certainly, very likely,

likely, unlikely, very unlikely, certainly not
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(1) Would you attribute the differences to intentional editing,

e.g., retouching, filters, or manipulation?

(2) Would you attribute the differences to uncontrolled distor-

tions, e.g., transmission errors or image compression?

A1: Action page.

[Appeared once after the first image comparison block.]

Thank you – We will now repeat this for different images.

Please don’t get distracted and evaluate each picture carefully.

Part 4: Control Variables

C1: Please indicate your theoretical knowledge of the follow-

ing technologies never heard of it, have heard of it, can explain how

it works, profound knowledge

(1) Image retouching, e.g., color corrections, removal of “blem-

ishes”, smoothing, or sharpening of textures

(2) Image montage, e.g., adding, modifying, or removing objects

with the cloning tool

(3) AI-supported image generation, e.g., DALL·E, MidJourney,

or Stable Diffusion

(4) Generative inpainting, e.g., with DeepFill, Adobe Firefly Gen-

erative Fill, or DALL·E

(5) Digital photography, e.g., with a smartphone or digital cam-

era

(6) Conventional lossy image compression, e.g., JPEG or WEBP

(7) Neural image compression, e.g., with algorithms like JPEG

AI or HiFiC

(8) Virtual image compression, e.g., with codecs like VBC Opti-

mizer or SpectraZip

C2: Please indicate your practical experience with the follow-

ing technologies. no practical experience, have tried it, use occasion-

ally, use regularly

[cf. enumeration from C1]

C3: Please indicate how often you verify the authenticity of

images from various sources, e.g., by zooming in on the image. I

verify in image . . . . . . almost always., . . . often., . . . occasionally., . . .

almost never., not applicable

(1) Social network profile of a public person or organization I

know

(2) Social network profile of a public person or organization I

don’t know

(3) Social network profile of a private person I know

(4) Social network profile of a private person I don’t know

(5) Private direct message (e.g., SnapChat, Instagram, What-

sApp)

(6) Reputable online news site

C4: What is your experience with the distribution of images on

the internet? happens to me regularly, has happened to me, could

happen to me, could rather not happen to me, don’t know

(1) How realistic is the scenario with the photo that gets widely

distributed online?

(2) And how realistic is it that the photo gets modified in this

process?

F1: Please take a moment to share your feedback on the study,

e.g., the clarity of the questions, the selection and presentation of

the images, any difficulties in answering, etc.

[Open question field]

End page

Thank you for your participation!

If you are interested in the results of the study, please provide us

with your email address. The address will be stored separately from

your responses. [Link to survey]

B.3 Stimuli Compression

The source images were taken from two widely-used image com-

pression benchmark datasets [3, 79]. For the compression of our

test images we selected four state-of-the-art neural image com-

pression codecs that cover the range of technologies applied in

the neural compression literature. For the compression with the

Hyperprior [7] we used the hierarchical mode optimized for MSE

at compression intensity 3 out of 8. For the compression with the

GAN based HiFiC model [62] we used the intensities Hi or Lo. We

used TensorFlow Compression library
4
(TFC) for the compression

with these two models and pretrained weights. For the compression

with JPEG AI [5], we used the verification model of its Reference

Software [74] at version 7.0, commit 50ec1478. During encoding

we use high operation point (HOP)[48] and disable all tools. We

include images for the target bits per pixel (BPP) values 0.25 and

0.75. Lastly, we use the code repository of the authors and their

pretrained weights to compress images with the diffusion based

CDC model [88] using x-parameterization for LPIPS weight 0.9 and

Lagrangian multiplier to control the compression quality of 2048

and 0512. All codecs were executed on a shared GPU cluster using

a 64-core Nvidia A100 GPU.

To compress the JPEG control images we used the Python Imag-

ing Library (PIL) version 11.1.0with libjpeg–turbo, version 3.0 [8]
at the default quality factor 75.

4
https://github.com/tensorflow/compression

https://github.com/tensorflow/compression
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B.4 Stimuli Overview
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B.5 Images

Traffic lights

Original Neural compression Miscompression Miscompression

(0.0)

2.9 2.3 4.9
(1.2) (1.2) (1.2)

87.1% 4.5 3.5 4.2
(1.2) (1.3) (1.4)

100% 4.0 2.6 4.8
(1.8) (1.5) (1.1)

83.9%

Camera

Original Miscompression

(0.0)

3.3 2.7 4.6
(1.6) (1.4) (1.3)

97.4%

Watch

Original JPEG Miscompression Miscompression

(0.0)

2.8 2.3 4.9
(1.3) (1.2) (0.8)

93.5% 4.3 3.9 4.0
(1.3) (1.6) (1.5)

96.8% 3.9 3.9 4.0
(1.2) (1.7) (1.4)

100%

Santorini

Original JPEG

(0.0)

2.3 2.1 5.1
(1.1) (1.1) (0.8)

84.3%

Wind sock

Original Neural compression Miscompression

(0.0)

3.1 2.8 4.8
(1.2) (1.4) (1.2)

100% 3.1 3.3 4.1
(1.3) (1.5) (1.4)

100%

Road

Original

2.8 4.2 3.2
(1.3) (1.3) (1.5)
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Original JPEG Miscompression

(0.0)

2.1 2.5 4.8
(1.6) (1.8) (1.1)

44.0% 3.1 3.8 3.8
(1.5) (1.4) (1.4)
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Figure 12: Stimulus material with per-image descriptive statistics. Camera, Bag, Santorini and Road were shown to all groups.

Images are best viewed on screen and magnified. See Figure 13 on the next page for the legend.
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Bracelet
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controllable distortion

Noticed

differences

Tattoo

Original Neural compression Miscompression
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(1.2) (1.4) (1.2)

96.4% 5.0 4.3 3.7
(1.1) (1.5) (1.4)

100%

Figure 13: Stimulus material with per-image descriptive statistics (continued).
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C Results

C.1 Supplemental Figure
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Figure 14: Suspected causes of the differences in the M-Bag.

Unlike Figure 11, this scatter plot shows responses of indi-

vidual participants (with jitter applied for visibility). The

negative correlation is not perfect as rejecting one cause does

not imply the support of the other.
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C.2 Supplemental Tables of Control Questions

Table 3: Descriptive statistics of the control questions

Image retouching

Theoretical knowledge

7 48 42 1

Practical experience

5 22 47 24

Image montage

Theoretical knowledge

13 47 36 2

Practical experience

6 20 50 22

AI-supported image generation

Theoretical knowledge

9 39 46 5

Practical experience

3 18 40 38

Generative inpainting

Theoretical knowledge

3 17 40 38

Practical experience

23 22 71

Digital photography

Theoretical knowledge

33 52 14 0

Practical experience

65 27 4 3

Conventional lossy image compression

Theoretical knowledge

14 49 29 6

Practical experience

20 32 28 19

Neural image compression

Theoretical knowledge

2 7 23 67

Practical experience

10 9 87

Virtual image compression (nonexistent)

Theoretical knowledge

03 26 69

Practical experience

00 6 92

■ never heard of it ■ no practical experience

■ have heard of it ■ have tried it

■ can explain how it works ■ use occasionally

■ profound knowledge ■ use regularly

Table 4: Descriptive statistics of the control questions (cont’d)

Verification of images from different sources (%)

Social network profile of a

public person or organization

I know

2 7 35 36 17

Social network profile of a

public person or organization

I don’t know

1 18 34 27 17

Social network profile of a

private person I know

4 5 22 34 33

Social network profile of a

private person I don’t know

2 14 20 35 26

Private direct message (e.g.,

SnapChat, Instagram, What-

sApp)

6 10 21 38 23

Reputable online news site

10 9 29 28 21

I verify an image . . .

■ almost always ■ often ■ occasionally ■ almost never

■ not applicable

Table 5: Descriptive statistics of the control questions (cont’d)

Experience with the hypothetical scenario (%)

How realistic is the scenario

with the photo that gets

widely distributed online?

1 17 35 32 13

And how realistic is it that

the photo gets modified in

this process?

9 12 46 12 20

■ happens to me regularly ■ has happened to me

■ could rather not happen to me ■ could happen to me

■ don’t know
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