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Figure 1. Capturing human preference in VR. We present a stereoscopic dataset created by showing participants two distorted versions
of a stereoscopic image through a VR headset and asking which one they prefer. Our dataset encompasses a variety of distortion types. In
the example above, the left image of each stereo pair is distorted: (left stereo image) SDEdit [53] is applied resulting in texture changes,
such as on the floor and dog; (right stereo image) a shift in hue is used as the distortion. Interestingly, we find that preferences in VR often
differ from preferences on screen. We leverage this dataset to train a stereo quality prediction model.

Abstract

With rapid advancements in virtual reality (VR) headsets,
effectively measuring stereoscopic quality of experience
(SQoE) has become essential for delivering immersive and
comfortable 3D experiences. However, most existing stereo
metrics focus on isolated aspects of the viewing experience
such as visual discomfort or image quality, and have tradi-
tionally faced data limitations. To address these gaps, we
present SCOPE (Stereoscopic COntent Preference Evalua-
tion), a new dataset comprised of real and synthetic stereo-
scopic images featuring a wide range of common perceptual
distortions and artifacts. The dataset is labeled with prefer-
ence annotations collected on a VR headset, with our find-
ings indicating a notable degree of consistency in user pref-
erences across different headsets. Additionally, we present
iSQoE, a new model for stereo quality of experience assess-
ment trained on our dataset. We show that iSQoE aligns
better with human preferences than existing methods when
comparing mono-to-stereo conversion methods.

1. Introduction

“What is to come of the stereoscope and the photograph
we are almost afraid to guess, lest we should seem extrava-
gant.” – Oliver Wendell Holmes, 1859

Stereoscopy, commonly referred to as stereo imaging,
is a technique in which a slightly varied image is dis-
played separately to each eye, creating the illusion of a
3D scene. For over a century, this method has been used
with a diverse array of viewing tools, starting from the rev-
olutionary Victorian-era stereoscopes, to the red and cyan
anaglyph glasses popularized in the 20th century [21], and
now rapidly advancing virtual reality (VR) headsets. With
recent improvements in the quality of VR headsets, stereo-
scopic image quality is more important than ever to eval-
uate. Various factors may effect the final quality, includ-
ing 2D aesthetics, depth sensation (stereopsis) and viewing
comfort; making this task particularly challenging. While
stereo imaging has a long history, the current tools avail-
able for assessing these images are still quite limited.
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Recent advancements in neural rendering have paved the
way for advancing immersive 3D content creation. Neural
Radiance Fields (NeRFs) [5–7, 22, 55] and 3D Gaussian
Splats (3DGS) [23, 36, 99], in particular, have emerged as
powerful scene representation techniques, allowing for effi-
cient and realistic scene rendering. In addition, many text-
to-3D models leverage recent progress in text-to-image gen-
eration [33, 47, 63, 89, 98], often using 2D diffusion priors
to generate realistic 3D content. Moreover, the recent boom
in text-to-video generation [4, 9, 87, 96] has paved the way
for advances in stereoscopic video synthesis. All of these
inspired recent stereoscopic images and video generation
algorithms [17, 50, 76, 103].

This progress in 3D content creation, which serves as
a source for stereo content, is occurring alongside im-
provements in stereo image capturing technology. Dual or
multi-camera systems are standard in today’s smartphones,
providing the necessary hardware for stereo photography
[71, 73]. Some models leverage these multiple cameras
to enable capturing true stereo images [2, 70]. In parallel,
VR headsets have become more accessible than ever, with
millions of users and a multi-billion dollar market [32, 58].
These complementary trends lead us to a moment ripe for
reassessing our methods for evaluating stereo imagery.

Despite the surge in stereo content, evaluation methods
for it remain limited. While single-image quality assess-
ment (IQA) tools exist [56, 86, 93, 95], they do not capture
the complex relations between the two monocular images
of a stereo pair, such as viewing comfort or realistic depth,
when viewed together in stereoscopic 3D. On the other
hand, existing methods for evaluating stereo content suffer
from a lack of annotated training data [59, 78, 100, 105],
and focus predominantly on a few low-level artifacts (e.g.
noising and excessive horizontal disparity). Furthermore,
these methods have not been trained or tested on more
complex artifacts (e.g. results of inpainting or depth algo-
rithms).

To address these bottlenecks, we present a new bench-
mark for stereo imagery. Our dataset, SCOPE – Stereo-
scopic COntent Preference Evaluation – is comprised of
pairs of distorted stereo images. Some of these images
are created by distorting physically-captured stereo images,
while others are created via generative methods applied to
monocular images. The distortions are selected from a wide
range of common image augmentations (e.g. photometric
and spatial distortions) and generative methods including
3D Gaussian splatting [36] and MotionCtrl [90], to encom-
pass the variety of artifacts that may appear when generat-
ing images. Human annotators then participate in a two-
alternative forced choice (2AFC) test, where they vote on
which version of a given stereo image they prefer when
viewed through a VR headset. Using this dataset, we train
a stereo quality of experience (SQoE) assessment model,

meant to capture a holistic sense of the overall visual ex-
perience. We demonstrate its practicality in assessing dif-
ferent mono-to-stereo generation methods and its ability to
extrapolate to both distortion types and strengths that are not
present in its training data. To the best of our knowledge,
this is the largest data-driven effort to develop an SQoE
evaluator, addressing a broad range of stereo artifacts.

To summarize, our key contributions are as follows:
• SCOPE - A two-alternative forced choice (2AFC) stereo-

scopic dataset, containing 2400 samples annotated by 103
participants;

• iSQoE - An SQoE model trained using our dataset;
• Demonstrating our model’s effectiveness in assessing off-

the-shelf stereo synthesis methods.

2. Related Work
2.1. Stereo Image Assessment
Stereo Quality of Experience (SQoE) encompasses the
user’s overall viewing experience of the stereoscopic 3D
content. Compared to traditional monoscopic image assess-
ment, stereoscopic evaluation presents unique challenges,
as factors like visual discomfort and depth perception may
influence a user’s overall impression or satisfaction [48, 67].

Some works evaluate SQoE through stereo image qual-
ity assessment (SIQA), an extension of single image qual-
ity assessment, which aims to evaluate the degree of dis-
tortion in images. No-reference quality assessment meth-
ods are widely seen as the most practical and adaptable,
with many no-reference stereo image quality assessment
(NR-SIQA) methods having been proposed over the years.
These include both hand-crafted feature-based methods
[1, 15, 45, 49, 74] and deep learning-based techniques
[24, 34, 75, 78, 100, 102, 104].

Other studies have concentrated on evaluating discom-
fort experienced when viewing stereoscopic images, which
are not addressed by traditional image quality assessment
methods. Several factors contributing to viewer discomfort
have been highlighted in the literature [3, 40, 43, 77, 83, 97].
Visual discomfort predictors developed for this purpose in-
clude approaches based on hand-crafted features [12, 37,
62, 66] as well as deep learning-based models [38, 59, 105].
Like the aforementioned SIQA models, these models rely
on small-scale datasets, limiting their overall effectiveness.

Our work aims to capture the overall impression of a
stereo image, not only image quality or viewer experience.
We provide a single data-driven model that implicitly con-
siders both image quality and user comfort based on user
annotations.

Additionally, there are IQA models developed specifi-
cally for VR (VR-IQA). These mainly focus on evaluating
monoscopic and stereoscopic omnidirectional images, com-
monly referred to as 360° images [14, 46, 65, 80]. Evaluat-
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ing such images presents unique challenges, such as projec-
tion distortions, that differ from the focus of our work.

2.2. Stereoscopic Datasets
Numerous stereoscopic image datasets are publicly acces-
sible, offering a variety of sizes, resolutions, and camera
baselines [10, 29, 52, 54, 72, 88]. The viewer’s depth per-
ception and overall comfort while viewing stereo images
are affected by how closely the camera baseline matches
their interpupillary distance, which averages approximately
63 mm [20]. Several of these datasets include human-
annotated preferences regarding quality or comfort, and as
such were used to develop automated assessment methods
[57, 62, 84, 85]. However, the limited size and diversity of
these annotated datasets has become the main bottleneck in
advancing automated assessment techniques.

2.3. Psychophysics in Virtual Reality
Numerous psychophysical studies have investigated human
perception and cognition within VR environments to under-
stand how users experience and interact with these systems.
Krajancich et al. [41] demonstrated that adjusting rendering
based on user gaze enhances depth perception and realism,
while Guan et al. [26] highlighted users’ sensitivity to small
errors in camera positioning. Additionally, work by Chen
et al. [13] examined the effects of power-saving techniques
on perceptual quality in VR, and Matsuda et al. [51] found
that current VR headsets often fall short of user expecta-
tions for display brightness. Thomas [82] found that users
can accurately perceive the size of virtual objects within
arm’s reach in VR, with height and width judgments closely
matching actual dimensions. Collectively, this body of re-
search underscores the critical role of understanding human
perception to guide the development of effective and user-
centric VR technologies. In our work we implicitly capture
characteristics of human stereoscopic perception within our
dataset, and train a model to predict SQoE accordingly.

3. Stereoscopic Dataset Collection & Learning
3.1. SCOPE Dataset
We collect human preferences for stereoscopic 3D expe-
riences by creating different variations of stereo images.
Each stereo image undergoes two distinct distortions among
those listed in Table 1. The stereo images are then compared
by five annotators specifying which version they prefer.
Each stereo image in SCOPE is created in one of the fol-
lowing manners:
(i) Single image to stereoscopic image. We use one of two

distinct approaches: (a) MotionCtrl [90], an image-to-
video model which enables camera control, while keep-
ing the scene generally static. We simulate interocular
distance by imposing horizontal camera motion to the

Sub-type Distortion type

Novel-view synthesis 2D Lifting, MotionCtrl,
3D Gaussian splatting

Noise
Uniform white noise, Gaus-
sian white noise, Checker-
board artifact

Blur Average blur, Gaussian blur

Compression JPEG compression

Photometric
Hue shift, Saturation shift,
Brightness shift, Contrast
shift

Spatial
Magnification, Rotation,
Keystone effect, Warping,
Chromatic aberration

Diffusion-based editing SDEdit

Table 1. Distortion Pool. The diverse set of distortions applied to
stereoscopic images generates a wide variety of artifacts.

input images. (b) we create a 2D lifting pipeline, using
one of several off-the-shelf monocular depth estimators
[35, 69, 94] to estimate disparity and forward warp the
image accordingly. Then, we use LaMa inpainting [81]
to fill in the dis-occluded regions.

(ii) Multiview images to stereoscopic image. We use 3D
Gaussian splatting [36] fitted to multi-view scenes from
several datasets [6, 27, 39]. We rendered each stereo im-
age as two 2D images with a horizontal offset between
them. For each scene we used two different 3DGS rep-
resentations optimized at different levels, resulting in
differing amounts of artifacts.

(iii) Distorting existing stereoscopic images. We lever-
age physically acquired stereoscopic images from
Holopix50k HD [29] and apply a diverse set of image
editing techniques as distortions. These include noise
injection, photometric and spatial transformations, and
SDEdit [53] to modify the high-frequency components
of the images.

The dataset is hence comprised of two subsets to avoid ac-
cumulating distortions: The first uses distortion types (i)
and (iii) on images from Holopix50k HD [29], which con-
tains various in-the-wild physically captured stereo images.
The second applies distortion types (i) and (ii), and is based
on 13 multi-view scenes from several datasets: Tanks and
Temples [39], Deep Blending [27] and Mip-Nerf [6].

We create 2400 data samples of resolution 1280 → 720,
2000 examples from the first subset and 400 from the sec-
ond. Figures 1 and 2 contain dataset examples. Each unique
image, drawn from existing datasets, serves as the basis for
two distorted versions, and is used only once. For every

263



Human Preference in VRDistorted Image

MotionCtrl

3DGS

Gaussian White Noise

2D Lifting

Rotation

Gaussian Blur

Figure 2. Dataset examples. Each stereo image was subjected to two different distortions, applied consistently to either the left, right, or
both images. Participants in a VR-based user study were then asked to choose their preferred version. On the right of each sample, we
zoom to highlight the differences between the images. Some distortions are more easily visible in 2D (e.g. Gaussian White Noise, Rotation)
while others are more visible on VR devices (e.g. disparity differences cause increased depth sensation in the 2D lifting example).
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DINOv2
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Figure 3. Model architecture. The left and right images of a stereo pair are processed by a modified DINOv2 [60] network with cross-
attention between images. The resulting spatial tokens are pooled, concatenated, and passed through a small fully-connected network,
outputting a single value indicating quality (lower is better). We train the model with a hinge loss and LoRA [28] for the DINOv2 network.

data sample we ensure the distortions are applied consis-
tently on either the left, right, or both images uniformly,
reducing noise caused by ocular dominance [64] (see Fig-
ure 2). The variety of distortion types results in a diverse ar-
ray of artifacts which can lead to viewer discomfort, reduce
image quality, and/or alter depth perception. More informa-
tion is available in Section 6 of the supplementary material
(SM). Table 5 of the SM compares our dataset to previous
stereoscopic preference datasets, indicating it is has signif-
icantly more samples than previous datasets. Furthermore,
it is the first dataset with 2AFC annotations, that can be di-
rectly used to train a SQoE model.

3.2. VR Annotations in SCOPE
We conduct a large scale 2AFC study, similar to LPIPS
[101] and DreamSim [25] where participants are asked to
annotate our dataset from Section 3.1 on an Apple Vision
Pro headset. Specifically, for each real stereoscopic image
pair x = (xl, xr), users compare two modified versions.
These versions are defined as (xm

l , xm
r ), (xn

l , xn
r ), where l

and r are left and right views in a stereo image respectively;
and m and n are distinct distortions from Table 1. These
are applied to at least one view in each stereo pair, and are
applied to the same views across both stereo pairs.

We collect judgments y ↑ {m, n} by asking partici-
pants which version is preferable, as depicted in Figure 1.
We pose the question to the participants in this manner
to collect majority-based binary labels, which can then be
used to train a holistic SQoE model. We also ask partici-
pants to avoid closing one eye at a time and instead view
the left and right images simultaneously. The user study
was conducted in batches of 25 examples, with breaks be-
tween batches to mitigate visual fatigue, a condition char-
acterized by Lambooij et al. [43] as eye strain and reduced
visual performance after prolonged viewing. Our dataset,
D =

{(
(xm

l , xm
r ), (xn

l , xn
r )

)
, y

}
, ultimately contains 2400

examples, each labeled with 5 annotations and collected
from 103 participants. We find that a third of the examples
are unanimously agreed upon, with a 5/0 split, another third
have a 4/1 split, and the remaining third have a 3/2 split.
We randomly partition our data into train (80%), validation
(10%), and test (10%) sets. We name our dataset SCOPE –
Stereoscopic COntent Preference Evaluation – and make it
publicly available.

3.3. Training an SQoE Model
After collecting our dataset, we use it to train an SQoE
model which given a stereoscopic image as input, can then
produce a single score that takes into account quality, com-
fort, and depth sensation. We name our model iSQoE - im-
mersive Stereoscopic Quality of Experience assessor. The
architecture is described in Figure 3 and is inspired by
LPIPS [101] and DreamSim [25] which also train percep-
tual models on 2AFC annotations.

Since stereoscopic images are composed of two 2D im-
ages, we leverage existing pretrained image backbones to
process each image in a stereoscopic pair. The resulted
features are pooled, concatenated, and passed through a
lightweight fully-connected network, which generates a
quality score normalized by a sigmoid function. We train
the model in a Siamese fashion [8] with a hinge loss be-
tween the two stereo pairs using the participants’ prefer-
ences as ground truth. To enable information flow between
the 2D backbones of each image in the stereo pair we pass
information between the attention modules of the pretrained
backbones.

We conduct several ablations presented in Table 2. We
report total mean accuracy, as well as on subsets with unan-
imous (5-0), majority (4-1) and ambiguous (3-2) annota-
tions. We consider several backbone features, such as those
extracted from foundation models like DINOv2 [60] and
CLIP [68], and also backbones with task specific knowledge
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Model Mean Accuracy
Ablation type Resolution Backbone Attention Fusion [Layers] LoRA 3–2 Split 4–1 Split 5–0 Split Total

Image Resolution 224 → 224 DINOv2 S/14 [60] Concat [2, 5, 8, 11] ↭ 60.4 68.4 83.5 70.8

Backbone

1280 → 720 CLIP L/14 [68] Concat [2, 5, 8, 11] ↭ 59.5 66.7 78.2 68.2
1280 → 720 OpenCLIP L/14 [30] Concat [2, 5, 8, 11] ↭ 61.4 68.1 78.4 69.3
1280 → 720 Croco [92] Unmodified Dec. 59.0 67.5 80.1 69.0
1280 → 720 StereoQA-Net [104] – – 62.5 64.6 77.3 68.1

Attention
Module

1280 → 720 DINOv2 S/14 Swap [2, 5, 8, 11] ↭ 62.6 72.2 83.6 73.0
1280 → 720 DINOv2 S/14 Concat [0 ↓ 11] ↭ 61.7 69.3 84.4 71.8
1280 → 720 DINOv2 S/14 Concat [11] ↭ 60.2 72.1 83.9 72.2
1280 → 720 DINOv2 S/14 Unmodified ↭ 60.6 71.7 82.6 71.9

Optimization 1280 → 720 DINOv2 S/14 Concat [2, 5, 8, 11] – 60.4 68.7 82.2 70.5

iSQoE (Ours) 1280 → 720 DINOv2 S/14 Concat [2, 5, 8, 11] ↭ 62.1 72.0 84.8 73.1

Table 2. Model ablations. Our chosen variant performs the best on the entire test set as well as the 5-0 uniform split, with the other
attention fusion variants being close.

like Croco [92] which was trained for Novel View Synthesis
and StereoQA-Net [104] trained for SIQA. We found DI-
NOv2 to yield the best results, with Croco not falling much
behind, indicating 2D image understanding is important for
SQoE. Similar to DreamSim we found that finetuning DI-
NOv2 with LoRA yields an additional improvement.

Furthermore, we examine early information fusion be-
tween the 2D image backbones by manipulating the atten-
tion layers in the feature extractors, to enable information
sharing within the left and right parts of the stereo im-
age. We considered two fusion strategies: (i) swapping
the keys and values between left and right images and (ii)
concatenating the keys and values from left and right im-
ages. Queries are kept in place in both methods. Inspired
by Croco [91] we examined fusion on all layers [0-11], last
layer [11], and alternating fusing and non-fusing layers [2,
5, 8, 11]. We found concatenating fusion on alternating
layers to perform best, and all fusion forms to perform bet-
ter than no fusion at all. Intuitively, this could imply shar-
ing information across left and right images is beneficial for
stereo understanding.

4. Results & Analysis

4.1. Performance on the SCOPE Dataset
We benchmark several models on SCOPE in Figure 4.
We consider the known IQA metrics BRISQUE [56],
MANIQA [95], CLIP-IQA [86] and Q-Align [93]. For each
stereo image we calculate the IQA score for the left and
right views individually and use their mean as the score
for the entire stereo image. We also consider StereoQA-
Net [104], an existing NR-SIQA model, based on a CNN
[42, 44] architecture and trained on the LIVE 3D Phase I
dataset [57]. Further comparisons are limited due to avail-
ability of code or pretrained models.

Figure 4. Test accuracy on SCOPE. We report the mean and stan-
dard deviation of the unanimous cases in the test set over several
splits. Our model outperforms the other SIQA and IQA models.

We partition the dataset into train, validation, and test
subsets several times. When evaluating model performance,
we report the accuracy specifically on the subset of the
test data that has unanimous human annotations. These
unanimously-annotated examples are likely to contain the
least amount of annotation noise and represent the most
cognitively impenetrable cases [11, 79]. Figure 4 shows
our model successfully outperforms the other methods by
a margin. Moreover, we find that MANIQA performs best
within the IQA metrics, corroborating results from Zhu et
al. [106]. Additional information is available in Sections 8
and 9 of the SM.
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Figure 5. Progressive degradation evaluation. We report model scores on 200 stereo images for six different distortions. The gray
regions indicate the distortion intensity used in SCOPE. Stereo images (a) – (d), presented as anaglyphs, exhibit progressive downscaling
and are represented by stars.

4.2. How do models respond to unseen distortions
with varying strengths?

In Figure 5 we apply a series of degradations to stereo im-
ages with increasing severity and evaluate the distorted im-
ages using different models. The selected distortions may
effect quality, comfort, and depth perception in VR. We also
include downscaling, a distortion absent from SCOPE. We
find that in all cases our model is able to extrapolate, behav-
ing monotonically for a wider distortion range than it was
trained on. We observe that MANIQA [95] frequently rates
an image as higher quality the more degraded it becomes,
once an initial threshold is passed. StereoQA-Net [104]
generally maintains monotonic behavior, however it tends
to plateau quickly. Contrastingly, our model exhibits mostly
monotonic behavior and a larger dynamic range, with gaus-
sian noise being the primary exception.

4.3. How do viewing mediums influence stereo 3D
perception?

The underlying assumption that led us to collect annotations
for SCOPE on VR, rather than a 2D screen, is that there
is limited correlation between 2D perception of stereo im-
ages and their perception on VR devices. In Figure 6 we
validate this hypothesis by randomly selecting 50 samples
from SCOPE and having 10 participants repeatedly anno-
tate them using different mediums: Apple Vision Pro, Meta
Quest Pro, anaglyph images, and toggling between the left
and right images on a monitor. We compute Cohen’s kappa
coefficient for each participant’s responses across different
mediums, then average these values across participants.

Evidently, the correlation between VR devices (Meta
Quest Pro, Apple Vision Pro) and non-VR devices
(anaglyph, toggle) is quite low. Therefore, these simpli-
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Figure 6. Viewing medium comparison. We measure the correla-
tion between human preferences across viewing mediums by cal-
culating Cohen’s kappa coefficient averaged across participants.

fied setups do not effectively reflect user experience on VR
headsets, and thus are less suitable for SQoE data annota-
tion. On the other hand, human preferences on Apple Vision
Pro and Meta Quest Pro are have non-negligible correlation,
which is a positive indication for the SCOPE’s generaliza-
tion across VR devices. In addition, we find that there is
nontrivial agreement between participants across any spe-
cific viewing medium, as shown in Figure 13 in the SM.
Notably, due to the cognitively penetrable nature of some
examples in our dataset, perfect correlation would not be ex-
pected even for responses from the same user on the same
device across two separate annotation sessions. See Sec-
tion 10 of the SM for more details.

4.4. Do models & humans evaluate off-the-shelf
stereo generators similarly?

To assess our model’s practicality for real use cases, we
correlate human opinion with model ranking on off-the-
shelf mono-to-stereo conversion techniques (see Figure 7):
Depthify.ai [18], Immersity AI [31], and Owl3D [61]. We
applied these to 30 monoscopic images from the Spring
dataset [52], with the main resulting artifacts being inaccu-
rate depth, flawed inpainting, and jagged foreground edges.
Importantly, our model did not see any images from Spring
during training, and its animated artistic style is out of
SCOPE’s distribution.

We conduct a user study using the Apple Vision Pro
headset with 10 participants, asking them to select their
preferred stereo image from the three options generated for
each original image. To minimize bias, we randomize both
the order of the stereo image triplets and the arrangement of
images within each triplet for every participant. Our find-
ings indicate that participants generally favored the stereo
images produced by Immersity AI, followed by Owl3D.

Figure 7. Alignment of stereo image preference between our
participants and models. We calculate the agreement in two dif-
ferent ways. (i) Majority, where the model receives a binary score
based on agreement with the majority human vote. (ii) Propor-
tional, in which the model score is proportional to the fraction of
human votes for its preferred image.

Subsequently, we compare the alignment of user prefer-
ences with the assessments from MANIQA [95] - the top-
performing IQA method, Stereo-IQA [104], and our pro-
posed model. Figure 7 exhibits our model has the highest
correlation with human opinion. More information about
this study appears in Section 11 of the SM.

5. Discussion
A major challenge in SQoE evaluation is the scarcity of an-
notated data. To address this, we curated a large dataset and
developed a novel SQoE predictor to capture stereoscopic
quality nuances. We validated its effectiveness by compar-
ing novel-view synthesis methods, demonstrating superior
alignment with human preference over existing methods.

However, our work has some inherent limitations,
mainly resulting from our data being sourced from few ex-
isting sources. 41% of our stereo images originate from
the Holopix50k-HD [29] dataset and are distorted with a
non-NVS distortion. This dataset was primarily captured
using the RED Hydrogen One smartphone, which limits
the horizontal disparity between the left and right images
and affects depth perception. Moreover, our NVS subset is
comprised of 400 images taken from only 13 scenes. Fur-
thermore, our model inherits certain limitations from DI-
NOv2 [60], which we chose as our backbone.

Despite these limitations, we believe that our work rep-
resents a significant step forward in SQoE evaluation. As
stereoscopic content increases in prevalence, robust auto-
mated assessment is increasingly essential. We hope that
our contributions lay the groundwork for more sophisticated
and accurate evaluation methods.
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