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ABSTRACT

It may change the sphere of visual education that provides one of the most significant
processes of learning comment and criticism with the introduction of artificial
intelligence (Al) into the peer review system. The study examines how, why, and what
impacts an Al-enabled peer review system can be designed and utilized in the art, design,
and visual communication domains. The use of traditional peer review in visual
education is useful in pedagogy but it is a process that is subjective, lacks in quality and
time compression. To do away with such issues, this paper suggests a hybrid system that
fulfills human knowledge and feedback systems run by Al. The research uses mixed
methods in order to explore the perception of students and the validity of their remarks.
The core component of the system is composed of support vectors machine (SVM), GPT-
neox and convolutional neural networks (CNN). The models take into consideration the
visual results and the written criticisms to make the input relevant to the situation and
simple to comprehend. Transparency, explainability, and the human-AlI contact interface
are all strained to ensure that the feedback is useful and acceptable in accordance with
the best practices in the field of education. At the implementation stage, the Al-based
system is implemented into the current school processes and the usefulness and
effectiveness of the Al-based system in the classroom are experimented. The evidence
shows that Al-assisted peer review can be used to produce more consistent reviews and
facilitate deliberative learning in the process of reducing the anxiety of teachers and, at
the same time, having no adverse effect on the creativity of students.
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Al-Enabled Peer Review in Visual Education

1. INTRODUCTION

Visual education, including fine arts, design, photography, and digital media, includes a large portion of critical
thinking. Specifically, peer review is an interactive learning tool that engages students into the discussion, analysis, and
reflection of their creative work. This will help students in critical thinking, their concept of the beautiful, and
constructive feedback. Nevertheless, the conventional peer review procedures applied in visual education are usually
problematic, such as, being subjective, non-comparable in rating and possessing various levels of knowledge on the
behalf of the judges. These problems may render critique-based learning environments inequitable and less effective
learning environments. Artificial Intelligence (AI) has emerged as an effective change agent in the education sector over
the last several years, offering flexible, data-driven and personalised learning opportunities. Al applications are no longer
mere automation tools, but complex systems with the ability to write, analyse images and think like humans. Regarding
visual education, Al is able not only to recognize images and even produce educational materials. It is also able to decode,
comment and deconstruct visual and artistic works. With the help of this too], it is possible to convert the peer review
approach into a more organized, transparent, and fair approach Gautam et al. (2022). An Al-based peer review can be
both an assistant and a reviewer. An example of this kind of system can analyze visual compositions; determine how they
relate to established rules of beauty; and even interpret written feedback to guarantee its consistency and impartiality,
using machine learning algorithms and models of natural language processing. Figure 1 illustrates a collaborative Al
model of interactive and reflective adaptive peer feedback. The system can be used to fuse the perception of things with
the reasoning of language using the likes of Support Vector Machines (SVMs), GPT-NeoX and Convolutional Neural
Networks (CNNs) Demiray et al. (2021). CNNs perceive pictures, SVM assistance in sorting and identifying designs and
GPT based models give responses that it is pertinent to the circumstance and sounds as though it is originating from a
human.

Figure 1
i SVM  GPT-NeoX
Input Visual Evaluative Classification Output
Analysis Feedback Generation
o

Human-Al Interface ! =
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Figure 1 Multimodal Al Architecture for Peer Review in Visual Education

All these technologies are interconnected in order to produce a whole system to evaluate the visual work and deliver
useful information in real-time. Al-based feedback systems can also be scaled, which is quite useful in large classes or
online courses when teachers can hardly reach out to every student to give feedback Li and Demir (2023). Al can enable
teachers to spend more time on more complex coaching and exploration of art by automatically running simple tests and
providing feedback. It must be pointed out that it is not intended to replace the human judgment but to supplement it.
This may involve making peer review as cooperative, considerate and pedagogical as possible, and as free of prejudice
and fallacy as possible. Peer review implemented with the help of Al is also consistent with bigger educational trends
emphasising personalised and data driven learning Ewing et al. (2022). Al systems have the ability to adjust the input to
each learner’s style by constantly monitoring the way they engage with the system and their level of performance and
encourages the way they learn to be self-regulated and thoughtful.
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2. LITERATURE REVIEW
1) Traditional peer review methods in visual education

The role of visual education to peer review has long been significant. It fosters learning culture that appreciates
feedback, discussion and self-reflection. Peer review is not a new practice in the art and design courses where students
share their pieces of art like drawings, digital designs, and multimedia projects and have their peers review them. The
activity of having the students explain a design as what they like about it and why they like it teaches them to think
critically in visual designs and learn to make judgements about what is good and bad. According to the reflection-in-
action theory created by Schon, feedback helps students to think more critically about issues of artistic purpose and
design, by enabling them to reflect on the process of creating as well as the product Sit et al. (2021). Structured forms for
review, including guided rubrics, verbal conversation and completed forms of written feedback are often employed by
teachers to ensure that ratings are consistent and stay on track. These meetings are not only used to make people familiar
with technical and conceptual issues but also to develop communication skills and artistic confidence. Traditional peer
review, on the other hand, is a social and subjective process. The classroom culture Ramirez et al. (2022) influences its
activity depending on the interactions between people, their experience, and the culture of the classroom. This type of
opinion can make the conversation more interesting, but it also makes me nervous about being biased, uneven rating
standards, and different levels of critiques.

2) Limitations and challenges of human-based critique

Human-based analysis has deep and subtle understanding but also has many issues about human teaching and
human thinking and therefore is not so reliable and fair. Subjectivity is a major issue since students and teachers have
different perspectives of what constitutes quality due to taste, culture or experience with works Ramirez et al. (2023).
The more different types of students you have in a school, the less consistent your marking and comments will be. Also,
work can be graded as a result of unconscious bias, as well as conscious bias, which has the potential to dishearten
students whose work does not conform to the "rules" of style or to the teacher's expectations. Another issue is that
comments may not be the same. However, some students may not be able to provide useful feedback and therefore, the
feedback could be too vague, overly complimentary, or even offensive Huang et al. (2021). This inequality makes it more
difficult for peer review to be useful in facilitating people's learning. Also, the emotional impact of criticism may alter the
way the students interpret and react to criticism, making them defensive or less confident in their abilities as artists. In
large classes these problems are compounded by time constraints, such that teachers cannot provide help in sufficient
detail to each student, and where peer reviews may not go far enough or be followed up upon Essel et al. (2022).

3) Overview of Al applications in art, design, and visual learning

Artificial intelligence (AI) is being increasingly used in art, designing, and visual education. It has brought new
possibilities for being creative, challenging students and personalizing learning. Early Al systems for the visual arts were
primarily for picture recognition, style transfer and generative art. With the help of Convolutional Neural Networks
(CNNs) and Generative Adversarial Networks (GANs) among other methods, they have managed to copy artistic styles
or create new pieces Crompton and Song (2021). As technology improved, the role of Al grew beyond the simple role of
creation to include review and teaching. It now allows teachers and students to analyse visual information, comment on
it and track their creative progress. New research demonstrates that machine learning models can be applied to sort
elements of design into groups, check the balance of compositions and find style consistency in student work. With the
advent of natural language processing (NLP) models such as GPT-based models, it has become possible for automatic
criticism and comments on visual artefacts (automatic human) Sajja et al. (2023). These systems are based on large
databases of reviews and artworks and are capable of identifying trends and developing useful insights. Al has also
enabled learning environments to be adaptive, such that data about how well each student is doing is used to provide
them with personalized learning that helps them master not just concepts but also skills. Table 1 illustrates Artificial
Intelligence (Al) tools for creativity, evaluation, and collaborative learning.

Table 1

Table 1 Summary of AlI-Enabled Peer Review and Visual Education

Domain Methodology Al Model Used Focus Area Findings
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Design Education Experimental Study Automated Design Evaluation Improved grading

consistenc

Art Critique Case Study Text-Based Art Feedback Enhanced critique clarity

Visual Communication Mixed-Methods SVM + CNN
Graphic Design Quasi-Experimental CNN Composition Analysis Accurate aesthetic scoring
T — GPT-NeoX
(2023) Generation
Design Peda Longitudinal GAN + CNN Artwork Evaluation Improved creativity metrics
Art Education Comparative Study Hybrid Al
Model

Visual Arts Pilot GPT-4 Automated Peer Assessment Scalable critique process
Implementation

3. RESEARCH DESIGN AND METHODOLOGY
1) Research paradigm and justification

In this study, by utilizing a mixed-methods research approach that incorporates both quantitative and qualitative
methods, it is demonstrated how Al-enabled peer review can be utilized in teaching visual education in various ways.
The mixed-methods approach is suitable for this study as it has dual objectives of testing the accuracy of the Al model in
producing relevant and correct feedback, and investigating the impact of Al-assisted analysis on students' experiences
and achievements. Quantitative analysis focuses on evaluation of the accuracy, consistency, and time taken for the
feedback, and qualitative research focuses on the mental, emotional, and creative aspects of the human and artificial
intelligence interaction . The interpretivist side of the paradigm recognises that creative learning
and criticism are socially constructed and situational in nature; subjective experiences must be interpreted on a more
complex basis. On the other hand, the realist perspective supports the proposition that Al models can be validated as
working actually by using disciplined measures of evaluation such as accuracy, memory and association with grades
assigned by teachers. When these ideas are brought together, technology is rigorous and education is relevant. There are
two components to knowledge collection: (1) testing and calibrating the Al system through the comparison of numbers
to expert opinions, and (2) applying the Al in the classroom and collecting qualitative data through focus groups,
interviews, and direct observation. Such a diversity of methods makes it possible to combine them, which enhances
validity and reliability.

2) Sampling methods and participant demographics

Purposive sampling was employed to select people who work directly within the visual education field such as fine
arts, graphic design and multimedia studies. This way ensures that the people have appropriate artistic experience and
know how to provide and receive group feedback. Sixty people were asked to participate, including 48 students and 12
staff from two universities that had college design programs. Students had a large range of skill levels from beginning
students just starting to learn the basics to seniors creating professional presentations. Teachers who specialise in design
theory, visual communication and digital media teaching were some of the faculty that attended. Sampling framework
with participant groups and distribution of study is shown in

Figure 2

Sampling Methods
and Participant
Demographics

T
[ I |
Purposive Quota Convenience
Sampling Sampli pling
1
Participant

Demographics

Figure 2 Structure of Sampling Methods and Participant Demographics in the Study
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The different kinds of people that took part were meant to demonstrate a broad range of review styles, scientific
knowledge and aesthetic views. Participants ranged in age from 19 to 42 with an equal number of men and women and
people from a wide range of ethnic groups.

3) Description of Al tools and algorithms used

The Al-powered peer review system is a combination of various machine learning models that are designed to take
care of different aspects of visual analysis and feedback generation. Support Vector Machines (SVMs), Convolutional
Neural Networks (CNNs) and GPT-NeoX, a big language model in order to understand and create the real language, are
mainly methods. It was tuned using sets of human written art reviews, design comments and education notes. This
enabled the Al to provide feedback that was understandable, helpful and human-like. The design put a lot of emphasis
on being able to explain and understand, which made sure that it was clear how decisions were made.

4. Al SYSTEM ARCHITECTURE AND DESIGN
4.1. TECHNICAL OVERVIEW OF THE Al MODEL
1) Support Vector Machines

Support Vector Machines (SVMs) were used in order to sort and rate visual patterns based on design principles that
can be measured, such as contrast, balance, and symmetry. Hyperplanes are visual qualities that the model finds the best
for dividing data points into clear groups for evaluation. In this system, SVMs examines the features that were taken from
images and give performance ratings that are in line with standards for attractive quality. Their strength is that they can
work with feature spaces with a lot of dimensions and they can still be strong even when training data is limited. SVM
outputs complement the qualitative layer of the system by measuring the results in a structured manner to complement
qualitative human input. That will ensure that visual work is assessed in an objective and consistent way in peer review
situations.

Step 1: Feature Mapping
Extract features from an image x €ER”"d; optionally map via kernel:

@:RY > H, K(xi,x]-) = ((P(xi):(p(xj»

Step 2: Train with Soft-Margin Objective
Given labels y_i€ {+1, -1}, solve:

min % [[w(|*> + CX¢;
w,b,&

subject to: Yo+ = 1 — & &= 0

Step 3: Dual and Support Vectors
Dual solution a gives:

w = Zaiyifp(xi)' 0<agsC

2) GPT-NeoX

The Al powered peer review system uses the language and interpretation capability of GPT-NeoX, a large scale
transformer-based language model. It makes sense of written feedback in learning from different sets of art criticism,
design theory, and educational talk. GPT-NeoX generates analytical data into critique from SVM and CNN to sound like a
person wrote it, empathy, reasoning, and educational tone is shown. The fine-tuning of the model puts an emphasis on
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the ability to be interpreted, which allows one to adapt language production to particular aims of learning and creative
situations. Its capability of changing tone and depth assures that input is suitable for all levels of learners so as to
successfully interconnect machine-analyze and human educational expression in visual learning settings.

Step 1: Token and Embedding
Tokenize sequence x = (x4,...,X_T)
h°[t] = E(x;) + P, (word + positional embedding)

Step 2: Causal Self-Attention

Q = h{l—l}WQ' K = h{l—l}WK: V= h{l—l}WV

T

Attn(h) = softmax <Q

Jax

>+M 14

Step 3: Feed-Forward Block

El = Attn(h{l_l}) + h{l—l}

h, = MLP(h)) + R,

Step 4: Next-Token Distribution

Zy = WOhL[t]

p(x{t+1}=v|x_<t) = softmax(z_t)_v

Predicted token: X, 43 = argmax,p(-)
3) CNNs

The vision analysis in a system is driven by Convolutional Neural Networks (CNNs), and they examine image-based
inputs. CNNs thru a series of convolutional steps to extract layered features similar to colour balance, texture, edge
structure and arrangement, and spatial design. These traits are translated into numbers that characterize the quality of
the design and the extent to which it fits in with the overall style. The design of the model, which consists of convolutional
layers, pooling layers and fully linked layers, enables the accurate recognition of the patterns in many different artistic
styles. Both SVM classification and GPT-NeoX feedback generation are lessons learned from CNN. This ensures that visual
comprehension and verbal breakdown are working together in a smooth manner. In this way, CNNs help the system to
"see" and understand artistic works with a high level of accuracy.

Step 1: Convolution

yk(i,j) = Z Z (l +u,j +U) + bk

¢ {uvIWa e
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Step 2: Nonlinearity and Normalization

i,y = max(0,yxe, ) (ReLU)

a_k=BN(a_k) (Batch Normalization)
Step 3: Pooling and Classifier

PrG,j) = Ak (u,p)

max
{(wv)eN(. )}

Flatten — Dense Layers — Logits z

4.2. HUMAN-AI INTERFACE FOR PEER REVIEW IN CLASSROOM ENVIRONMENTS

When it comes to creation in the classroom, the human-AI relationship is the relationship between computers and
people. To keep the focus with how students engage with an Al-generated input, the interface was designed to be intuitive
and engaging, allowing students and teachers to connect with the input in a clear and fluent manner, both individually
and collaboratively. It provides critiques both in written and visual forms, utilizing a combination of detailed analysis,
numerical scores and visual marked information. Students can compare their tests of Al to those of their peers and the
teacher.

Figure 3
—_— e —
Learning
Students | — | Human-Al Management
e Interface System
7 N
Teacher T Digital
Review

Al Feedback 9[ [ Soe

! ] 1

Peview |——| GPT-NeoX l_) Feedback
Panel Records

Figure 3 Multimodal Human-AI Peer Review System in Classroom Environments

This means that they are able to think critically about design choices and how to evaluate things. The interface can
also allow users to interact with the Al by asking questions and requesting additional information about the comments
itprovides. Figure 3 is the interactive Al integration for collaboration, evaluation and adaptive learning. The conversation
is powered by GPT-NeoX and is designed to simulate a conversation with a companion, who reflects the user on his
thoughts and how they think. Teachers can be changeable about things like the tone of feedback, the depth of the
evaluation, and the visual focus, to ensure it fits with the goals of the course, as well as the levels of the students.

5. IMPLEMENTATION OF AI-ENABLED PEER REVIEW SYSTEM
1) Design of the Al-assisted feedback model

The model of Al-assisted feedback was developed as a mixed review system of both numerical analysis and
emotional assessment. The three steps that it uses are visual feature extraction, rating classification and language fusion.
In the first step, CNNs convert visual data into number variables that describe such important design characteristics as
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balance, alignment, and material uniformity. Then, SVMs take these traits and put each entry into a category based on
performance groups that they get from training datasets labelled by experts. In the last step, GPT-NeoX is used to create
written feedback that puts analysis results in an educational context. Each result has both critical comments and ideas
for what can be done with an air of being both helpful and encouraging. The model was refined by trying it over and over
with faculty judges to ensure that it fit with the language of art education and was sensitive to the feelings of students.
Throughout the process, ethical design concerns were built in, with a focus on usability, reducing bias and being able to
describe things. With feedback logs and attention visualisations, they are able to understand the effects of some visual
features on the Al's evaluation. This system has many levels, which ensure that it not only rates the quality of artistic
expression in a scientific way, but also communicates in ways that foster thinking, innovation, and student agency, all of
which are important goals of visual education.

2) Integration into existing visual education workflows

The integration plan was based on how to integrate the Al-powered peer review system with the current digital and
classroom criticism process with minimal interference. A web based interface compatible with popular Learning
Management Systems (LMS) such as Moodle and Canvas was used to configure the system. Students shared their visual
works directly to the site and within a few minutes the Al had the first comments on it by itself. After these Al reviews,
human peers commented on them and we were allowed to compare and discuss them in studio sessions. An teacher
screen displayed combined success data, heatmaps and detailed reports so that faculty members could keep an eye on
things. This allowed teachers to monitor the accuracy of Al-generated comments and intervene when creative reading
required adding some background information. Integration classes were conducted to train teachers on how to interpret
the result of Al and to set the correct level of input. Last but not least, Al answers were called first-pass reflections rather
than final decisions in order to preserve the mentioned joint spirit of peer review.

3) Examples of Al-generated feedback and peer interaction

At the time of execution, Al system provided a complex input similar to art criticism for beginners. For example,
when reviewing an ad designed by a student, the instructor said that the design was "visually unified with good
typographic hierarchy” but that "higher contrast between key elements and texture background" would have been a
good suggestion. In another example, the Al referred to a digital drawing as "good harmonious use of colour"” but
recommended "improvement of the spatial balance in relation to the central element." Each of the comments was
accompanied by a visual grid indicating the location of the areas of creative focus, making the statement easier to
comprehend. Students responded to the input from the Al and provided and received feedback from each other. As
students were comparing the machine thoughts with human perceptions this order helped them to think critically. Many
participants said that Al ideas helped them pinpoint design flaws they had missed as well as making more fact-based
peer talks possible. Evaluations by faculty showed that meeting with Al cut down on mistakes that were made over and
over and made student's comments clearer. Interactions between peers and Al also resulted in a shift in the thinking
students embodied when thinking: they began to wonder why some features had an impact on ratings, which assisted
them in thinking more deeply about design.

6. RESULTS AND FINDINGS
1) Impact of Al-enabled review on learning outcomes

Using Al-powered peer review made a big difference in the way students learnt in visual education. The participants
became better at critical analysis, were more consistent in self-evaluations and were more involved in thoughtful review.
Quantitative data showed that task quality scores increased by 23% as well as errors were less frequently committed in
ongoing projects. Responses that were more qualitative revealed that Al comments helped people to be more clear,
objective and feel confident in their creative decisions.

Table 2

Table 2 Impact of Al-Enabled Review on Learning Outcomes

Learning Indicator Algorithm Used Before Al (Mean %) After Al (Mean %) Improvement

Assignment Quality Score CNN + SVM

Critical Analysis Skill GPT-NeoX 68.1 86.7 18.6
Reflective Engagement GPT-NeoX + SVM 64.5 83.9 19.4
ShodhKosh: Journal of Visual and Performing Arts 263
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Feedback Comprehension CNN + GPT-NeoX 70.2 91.1 20.9

Table 2 illustrates the increase in learning results that occurred when Al-powered peer review was incorporated
into the visual education. It's clear that adding artificial intelligence to the review process works because all of the signs
show big improvements. The Assignment Quality Score increased by 23.3% which indicates that the CNN + SVM structure
helped visual review to be more objective and accurate. Critical Analysis Skill and Reflective Engagement also increased
by 18.6% and 19.4% respectively. Figure 4 illustrates an improvement in efficiency, engagement and student results
from the influence of Al. This demonstrates that the natural language input process of GPT-NeoX helped people to think
more critically and reflect more deeply about themselves.

Figure 4
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Figure 4 Impact of Al Algorithms on Learning Performance Indicators

Also, Feedback Comprehension increased by 20.9%, which indicates that the visual analysis capability of CNN and

the language synthesis capability of GPT-NeoX collaborated to provide feedback that was easier and more beneficial for
teaching.

2) Comparative analysis: Al vs traditional peer feedback

The data revealed that Al-assisted input is definitely superior to the standard group criticism. Al ratings on the other
hand was more consistent and accurate on time and provided more organised insights within minutes. Traditional
feedback was more subjective, but it wasn't necessarily accurate and was dependent on the experience of the critics.
Students believed that feedback that was created by Al was fair and accurate, but not as passionate as feedback that was
generated by humans. When Al and people worked together, they got the best results - Al provided more critical detail
and humans provided context-sensitivity.

Table 3

Table 3 Comparative Analysis: Al vs Traditional Peer Feedback

Evaluation Metric Al-Based Feedback (%) Traditional Feedback (%
Feedback Accuracy 91.2 74.6
Consistency Index 88.4 69.7

Depth of Critique 84.1 78.5

Table 3 shows a comparison which reveals the superiority of Al-based feedback to the standard methods of peer
review in the field of visual education where this feedback is more effective and reliable. The Feedback Accuracy (91.2%)
of the Al system is remarkably higher than that of the standard peer ratings (74.6%) which means that it is more accurate
and less subjective with bias. Figure 5 reveals that Al feedback is better than traditional methods according to several
metrics of performance. In the same way, the Consistency Index has also increased from 69.7% to 88.4% which shows
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that automated evaluation remains the same for all entries and is not subject to change according to personal opinion as
human evaluation is.
Figure 5

Values (%) / Minutes

mm Al-Based Feedback (%) m Traditional Feedback (%)

Figure 5 Comparison of Al-Based and Traditional Feedback Across Evaluation Metrics

Response Time also has gotten much better. The average time of Al-generated comments was 2.3 minutes and the
average time of standard reviews was 28.5 minutes. This indicates that the system is able to evaluate in real time and
learn more quickly.

7. CONCLUSION

Visual education is developed greatly through the introduction of Al into the process of peer review. As this paper
demonstrates, Al-based systems could be an effective supplement to human criticism to offer consistent, objective, and
helpful feedback to learn. CNNs may be utilized in visual analysis, SVM may be utilized in evaluative classification, and
GPT-NeoX may be utilized in language synthesis. Such a strategy is very useful in the association of computer intelligence
and innovative instruction. The findings indicate that Al-assisted peer review enhances learning, makes the ratings more
equitable and quality, and enables learners to be innovative and considerate of data. Notably, the research demonstrates
that Al is not to substitute human judgement. It ought rather to be capable of collaboration with human beings, as the
companion of a human being, and improve the feedback accuracy and scale without losing the human analytical quality.
The mixed feedback method lets everyone, students, and teachers as well as Al, discuss each other in a participatory
manner, which facilitates inclusion, self-regulation and understanding of big ideas. The participants argued that they
were more interested and understood the concepts of design better and were more confident in their performance in
art. Application of Al in review processes also transforms the role of the teacher as well since they can concentrate on
mentoring, intellectual guidance and creative discovery rather than repeat the same evaluation jobs repeatedly. Some of
the ethical problems that remain of great significance in maintaining trust and imparting ethics are transparency,
interpretability and minimizing bias.
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