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Abstract

One of the most fascinating aspects of the merger between vision and language
Artificial Intelligence is how to create human faces from textual data. This is one of
the most challenging tasks in the field. The current state of the art in the field of text
to facial generation is reviewed in this paper. From the first GANs to the most recent
diffusions and transformers, we describe how and why the models use textual data
to create faces, and what attributes and characteristics affect their output including
informativeness of text, quality of the data-set, operational inefficiency, and
dis/semantic gaps. We describe the bounding industry applications of the
technology, including forensic facial reconstruction, security, entertainment,
healthcare, and the arts, and we identify both potential and limitations of the
technology. The technology is also applied to various fields and several ethics have
been mentioned including the lack of human centered methodologies in assessing
the data. We describe the most recent progress, the challenges faced in the field and
the directions the field might take in the near future, and we present our efforts to
ensure the ethical multi-faceted use of the technology. The review also describes in
great detail the lack of ethical and evaluative methodologies in examining the
potential of such systems. We present the review from this perspective in the hopes
of providing the field with more rational and human use of such systems. This review
distinguishes itself from prior works that focus on a single model or application. It
provides an organized comparative summary of major text-to-face generation
models — GANS, diffusion models, transformers — that have been assessed in the
literature on dimensions of image fidelity, semantic coherence, efficiency, and
ethics. It aims to help researchers pinpoint neglected areas in the field, understand
model trade-offs, and formulate new avenues of research in this dynamic field.
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Introduction

Text-to-image face generation, a branch of

text-to-image conversion, has attracted

significant interest recently due to its potential
applications in several fields, such as security,

forensics, entertainment, and healthcare [1],

[2], [3]. This review paper provides a

structured comparative overview of the

present state of text-based face generation
using textual descriptions, with particular
emphasis on forensic applicability and
evaluation methodology. Three primary
generative paradigms are examined in this
review: Generative Adversarial Networks

(GANs), which employ a generator-

discriminator framework to produce realistic

images through adversarial training [4];

diffusion-based models, which learn to

reconstruct images by reversing a noise
corruption process [5]; and transformer-based
models, which leverage self-attention
mechanisms to enhance semantic alignment
between text and generated faces [6]. There
are many challenges and limitations in
generating faces from text descriptions, such
as incomplete or ambiguous textual
descriptions, limited dataset diversity, and
insufficient realism in forensic contexts. For
example, Bayoumi et al. [7] showed text
clarity influences how accurately facial
features are constructed, and Bosheah and

Bilicki [8] pointed out that most

contemporary models have difficulty with

particular descriptive inputs. In criminal
investigations [9], [10] , the absence of

annotated forensic datasets continues to be a

barrier to practical implementation.

This review examines the following principal

research questions:

1. How could Generative Adversarial
Networks (GANs) be utilized to turn
written descriptions of people who are
wanted for crimes into genuine human
faces?
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2. What are the best ways to preprocess and
embed text to acquire descriptive
information from witness testimony that
can help make realistic faces?

3. How can forensic experts and numerical
evaluation metrics be used to assess the
authenticity of generated faces when
compared to real suspects?

4. What are the main challenges that come up
when you try to match language features
with visible facial traits?

5. How does the suggested GAN model
compare to other models that turn texts into
faces?

The organization of the paper

» Part 2: A look at the history and theory
behind generative models, such as GANS,
VAEs, and diffusion models, as well as
overviews of datasets [7] ,[11]

* Part 3: A look at different models for text-
to-face generation, such as early GAN-
based methods, more advanced diffusion
and transformer-based methods, and a
comparison of performance measures [3],
(71, [12], [11], [13].

e Part 4: Discuss the applications in security,
entertainment, healthcare, and creative
domains [1], [2], [14].

» Part 5: Issues and limitations of current
methodologies, emphasizing text quality,
semantic accuracy, and computational
efficiency [6], [7], [8].

e Part 6: Future study directions,
encompassing potential enhancements in
text preparation, multimodal alignment, and
dataset augmentation [6],[7], [8]

» Part 7: Conclusion that summarizes the
findings and highlights significant areas for
further investigation.

1. Background and Foundations

The integration of textual description and
visual data is important and one of the modern
tasks in the field of artificial intelligence and
computer vision [1]. In addition, generating
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images using textual description has the
potential to change the ways of perceiving
and interacting with visual data. Competitive
generative networks, which were introduced
in 2014, consist of two main sub-models: the
generator and the discriminator [4]. The
generator's role is to create fake images, while
the discriminator's role is to distinguish
between images as to whether they are real or
fake. Many models based on GANs have been
developed to address the previous gaps and
have begun to be used in many different
fields, including creating more realistic
images and cartoon characters, increasing
accuracy, and converting images to text and
vice versa[4]. Recently, diffusion models
have been considered a subset of deep
generative models, due to the important
results they have shown that surpass
competitive generative network models [15].
Diffusion models have proven successful in
generating images with high accuracy, as well
as in coloring, editing, and translation. The
diffusion model generates a Markov chain of
diffusion steps. Stable diffusion utilizes a
latent diffusion model architecture where
VAE, U-Net, and the text encoder operate in
a low-dimensional latent space, significantly
reducing processing requirements compared
to pixel-based diffusion models [15].
Transformer models such as BERT, GPT, and
XLNet provide new opportunities for
generating images from text. XLNet uses a
transformer architecture and an attention
mechanism to encode input data by predicting
the symbol based on all other symbols in the
sequence, allowing complex data
dependencies to be taken into account [1].
The attention mechanisms in stable diffusion
models enable the model to adaptively focus
on different parts of the input data and
enhance the expression of important features.
Cross-media attention allows each word in the
text to interact with a region in the image, thus
ensuring that the resulting content matches
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the input text description, while self-attention
captures the dependencies between image
regions, thus ensuring structural coherence
and image content consistency [1].

2.1 Generative Models Overview:
GANs «VAEs Diffusion Models.

Almost all text-to-face synthesis relies on the
generative model. Among the classic neural
networks, Generative Adversarial Networks
(GANs) consist of a generator and a
discriminator that compete to create
incredibly realistic images [7], [3], [11]. On
the other hand, images created from the
Variational Autoencoder (VAE) models tend
to be less realistic than products of a GAN.
Recently, the diffusion-based algorithms have
gained popularity due to their proficiency in
transforming noise to create a variety of
complex images, especially images of faces,
as used in the detailed work required [12],
[13], [15].

2.2 Text-to-Image vs. Text-to-Face
Generating faces from text is a specialized
form of image generation from textual
description. Face modeling differs from
creating general objects or scenarios because
it requires a deep understanding of human
anatomy, emotional expression, and the
characteristics that constitute an individual's
identity. If textual descriptions lack clarity,
the resulting facial expressions may appear
less authentic. This highlights the importance
of having both meaningful and well-crafted
text [7], [8]. Models should not simply
convert text into images. Faces generated by
models must be coherent, consistent, and
compatible with human perception [2], [3],
[16].

2.3 Datasets and Benchmarks

Multiple datasets have been employed to train
and assess text-to-face models.  CelebA has
a lot of famous face photographs with
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descriptions for different features. This lets
you design artwork based on those traits [16].
Multi-modal ~ datasets = combine  text
descriptions with facial images, making it
easier to train models to work with different
types of data [1],[3],[12]. Even though they
are small, specialized forensic datasets are
very important for criminal investigations
because they help models make faces that
look like what witnesses say [10],[9].The
Frechet Inception Distance (FID) and the
Inception Score (IS) are two common ways to
evaluate the quality of the generated image.
Research depending on human preference
examines the relationship between textual
inputs and produced facial representations
[2],[3],[8].

Recently, the research has introduced multi-
modal datasets, including Deep Fashion-
MultiModal and Face2Text, designed to
integrate textual and visual modalities by
providing corresponding text-image samples.
However, as demonstrated in Text-to-Image
Synthesis with Generative Models [1], these
datasets often lack sufficient diversity in text
types or adequate detail in descriptions,
complicating the attainment of appropriate
semantic alignment. There is difficulty in
judging the models correctly due to the lack
of standard tests for the degree of
correspondence between the texts and the
generated faces.

3. Models of Text — to- Face
Generation
3.1 Early Approaches: GAN-based

frameworks (StackGAN, AttnGAN)
The last few years have been very positive
with the development of Generative
Adversarial Networks (GANs) for cross-
modal applications. This is particularly the
case with text-to-image generation which
enables the automation of design tasks by
making the generation of realistic images
from text descriptions quick and easy. GANs
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have been and continue to be successful in
various applications. Despite all of that, text-
to-image generation through the use of GANs
is still very difficult. First is the quality of the
images created from the text. Second is the
uncertainty that comes from the training of
the GAN which leads to images that lack
detail and diversity. Because of the interest in
this field and the use of GANs in cross-modal
applications, there has been a lot of new work
in the field. One of the notable contributions
in this area is the Stacked Generative
Adversarial Networks (StackGAN) which
introduced a multi-stage process to generate
high resolution images over multiple
iterations [1],[7]. Another very notable
advancement is the Attentional Generative
Adversarial Networks (AttnGAN) which
introduced a multi-level attention mechanism
to improve the correlation between text and
image features to generate more detailed
images [2],[16]. As we stated, poor stability
of the model and poor quality of images still
present challenges in text to image
generation.  Additionally,  successfully
managing intricate text descriptions continues
to be a pivotal research emphasis at present.
This research study focuses on the evaluation
and analysis of the fundamentals and
advancements of technology centered on
GAN text to image generation. First, an
introduction is given to the basic concepts of
the, and then, there is an overall analysis of
the experimented efficiency of the dominant
architectures in the field. The study also
evaluates the advantages and disadvantages,
and the potential of these models in future
development.

3.2 Advanced Approaches
3.2.1 Diffusion Models (Stable

Diffusion extensions)

Recent developments around face generation
have provided modifications to GANs, which
now use diffusion techniques, and
transformers, which have seen improvements
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in photo-realism, semantics, and control.
Several models have made diffusion
techniques more effective; among them, the
most successful is Stable Diffusion. These
models employ a learned reverse-diffusion
technique to incrementally remove noise from
a random noise vector, thereby generating a
realistic image. This approach enables
efficient and scalable production while
maintaining outstanding perceptual quality
[5].In creating images of faces based on
textual descriptions, multiple studies have
further developed the diffusion framework
and proposed methods for the integration of
textual and sketch-based conditioning,
improving the modeling of the intricacies of
faces [4], [5]. The study by [17] proposed a
multi-modal  diffusion  technique that
integrates text, sketches, and facial attributes
to enhance the coherence and control of the
synthesis process. This also enhances Stable
Diffusion's customization of face generation.
With textual input, users can modify the
image to reflect changes in emotions, age, and
hair. When it comes to visual fidelity and
semantic alignment, these methods are much
better than regular GANs. However, these
methods remain computationally intensive
and require significant resources, which is a
big problem, especially when you need to do
them quickly or with few resources, such as
forensic investigations.

3.2.2 Transformer-based Models
(CLIP-guided generation)

The use of Transformer models like
Contrastive Language-Image Pre-training
(CLIP) has opened up an entirely new world
of enhanced face generation using text-to-
image models. The combination of text-to-
image models, or, as it is commonly known,
multimodal models, creates more nuanced
meaning than models restricted to one format.
OpenAl's CLIP is a large model that is able to
assign both an image and a textual context to
an embedding in the same semantic space,
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thanks to its training on almost everything
available on the internet. CLIP contains two
encoders. The text encoder runs a sort of a
Transformer, while the image encoder is a
Vision Transformer or a CNN, both of which
produce image and text embedding vectors
that are equivalent. In applications for face
generation, CLIP is able to contextualize the
relationship and alignment of a description or
other text input to an image or a set of images
of a simulated generated face. For illustration,
imagine the works of Xiang et al. [15], who
provided a set of simulacra of age, expression,
and hairstyles in the final image of face
generation, the Stable Diffusion-based
framework relied on CLIP's text encoder and
the input description served as the semantics
to manage the denoising via cross-attention.
Models employing CLIP aren't faultless
either, as is the case for the CLIP-guided
applications of Wu et al. [2], who found that
their preference classifier at least in terms of
error, did a better job than CLIP, who got
32.9% of the results correct and the classifier
got 43.5% correct, demonstrating that while
CLIP can almost always potentially guide
semantic representation, it still lacks an
ability for capturing and discerning certain
qualities of the face e.g. matched realism that
a human face would possess.

3.3 Comparative Analysis

Evaluating text-to-image models shows that
achieving a balance between text alignment,
image quality and computational efficiency is
a complex, interrelated process. Two
widespread metrics used to assess an image's
credibility are Inception Score (IS) and
Fréchet Inception Distance (FID). While IS
evaluates whether recognizable and/or
multiple different objects are present in an
image, FID analyses the distributions of real
and/or fake images in a certain deep feature
space. However, IS and FID perceive the
world differently to how people do. IS scores
may be invalid for images that are not akin to
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ImageNet, while FID may perceive noise and
compression artefacts as low-quality images.
Based on FID, people perceived CogView?2 to
be the best model of the three: GLIDE,
CogView?2 and Stable Diffusion. In contrast,
Stable Diffusion had real and accurate
annotations, which were preferred by the
human annotators. This difference highlights
the inadequacy of automated metrics in
assessing perceptual realism. Computational
efficiency remains a key concern. Diffusion
models are more effective than GAN-based
models at sustaining coherency and
enhancing the image. However, they are more
resource-intensive than GAN-based models,
primarily due to the numerous denoising steps
they must perform. Transformer-based
models, on the other hand, are transformer-
based models.

4. Applications

4.1 Security and Forensics

Police can create visual representations based
on witness accounts using this technology,
allowing for more precise and efficient visual
impressions, and thereby the improvement of
criminal investigations.

4.2 Entertainment and Gaming

In the entertainment industry, for gaming
and other entertainment purposes, designers
can create brand-new, original characters
from text descriptions in a matter of moments,
thanks to text-to-face generation. This system
can create avatars, digital actors, and non-
playable characters (NPCs) without the
requirement for 3D modeling. Furthermore,
the innovative applications [1],[3], [14] which
use diffusion-based and transformer-guided
models can produce different avatars and
diverse characters at a lower cost while
maintaining a higher realism.

4.3 Healthcare and Assistive Tools

Assisting people in especial needs or
memory loss can be coupled with healthcare
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and assistance applications. In healthcare,
these models can assist in tracking a patient or
aid in the location of a missing person by
reconstructing a face from a description to
assist from partial accounts [1],[9] Sensitive
health care applications need to be reliable
and create images of the health care
applications, which needs text to be
interpreted and grow the images based on the
description [1], [8].

4.4 Creative Industries

The creative industries can leverage this
text-to-image technology in numerous ways,
including marketing, education, and product
design. Users can easily incorporate digital
images, illustrations, infographics, and
various visual assets thanks to the ability to
merge text with images.

5. Challenges and limitations

5.1 Text Quality and Semantic
Ambiguity

One of the most important factors for the
generation of text-to-image systems is the
quality and the clarity of the text descriptions
entered. If the input text is ambiguous,
incomplete, or inconsistent, it is likely that the
facial outputs generated will be unrealistic or
inaccurate, and will be of poor quality. Output
models must be able to identify small
nuances, especially in forensic applications,
where small details like the shape of the eyes,
hair style, and the presence of facial scars can
be crucial. Output models tend to struggle
with small, subtle, or specific details which
can be the reason why some outputs do not
match or belong to the desired faces or overall
identities.

5.2 Dataset Limitations

Unfortunately, well organized, annotated,
and easy to access multimodal data is one of
the main challenges for facial data synthesis
systems. Although dataset collections with
facial images, like CelebA, offer valuable
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resources for training, there is a lack of
sufficient textual descriptions that can be used
to train reliable models for text-to-face
synthesis. In  forensic and security
applications, there is a lack of sufficient
specialized training data in the form of
eyewitness descriptions to train and validate
models in real-world scenarios of the system.
In addition, not having enough datasets with
varying facial images hinders the ability to
improve the overall accuracy and
effectiveness of a multimodal system. Some
of the systems lack the ability to generalize
across varying ethnicities, age groups, and
different facial expressions.

5.3 Model Performance and

Computational Constraints

New diffusion systems and advanced
transformer system frameworks are able to
generate very high quality systems, but they
require much more computing power and
hardware resources in order to perform at
peak efficiency. These systems require many
high quality datasets for them to be able to
perform at their best. This in turn creates a
very risky situation in the real world, since a
lot of training is needed for inefficient and
inaccessible systems. Building systems which
can perform at high efficiency and which are
able to generate good quality outputs is very
time consuming, and therefore training the
models will be hinder, especially for smaller
research facilities and for applications that
require instantaneous performance. To meet
the text Diffusion Models computational
requirements within time-sensitive scenarios,
future works must seek model simplifications
paired  with  aggressive  deployment
optimizations, including fewer denoising
iterations, then sacrificing some image
quality, as a near-term solution for achieving
demonstrable, real-time face generation from
witness descriptions [5], [15]. Furthermore, it
is difficult to calibrate image realism and
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semantic alignment since models pursuing
visual realism may end up losing textual
fidelity, and the other way around [2],[3].

5.4 Assessment Standards

Assessing the text-to-face models should be
considered one of the most difficult
challenges. It is true that the standard metrics,
e.g. FID and IS, do metric image quality,
however, it is not true that image quality
captures the alignment with the text [2], [3],
[8]. It is true that human evaluation is the most
reliable metrics concerning the alignment of
the description and the generated face, but it
is subjective and not easy to standardize [1],
[2]. Hence, the field remains short of an

objective and reproducible assessment
standard that incorporates quality and
alignment.

5.5 Ethical and Practical Issues
Text-to-face generation, and particularly text-
to-face generation in forensics, is not at all
free of ethical issues, such as privacy,
misidentification, and the potential for abuse
[10],[9] When faces based on textual
descriptions are generated, models may
unintentionally transfer biases when faces are
generated based on non-representative
datasets[8], [12] Thus, the lack of fairness,
accountability, and transparency in the design
and implementation of the models is one of
the most important issues to be solved in the
future [12].

6. Future Research Directions
6.1 Improving Text Quality

Further research should continue to target
improving the quality and depth of the text
inputs. Face attributes should be better
captured with the use of sophisticated text
preprocessing and natural language
enhancements, as well as embedding
refinement [7], [8]. The text-to-image
fidelity, especially for forensic applications,
can be augmented by standardizing and
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enriching eyewitness accounts with large
language models [1],[8].

6.2 Alignment and Representation
Across Modalities the inclusion of multi-
modality academic frameworks offers highly
useful opportunities for synergetic research.
Some improvements to semantic alignment
have been shown through the use of
transformer  models and  CLIP-like
embeddings [3],[18] The realism and
coherence of the images generated from these
models should be improved by exploring
better mechanisms of alignment to capture the
fickle textual nuances.

6.3 Models Generalization through

Data Diversity and Expansion

The generalization of the models can be
improved through the creation of large-scale
multi-concept datasets that are highly
annotated. More attention to datasets that
concentrate on specific forensics use with
detailed descriptions and datasets that capture
diverse ethnicities, ages, and expressions is
needed. The use of GANDiffFace and
Collaborative Diffusion [9], [10], [12] should
also be considered for realistic datasets to be
complemented by synthetic datasets.

6.4 Assessment Techniques and

Human-Centered

Evaluation In future research, we ought to
design thorough assessment mechanisms that
couple quantitative components (e.g., FID,
IS) with qualitative, human-centered ones
[2],[3],[8]. Creating metrics that ascertain
how semantically faithful generated images
are to their paired text would yield fairer
comparisons across various models and
would push advancements in systems that
generate text-to-face.
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6.5 Ethical and Responsible Al

Practices

The ethical, equitable, and responsible use of
text-to-face generation suffers from a lack of
research, especially in relation to forensic and
security contexts [10], [9], [8]. Future
research should include bias mitigation,
transparency in model instantiation, and
privacy-preserving systems to reduce the
potential for misuse of generated facial

imagery.
7. Related Work

In Table 1, we summarize 20 studies on text-
to-image synthesis and face generation,
published from 2022 to 2025. The studies
address work with a variety of methods and
architectures in deep learning such as
Generative Adversarial Networks (GANs),
Latent Diffusion Models (LDMs), and hybrid
models. The first generation of models
focused on GAN-based architectures such as
DCGAN, StackGAN, and AttnGAN. While
these models produced relatively realistic
generator outputs, these models tended to be
low resolution and not diverse, and they
lacked  fine-grained  realistic  details.
Diffusion-based models, especially Stable
Diffusion, have been recently used
increasingly within this domain. These
models produce Dbetter text-and-image
alignment and overall a better quality image.
One of the trends in the literature is the use of
CLIP as a bridge that is semantic between text
and image which offers better control for
generating images. Utilizing multiple
modalities, a number of studies have focused
on the generation of text, sketches, and 3D
morphable models and masks all of which
improve the degree of control of the
generator. While these models have
improved, there are a considerable number of
studies which focus on the high cost of
computation, the need for large transformer
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architectures for pretraining, and the modeling for face and image synthesis, and it

generation of images that are structurally
complex and high quality. The literature does
a great job of summarizing the rapid
improvement in the domain of generative

outlines the need for models that are more
interpretable, efficient, and create a synthesis
in a more ethical manner.

Table 1: Summary of Related Works on Text-to-Image and Face Generation Using Deep Learning

Techniques

Autho
r(s),
Year
Robin
Romb
ach,
Andre
as
Blattm
ann,
Domin
ik
Lorenz
Patric
k
Esser,
Bjorn
Omme
r-
2022

Wenlo
ng
Xiang,
Shuzh
en Xu,
Cuicuil
v,
AND
Shuo
Wang
-2024

Title of
the
Study

A
Sketch
Is
Worth
a
Thous
and
Words

Image
Retriev
al with
Text
and
Sketch
[19]

A
Custo
mizabl
e Face
Gener
ation
Metho

d
Based

on
Stable
Diffusi

on

Method

TASK-
former
(dual-
encoder
with CLIP
backbon
e)

Modified
Stable
Diffusion
with
LoRA
and
customiz
ed
VQ-VAE

Dataset
Used

coco
5k,
Flower
102,
synthet
ic
sketch
generat
ion

CelebA
(low-re
solutio
n),
FFHQ
referen
ces

Objecti
ves

Improv
e image
retrieva
| using
combin
ed
sketch
+ text
queries

Create
a
controll
able
facial
generat
ion
model
with
improv
ed
natural
ness

Key
Techniques

Late-fusion
dual-
encoder,
multi-label
classificatio
n, caption
generation,
synthetic
sketch
augmentati
on

CLIP-guided
diffusion,
cross-atten
tion, LoRA
fine-tuning,
customized
VQ-VAE
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Results

Higher
Recall@1
(0.609),
Recall@5
(0.847),
Recall@1
0(0.917)
compare
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Improved
facial
realism,
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text—
image
alignment
, TQDA
evaluatio
n shows
quality
gains

Limitati
ons

Perform
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ed by
sketch
quality;
limited
real-
sketch
dataset
3

High-re
S
dataset
S may
cause
overfitti
ng;
customi
zation
limited
by
training
data

Contribution

Introduced TASK-
former and new
sketch dataset;

proved
complementarity
of text+sketch

Provides a stable
diffusion variant
optimized for face
customization and
reduces
overfitting
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8. Conclusion

Text-to-face generation is a complicated
and intricate subject and the current review
explains the issues and growing pains of the
topic in great detail. Face generation from the
text 1s an issue that started with the
rudimentary use of GANs. However, the
newest transformer-based technologies not
only surpass GANs, and diffusion in their
ability to exercise real control over the
images, but also in the maintenance of a
unified piece of text. Nevertheless, the
generation of images from the text is still
constrained by the clarity and accuracy of the
prompt, and the lack of large-scale, annotated
databases, especially in the forensic domain,
and the immense computational resources
required to accomplish face generation from

dataset

s
Analysis of  Summariz GAN- First
corneal es faces comprehensive
highlights, performa becomi survey organizing
pupil nce ng hard detection into
shapes, across to four categories
CNN-based methods; detect; and outlining
detectors, identifies human  future directions
color detection accurac
component weakness vy low;
methods es detecti

on lacks

interpre

tability

82

text. The Fréchet Inception Distance (FID)
and Inception Score (IS), which serve as the
primary means of evaluation of such
frameworks, lack fundamental measures of
alignment with connotative meaning within a
corpus, as well as the means to compare that
corpus with respect to other corpuses. Until
key issues surrounding equity, bias and
privacy are resolved, the use of text-to-face
generation systems will yet remain
conceptual. More focus on alignment of text
systems, and the ability to encode and further
increase the volume of the datasets will allow
these systems to be useful in a greater variety
of real life applications, and a much broader
audience. And last but not least, a new field
of study will arise in relation to how to deal
with outcomes of these processes in order for
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the field to be able to evolve in a variety of
ways to understand these features. This is the
last  point. Text-to-face ~ generation
technologies, for example, in case likenesses
of human beings can be produced, animated,
and drawn, it would be a good fit for the fields
of security, assistance, and creativity. It might
seem to theoretically have potential for
implementation in some tasks. However,
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