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A B S T R A C T

With the tremendous successes of Large Language Models (LLMs) like ChatGPT for text generation and Dall-E
for high-quality image generation, generative Artificial Intelligence (AI) models have shown a hype in our
society. Generative AI seamlessly delved into different aspects of society ranging from economy, education,
legislation, computer science, finance, and even healthcare. This article provides a comprehensive survey
on the increased and promising use of generative AI in assistive technologies benefiting different parties,
ranging from the assistive system developers, medical practitioners, care workforce, to the people who need
the care and the comfort. Ethical concerns, biases, lack of transparency, insufficient explainability, and limited
trustworthiness are major challenges when using generative AI in assistive technologies, particularly in systems
that impact people directly. Key future research directions to address these issues include creating standardized
rules, establishing commonly accepted evaluation metrics and benchmarks for explainability and reasoning
processes, and making further advancements in understanding and reducing bias and its potential harms.
Beyond showing the current trends of applying generative AI in the scope of assistive technologies in four
identified key domains, which include care sectors, medical sectors, helping people in need, and co-working,
the survey also discusses the current limitations and provides promising future research directions to foster
better integration of generative AI in assistive technologies.
1. Introduction

Generative artificial intelligence (AI) models have recently gained
significant attention and excitement in society. The remarkable success
of large language models like ChatGPT [1] for text creation, along
with image generation transformer models such as Dall-E [2], Stable
Diffusion [3], and Midjourney [4], has demonstrated the potential of
these technologies to seamlessly integrate into various aspects of daily
life [5]. These advancements have had a profound impact on diverse
fields, including the economy [6], education [7,8], entertainment [9,
10] such as the gaming and multimedia industry, E-Commerce [11]
for making personalized recommendations, law and legislation [12],
computer vision [13,14], and finance [15].

The rise of generative AI in healthcare has been triggered in recent
years with the introduction of advanced learning algorithms, enhanced
computing infrastructures, and the availability of larger amounts of
data. Generative AI has found its way into molecular biology [16], med-
ical education [17], clinical decision support [18], and the development
of novel drug discoveries [19]. The technology successfully showcased

∗ Corresponding author at: RheinMain University of Applied Sciences, Wiesbaden, 65195, Hessen, Germany.
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its efficiency in finding the optimum structures for new medicines
through large quantities of existing data or helping the clinicians in
their decision-making process by providing diagnostic assistance in the
forms of a list of possible diagnoses and treatment plans.

In this work, we mainly focus on the use of generative AI in the
realm of assistive systems. The term ‘‘assistive systems’’ is not limited
to assistive tools designed specifically for people with disabilities,
but encompasses a much broader spectrum that can extend to large
systems, services, processes, frameworks, and even infrastructures [20].
These systems could benefit not only individuals but also organizations
and infrastructures. Assistive technologies are relevant in all areas of
life, ranging from private homes, medical sectors, and care sectors
to the professional world. For enhancing the quality of generative
AI involvement in such systems, the dialog between the developer,
care workforce, and the people who receive the care is important
to improve the status quo [21]. Thus generative AI greatly enhances
the efficiency of healthcare by automating and simplifying tasks or
processes traditionally performed by humans, but with higher speed
https://doi.org/10.1016/j.imavis.2024.105347
Received 15 August 2024; Received in revised form 14 October 2024; Accepted 25
vailable online 30 November 2024 
262-8856/© 2024 The Authors. Published by Elsevier B.V. This is an open access art
c-nd/4.0/ ). 
 November 2024

icle under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by- 

https://www.elsevier.com/locate/imavis
https://www.elsevier.com/locate/imavis
mailto:biying.fu@hs-rm.de
https://doi.org/10.1016/j.imavis.2024.105347
https://doi.org/10.1016/j.imavis.2024.105347
http://crossmark.crossref.org/dialog/?doi=10.1016/j.imavis.2024.105347&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


B. Fu et al.

A
r
a
o

t
i

g
a
a
m

d
t

r
u

r

c

t
w
d
m

t

m

f

i
t

d
p

t
s
a
e
d

e
i

D
p
r

a
t
R

p

c

A
b

Image and Vision Computing 154 (2025) 105347 
and reduced costs, thereby benefiting patients, doctors, hospital admin-
istrators, and thus communities. In the healthcare sectors, generative

I manifests in various successful applications, e.g., in supporting
esearch in drug discovery [22], in the teleoperation of robots that
ssist in surgeries [23,24], the automation of administrative functions
r processes [25] in a clinical context, the provision of personalized

cares [25], and much more. In this comprehensive survey, we aim
o delve deeper into the different perspectives of using generative AI
n assistive systems and show both opportunities and limitations. We

want also to raise awareness of potential risks while benefiting from
the comfort of generative AI in assistive systems. Compared to existing
surveys in the literature, we are the first targeting the research of
enerative AI in the context of assistive technologies in such depth
nd broad scope. Previous surveys predominantly focused on certain
spects of generative models, such as the general use of large language
odels [26], the fairness issue in LLMs [27], the hallucination prob-

lem [28], and the explainability issues [29] or its use in a limited
domain, such as only healthcare [30,31]. None of these surveys are
focused on collecting the use-cases of generative AI in the specific
omain of assistive technologies in a much broader sense, showing
rends, limitations, and future directions.

The rest of this article is organized as follows: Section 2 introduces
the concept of generative AI, followed by a clear definition of assistive
systems in Section 3. In Section 4, we conduct an extensive literature
eview to identify potential interactions, current trends, and promising
se-cases for leveraging generative AI for assistive systems. Section 5

summarizes popular technical stacks of generative AI methods used in
the domain of assistive systems. In Section 6, we discuss the limita-
tions of generative AI for assistive systems. Then, we present possible
esearch directions to address the challenges in Section 7. Finally, we

conclude our work in Section 8.

2. The emergence of generative AI

In this section, we provide a brief overview of the history of gen-
erative models. We will discuss these foundational approaches before
exploring the more recent generative AI technologies that have been
developed specifically for assistive systems, which will be covered in
detail later. We also review studies and successful examples show-
ing how these applications are prioritized in the domain of assistive
technologies.

2.1. Types of generative models

Generative models have a long history. Generative models are a
lass of machine learning algorithms designed to generate new data

samples that resemble a given training dataset. By learning the under-
lying distribution of the training data, generative models can produce
novel outputs that are not pure replications but rather new instances
that share similar characteristics.

Its development begins with early probabilistic models like Gaussian
Mixture Models (GMMs) [32] and Hidden Markov Models (HMMs) [33]
hat were well suited for modeling sequence data and laid the ground-
ork for understanding data distributions. In the 2000s, advances in
eep learning led to the introduction of more sophisticated generative
odels, such as the Variational Autoencoder (VAE) [34] and Generative

Adversarial Networks (GANs) [35], which revolutionized the field by
enabling the generation of highly realistic images, text, and audio. More
recently, diffusion models [36] further improved the ability to generate
high-quality and diverse outputs across various types of data. Lately,
he large language models (LLMs) have further pushed the boundaries

of generative AI, particularly in natural language processing (NLP) and
ultimodal tasks for assisting humans in various tasks.
Variational Autoencoder: Introduced by Kingma et al. [34] in

2013, VAE is a type of generative models that combines principles
rom both neural networks and statistical inference [37] to generate
 a

2 
new data similar to its training data. VAEs consist of an encoder and
a decoder structure and are mainly used to learn meaningful represen-
tations of input data in a latent space [38] and the data manipulation
can be performed directly on this latent space [39]. After the successful
training of a VAE model, the decoder part of the network can be used
to generate new data that strongly resembles the original inputs [40].
The VAE training is more stable and provides a more interpretable
latent space compared to GANs by only combining two different losses
n the overall loss function, which are the reconstruction loss and
he Kullback–Leibler Divergence loss [41]. VAEs have found appli-

cations in various fields, including image generation [42], anomaly
detection [43], representation learning, and attribution learning [44].

Generative Adversarial Networks: They are a class of machine
learning frameworks first introduced by Ian Goodfellow et al. [35]
in 2014. GANs consist of two neural networks, the generator and the
iscriminator, which are trained simultaneously through an adversarial
rocess. This is a two-party play engaged in a zero-sum game under a

game theoretical perspective. While the generator is trained to produce
synthetic data from random noise that resembles high-quality real
data, the discriminator network aims to differentiate between these
generated fakes and actual real data. GANs are notably difficult to
train due to a problem called mode collapse [35], which means that
he generator outputs are limited in the variety by effectively ignoring
ome regions of the data distribution. Other challenges in training GAN
rchitectures are the unstable training dynamics, sensitive hyperparam-
ter tuning, gradient saturation, and the balancing of the generator and
iscriminator training [45]. GANs have successfully found applications

in medical domains, such as in image synthesis for generating magnet
resonance imaging [46], data augmentation for improving skin-lesion
analysis [47], and style transfer to overcome the limitation of data
unavailability as in [48]. Other applications can be found in biometrics
.g. synthesizing realistic face images of specific identities to be used
n the training or evaluation of biometric systems [14,49–51].
Diffusion models: These concepts in the context of generative

modeling originate from statistical physics and stochastic processes,
particularly the study of thermodynamics and the behavior of par-
ticles. One of the pioneering works in applying diffusion processes
to generative modeling was by Sohl-Dickstein et al. [52] in 2015.
A significant advancement came with the introduction of Denoising
Diffusion Probabilistic Models (DDPMs) by Ho et al. [36] in 2020.

iffusion models using diffusion process consist of two sequential
rocesses which include first the forward process and followed by a
everse process. In the forward process, noise is gradually added to

the data transforming it into a simple distribution such as the Gaussian
noise. In the reverse process, the model learns to remove the noise step-
by-step, reconstructing the original data from the noisy distribution.
To generate new data after training, the model starts with a sample
from the simple noise distribution (e.g., Gaussian noise) and iteratively
applies the learned denoising steps to transform it back into a noise-
free high-quality sample mimicking the sampling from the original data
distribution. The proposed DDPMs further refined the reverse diffusion
process using a neural network, achieving state-of-the-art performance
in image generation tasks. Diffusion models have demonstrated their
bility to generate samples with high fidelity and diversity, comparable
o or surpassing GANs, while at the same time enabling stable training.
ecent applications showed diffusion models in various tasks such as

in image synthesis [53], synthesizing realistic face images for different
urposes [54,55], inpainting [56], and super-resolution [57].
Large Language Models: These models and generative AI are

losely related concepts in the field of AI, with LLMs often being a
specific type of generative AI focused on NLP. LLMs are a class of

I models built using advanced deep learning techniques, particularly
ased on transformer architectures [58]. LLMs, such as GPT-3 by

OpenAI [1], BERT by Google [59], Llama by Meta [60] and others, are
designed to understand and generate human language. Trained on vast
mounts of human text and languages, they learned the complexities of
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language, grammar, context, and even nuances of meaning. Thus, these
models are able to generate human-like and human-understandable
text. LLMs are a specific type of generative AI focused on text. Recently,
multimodal LLMs [61] represent an emerging area of research, which
ake into account different input modalities to enhance the understand-
ng and generation capabilities of traditional text input LLMs. These
odels prioritize refining the alignment between various modalities

and aligning them with human intent, thus enabling improved content
comprehension and text generation. Notable projects like BLIP-2 [62]
nd LLaVA [63], which combine textual and image inputs, have demon-

strated significant improvements in accuracy for tasks such as visual
uestion answering. They find applications across various sectors, in-
luding education, healthcare, customer service, entertainment, and
esearch.

2.2. How these applications are prioritized?

VAEs, GANs, and diffusion models are mainly used for data genera-
tion. Several studies show how these applications are prioritized in the
domain of medical imaging. Islam et al. [64] and Kazeminia et al. [65]
eviewed the use of GANs for medical image generation and analysis.
he results have demonstrated that GANs can be leveraged not only

for data augmentation [66] but also to enhance classification [67] and
egmentation [68] accuracy in medical sectors. In [66], Chen et al.

reviewed 105 research papers on the use of these generative models
related to medical image augmentation, sourced primarily from ELSE-
VIER, IEEE Xplore, and Springer between 2018 and 2021. The authors
categorized these papers based on the specific organs represented in
the medical images. The sheer number of relevant use-cases illustrates
the priority of such models in the field of medical imaging.

Powerful LLMs can be leveraged to extract specialized contexts,
articularly in assistive technologies, where they can enhance user
nteraction [69] and provide personalized support [70] according to

current reviews. Some successful applications include generating real-
time communication assistance for individuals with speech impair-
ments [71], offering tailored learning experiences for students with
pecial needs [72], and aiding in cognitive rehabilitation by generating
daptive exercises [73]. These models can also be integrated into smart
evices [74,75] to assist elderly or disabled individuals in navigating

daily tasks, thus fostering greater independence and improving overall
quality of life. In addition, the works of [76,77] investigated the
possibility of using multimodal LLM with visual instruction to guide
visually impaired people to navigate through their surroundings.

3. The world of assistive technologies

Assistive systems refer to a broad category of technologies designed
to support individuals in performing tasks they might otherwise find
challenging due to physical, sensory, cognitive, or emotional impair-
ments. These systems aim to enhance the quality of life, increase
ndependence, and provide support in daily activities.

An assistive technology device is defined by the Tech Act in 1988
[78] as "any item, piece of equipment, or product system, whether ac-
quired commercially, modified, or customized, that is used to increase,
maintain, or improve functional capabilities of individuals with disabil-
ities’’. This accounts not only for devices but also for services and tech-
nologies. Assistive systems already found applications in various do-

ains, such as in production environment [79], for the workplace [80],
and in care facilities [81].

A common misconception is that assistive systems are exclusively
eeded by the elderly; however, individuals of all ages, including
ounger people and adults, can also benefit from these systems. Be-

yond the use for people with impairments, these assistive technologies
are even for people without disabilities but incline to increase their
comfort. In the following, we are looking at uses-cases of assistive

systems enhanced with generative AI approaches in various areas.

3 
We investigated several application domains using generative AI for
assistive systems in this comprehensive survey and identified four key
domains, which we think are most influential and promising. In Fig. 1,
we visualized the overview of the targeted domains using assistive
echnologies with generative AI. They encompass the use-cases of

generative AI in the care sectors, medical domain, helping people with
need, and as a virtual co-creation or co-working partner.

4. On the use of generative AI in assistive systems

In this section, we examine the possible interactions between gen-
erative AI solutions as part of the building process of assistive systems
or technologies. Thereby, we consider the four identified main areas
of use as illustrated in Fig. 1, ranging from the use-cases in the care
sectors, in the medical sectors, for helping people with disability, and
last but not least for supporting people looking for general assistance
and more comfort.

4.1. Generative AI applications in the care sectors

The adoption of innovative solutions within healthcare has pre-
ominantly been examined from the standpoint of patients, although
uch a perspective is acknowledged to be limited and narrow [82].

Thus, Nugent et al. [21] extended their investigation to include the
erspectives of caregivers, healthcare professionals, and, on a broader
cale, healthcare service providers. In their study [21], the authors

formulated a prototype framework to efficiently evaluate the adoption
f innovative healthcare solutions, employing generative AI. Gener-

ative AI is employed herein to facilitate the generation of a set of
patient-centered questionnaires, aiding researchers and caregivers in
navigating the process of technology adoption within healthcare con-
texts. The aim is to identify the true requirements and provide proper
care.

Revell et al. [83] examined the necessity of integrating gener-
ative AI applications within the healthcare and well-being sectors.
The increasing demand for AI services arises from the progression
of population aging and the accompanying shortage of skilled work-
ers, which poses a significant challenge. The authors underscored the
eed for socially assistive robots, while at the same time highlighting
riticisms regarding existing systems, including biases, lack of trans-
arency, and privacy concerns. Current interactions with these robots
re constrained to brief engagements, presenting notable hurdles for

achieving broader user acceptance. Moreover, they emphasized the
importance of having training databases without situational, cultural,
gender, and racial biases. As a proposed solution, the authors advocate
for the development of virtual/robotic assistive systems that require
iche language models instead of general language models.

For improving the quality of care-giving by assistive robotics, cur-
rent trends take advantage greatly from the advancements in AI and
generative AI. This is especially beneficial for the increasing demands of
individuals requiring assistance in our society e.g. due to aging, people
with physical disabilities, or war-related injuries. A report from the
World Health Organization recently stated [84] that over 2.5 billion
people worldwide currently require one or more assistive products.
With the issue of global population aging, it is projected that by 2050,
around 3.5 billion people will need access to assistive technologies.
Tytarenko et al. [85] studied the possibility of applying diffusion model
oncepts as a policy learning strategy in the reinforcement learning
aradigm to train assistive robots that can better and individually serve

the needs of humans. The suggested approach harnesses the advantages
of both model-free reinforcement learning and imitation learning tech-
niques. By further utilizing diffusion models to enhance the robustness
of policy making strategy they achieved a more independent agent
without requiring further interactions with the environment.

Adedeji et al. explored in [86] the potential of reducing the doc-
umentation workload for medical and healthcare staff by enhancing
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Fig. 1. visualizing the four main sectors in this article, we considered most influential and promising, where the generative AI technology is used in building the assistive systems.
the accuracy of automatic speech transcription (AST) using LLMs.
The authors demonstrate that LLMs, supported by Chain of Thought
prompting, can significantly improve the record-keeping accuracy of
existing AST systems, achieving performance competitive with state-
of-the-art systems in this domain. This improvement includes accurate
capturing of medical concepts and enhancing the overall semantic co-
herence of transcribed dialogues. These findings illustrate the dual role
of LLMs in augmenting AST outputs and increasing the accuracy and
efficiency of transcription tasks. This integration of LLMs adapted for
medical applications is reported to enhance the accuracy of transcribing
data in medical contexts [86,87] and reduce the time doctors or physi-
cians need to input the documentation. Jelassi et al. [88] demonstrated
the use of French language ASR in healthcare by finetuning the Whisper
Large-v2 model targeting the need for transcribing radiology data.

In this use-case, we have seen solutions that leveraged contextual
generative AI to provide more personalized care, enhancing patient
care by adapting interventions to individual needs and preferences.
This approach not only improves the quality of care but also fosters a
deeper connection between virtual or physical caregivers and patients,
ultimately leading to more effective and compassionate healthcare
delivery.

4.2. Generative AI applications in the medical sectors

Generative AI is transforming our world in a positive way and the
sectors it concerns cover a wide range of application domains [89].
The use of generative AI in the medical domain and healthcare is also
fast-paced [90]. As generative approaches are previously often used to
understand the hidden implication or structure of data, generative AI
can also be used to provide coherent explanations of medical data, thus
enabling better understanding and interpretation both for medical staff
and patients. Oftentimes, generative AI can be leveraged to generate
new ideas and propose novel medical treatments or advice.

Regarding the insufficient provision of patient care and alleviation
of the workload on medical practitioners, generative language models
serve a crucial function. One such model, Med PaLM [91], is an LLM
capable of generating medical responses that are equally proficient and
empathetic as some medical experts but still inferior to clinicians. Med
PaLM is a finetuned version from Google PaLM [92] (a 540-billion
parameter LLM) trained on multiple large medical scopus and lan-
guage tasks, like MedQA [93], MedMCQA [94], PubMedQA [95] and
Measuring Massive Multitask Language Understanding clinical topics
(MMLU) [96]. When posed with questions structured similarly to those
found in medical licensing exams in the USA, Med PaLM demonstrated
a 17 percentage points higher accuracy in responses compared to other
evaluated language models. This assessment, conducted by a research
team from Google and DeepMind, was published in Nature [91].
4 
Hadid et al. [97] applied generative AI to enable unobtrusive health
diagnosis by automatically extracting meaningful correlations between
changes in facial characteristics and expressions with internal health
conditions or emotions. The authors aim to combine computer vision
techniques with the power of generative AI to accomplish this targeted
task of knowledge extraction for visual medical diagnostics. They also
explored the ability of generative AI for data augmentation while
preserving the true characteristics of the data and ensuring privacy.
This work is based on the main assumption that faces can serve as
indicators of various health-related conditions. For example, research
has linked eye movements to the diagnosis of Parkinson’s disease [98]
and identified distinct facial features that help in recognizing children
with autism [99].

Verbal communication empowered by generative AI tools like Chat-
GPT can be used to enhance robot–human interactions in real-life
situations and health care. This constellation also provides great poten-
tial for researching social interaction between the elderly population
and robots and to investigate how social robot perceives their en-
vironments and respond to them. A recent research article by Sabo
et al. [100] explored the ability to use the social robot called Furhat
for screening Alzheimer’s disease. User acceptance test is conducted
on attendees from both a large science fair and a scientific conference
revealing more positive acceptance among the older subjects compared
to younger ones [100].

In this use-case, generative AI in the forms of GPT models fine-
tuned on medical data is used to assist decision-making in medical
diagnostics or extracting meaningful clues between medical condi-
tions and visual facial changes. We have seen solutions that leveraged
language generative AI to provide sophisticated and specialized assis-
tance in medical care, enabling more accurate diagnoses, personalized
treatment plans, and efficient management of patient records. These ad-
vancements demonstrate the potential of generative AI to enhance the
capabilities of healthcare professionals, reduce administrative burdens,
and improve overall patient and treatment outcomes.

4.3. Generative AI serving for people with disabilities and impairments

Generative AI, with its rapidly evolving capabilities, has demon-
strated its potential to revolutionize the assistive systems available to
individuals with disabilities and impairments [101]. By creating adap-
tive and intelligent tools, generative AI can address various challenges
faced by people with physical, cognitive, and sensory disabilities.

Qin et al. [71] emphasized the necessity of timely intervention for
children with speech problems to mitigate the negative effects these
deficiencies can have in adulthood. A long-term study of over 30 years
by Elbro et al. [102] indicated that children with specific language
impairment (SLI) at younger ages are significantly more at risk of
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social isolation, academic challenges, and an increased likelihood of
nemployment. However, such interventions are often delayed due
o the high cost of speech services and the shortage of speech and
anguage pathologists (SLPs) [103]. To address this issue, Qin et al. [71]
roposed a generative AI-supported tool designed to assist caregivers in
valuating children’s phonological development, support SLPs in lesson
reparation, and alleviate the severe shortage of SLPs.

Tang et al. [72] proposed a system called EmoEden using generative
I to learn and understand the emotions for children with high-function

autism (HFA). Children with HFA often have difficulties in recognizing
emotions and expressions from their social interaction partners thus
causing emotional distress and social difficulties. Previous solutions
integrated into the conversational agents’ often lack the ability to
effectively and dynamically learn contextual content. Recent advances
n generative AI techniques, with the capability to generate both high-
uality texts and visual contents provide a promising way to help
evelop social conversational, personalized intervention, and assistive
gents in helping children with HFA to better learn and understand
motions and generate contextual relevant expressions [104]. As pre-

sented in their field study [72] conducted with 6 HFA children showed
promising results by demonstrating improved emotional recognition
and expression skills, but also revealed potential risks of such systems
over a test period of 22 days.

Upadhyay et al. [105] highlighted the assistive potential of genera-
ive AI, exploring its use in developing training systems for employees

with special needs. In their review, the authors emphasized the vast
opportunities for designing personalized learning solutions through
generative AI methods. These solutions can be tailored to accommodate
the unique needs of employees with physical or cognitive disabilities.
The AI-based solutions support special learners by customizing assis-
tive technology and content according to the level of disability and
individual needs. The paper also emphasized the critical importance
of collaboration between training departments, government agencies,
and technology solution providers.

In this subsection, we have focused on the interaction between
generative AI and humans as a use-case. However, this technology can
also fulfill its core generative purpose by creating synthetic data, which
can enhance the training process for developing more robust systems
aimed at assisting people in need. A Brain–Computer Interface (BCI)
is a technology that enables direct communication between the brain
and external devices, allowing control by individuals with physical
disabilities. As an assistive technology, BCIs hold great promise, but
they face numerous technical and data-related challenges that hinder
their practical use [106]. A major challenge is the scarcity of data and
ts strong inter-subject variability. Eldawlatly et al. [107] addressed this

challenge by applying generative AI methods for data augmentation
o enhance model generalization across different users. Using various
AN-based approaches, they reduced the subject-dependent issue by

ncorporating synthetic data into the limited real training data without
ignificantly compromising accuracy.

In this use-case, the generative AI is used to build adaptive conver-
ational agents able to assist children with autism, and a GAN-based

approach is used for data enhancement in biometric data. We have seen
olutions that leveraged generative AI (in text and visual outputs) to
erve people with disabilities and impairments, enhancing accessibility
hrough personalized communication tools, adaptive interfaces, and
ntelligent assistive devices. These innovations have the potential to
ignificantly improve quality of life, providing earlier interventions for
hildren with speech disorders, and enabling higher independence and
articipation in daily activities for individuals with diverse needs.

4.4. Generative AI serving for people looking for more comfort

Social isolation and loneliness in older adults are becoming a promi-
nent problem in our society [108]. With the tremendous improvement
in the medical and healthcare domains, elderly people now live longer
5 
but are more exposed to the risk of living alone and at the risk of
being socially isolated [109]. There are several studies [110–112]
on exploring how loneliness would affect mental health, such as de-
pression [113], anxiety, and cognitive decline [114]. Therefore, it is
mportant with the new disruptive technology such as generative AI to

find a way to address this pressing and challenging issue.
A conceptual study by Pani et al. [115] explored the potential

of using generative AI, such as chatbots, to provide social support
and alleviate loneliness. The authors reviewed prominent areas where
AI chatbots are currently employed and compared intelligent chat-
bots designed for social companionship with those created specifically
or assistance. Ethical considerations and limitations of integrating AI
hatbots were discussed, and promising future use-cases were proposed.

Griffith et al. [116] advocated for the use of generative AI to
enhance AI-assistive technology through personalization in their con-
cept paper. They propose fine-tuning existing generative models using
limited training data derived from text, audio, and visual records of
target individuals to create customized user experiences, which can
hen be integrated within the end-user’s technology ecosystem. This

conceptual work [116] aims to promote systems using generative AI
to enable various practical applications, such as generating full-scale
ehavioral digital twin models for individuals with limited training
ata and providing dedicated and more personalized assistance.

Not only elderly people feel a sense of loneliness, research also
ocuses on the causes and consequences of loneliness in the work-
lace [117,118] and strategies are developed to foster a more con-

nected working place to reduce the feeling of individual isolation and
loneliness at the workplace. A study by Ozcelik et al. [119] showed a
significant relationship between employees’ performance and loneliness
and that greater workplace loneliness results in lower job performance.
Deniz et al. [120] demonstrated such a problem for private hospital
employees and found a direct causation between loneliness in the

orkplace and negative job performance.
Therefore, generative AI can be used as a creative companion [121]

to enhance creative thinking and work productivity and to foster new
styles of work by bringing people together and reducing the feeling of
loneliness at workplaces. A recent study by Xie et al. [122] looked at
1155 undergraduate students and their use of robots for learning. The
study went over a 1-year period and included three rounds of surveys.
They investigated the impact of interaction frequency with chatbots on
the student’s learning autonomy under two different aspects which are
irtual companionship and knowledge acquisition. They highlighted
he impact of interaction frequency with chatbots on learning auton-
my, revealing that social presence plays a key mediating role. For
earners seeking virtual companionship, increased chatbot interactions
ndirectly enhance learning autonomy. However, for those focused on
nowledge acquisition, frequent interactions with chatbots negatively
ffect both social presence and learning autonomy, although a strong
ocial presence can help mitigate these negative effects. This study
ffers new insights into optimizing generative AI tools for diverse
earning preferences in educational settings.

Recently, using GitHub Copilot also shaped the way how simple
rogramming problems are solved [123]. By engaging with employees

in collaborative problem-solving, Copilot can simulate a virtual co-
worker, offering suggestions, generating ideas, and even providing
feedback on creative coding projects. This interaction can help alleviate
eelings of isolation, especially in remote or solo work environments,
y fostering a sense of partnership and collaboration, ultimately con-

tributing to a more connected and supportive work experience. Puryear
et al. [124] published a work investigating the use of Github Copilot in
ollege classrooms. It found out that Copilot is able to solve introduc-
ory assignments for introductory computer science and data science
ourses. The AI-generate code is mostly unique and can reach certain
evels of correctness, style, and skill level appropriateness, leading to

human-graded scores ranging from 68% to 95%.
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Fig. 2. visualized the trend of generative AI’s use in assistive technologies, mainly in
research (diamond), using the classification scheme made in Section 4. Disclaimer: This
graph is not exhaustive. We have reviewed the published articles to the best of our
ability.

Seymour et al. [125] developed the concept of multi-user conver-
sational user interfaces by expanding beyond the single-user-single-
device use-case of current LLM applications. They envisioned these
conversational interfaces as assistive tools that integrate smoothly into
discussions, avoiding rigidity or bossiness, and instead fitting naturally
into human communication processes. These interfaces aim to enhance
decision-making, encourage participation and contributions, and per-
form summarization tasks. Consequently, such systems can improve
collaboration and foster creativity.

In this use-case, multimodal LLMs are used in building customized
assistive companions. We have seen solutions that leveraged generative
AI (in text, image, video, and audio) to serve people in terms of com-
panionship and co-creation, offering more personalized interactions,
emotional support, and collaborative creativity. These AI-driven tools
can strengthen social connection, and stimulate creative expression,
and address both emotional and practical needs in a wide range of
contexts.

In this section, we discussed the use of generative AI in four key
areas of assistive systems. In Fig. 2, we visualize the trend of pub-
lications over the last decade using generative AI in its respective
research domains applying the same classification scheme as provided
in this section. These trends also highlight the limitations that hinder
the deployment of generative AI in assistive technologies, such as lack
of explainability, bias issues, ethical and regulatory complexities, and
varied acceptance levels. We will discuss these limitations later and
explore their correlations, as shown in Fig. 2.

5. Technology stacks of generative AI used for assistive systems

In this section, we consider the kind of methodologies or technical
stacks that leveraged generative AI for assistive systems. The techno-
logical stacks are grouped into three main use-cases where they are
applied.

5.1. A human-like ChatBot

ChatBots based on LLMs are used for communicating with cus-
tomers, caregivers, caretakers, or patients. The technology stacks of
LLMs encompass several critical components. In the training stage,
extensive and diverse text data is collected, cleaned, and tokenized.
In the scope of medical use or care-sectors specific text corpus are
required. These copora are built often from medical context or other
specific domains beyond the general common knowledge basis. The
core model architecture is typically based on transformers [58], uti-
lizing self-attention mechanisms and feed-forward neural networks.
6 
Training these models requires substantial computing power, often
leveraging GPUs [126], TPUs [127], and distributed computing frame-
works [128]. Wei et al. [129] looked at the emergent abilities of LLMs.
The authors demonstrated the power of finetuning based on large-
scale foundation models. Evaluating these models requires metrics
like perplexity and fine-tuning with domain-specific data. The current
deployment also involves model compression [130] and inference en-
gines to ensure efficiency, supported by APIs for integration [131].
Throughout the designing process of LLMs, security and compliance
measures, including data privacy, bias mitigation [27], and compliance
with ethical guidelines, are essential.

As an example of such LLM-based chatbots, Montagna et al. [132]
utilized one to assist chronic patients in performing autonomous self-
management. The authors highlighted the advantages of LLMs in aiding
patients with chronic conditions, such as tracking blood pressure, ad-
hering to medication schedules, and responding to specific patient
questions regarding their aggregated health data. In their proposed
architecture, they also addressed the existing challenges of LLMs, such
as GPT-4, particularly privacy and security concerns related to compli-
ance with data protection laws, which is especially critical when this
technology is used in the healthcare sector.

5.2. A good companionship

To build virtual or physical social robots interacting with people,
several technologies are required. These technologies include, but are
not limited to speech recognition [133] also possible in a clinical
context, text, and visual understanding [134]. Physical assistive robots
as demonstrated by Tytarenko et al. [85] can further leverage reinforce-
ment learning strategies combined with generative approaches like
diffusion transformers to develop smart policies for learning strategies.

One possible use-case of generative AI in forms of companionship
is demonstrated by Xu et al. [134]. The authors looked at the spe-
cific requirements of leveraging LLMs as good companions. To enable
human-like companionship, these systems should operate based on
personalized, real-time, and evolving knowledge of their users. Utiliz-
ing an eyewear device, the authors captured visual and audio signals
from the user to extract real-time contextual semantics and generated
a user profile. This profile includes historical contexts and real-time
semantics, which can evolve over time. This personalized knowledge
helps LLMs generate output that is converted to audio and spoken to the
wearer when appropriate. A small field study [134] demonstrated the
progressive development of their proposed system, leading to a better
understanding of its users. To capture real-time semantic context, one
can use a vision-to-language model, such as LLaVA [63], and a speech
recognition model like Whisper [135].

One question that needs to be addressed is how generative AI
can be used to develop better companions. As previously discussed,
recent trends focus on using multimodal LLMs to create systems with
a better understanding of the world. One possible multi-modality as
introduced by Xu et al. [134] leveraged the vision-to-text model com-
bined with speech recognition. A typical vision-to-text model combines
computer vision and NLP techniques to generate descriptive text from
images [136]. This process typically involves two main components
including an image encoder and a text decoder. The image encoder is
typically a ResNet50 model [137] that extracts visual features from the
input image. These features are then fed into the text decoder, which is
usually a recurrent neural network (RNN) or a transformer model [58],
to generate a coherent and relevant textual description. The training
is based on large datasets containing images paired with descriptive
captions, allowing it to learn the associations between visual elements
and corresponding text descriptions. This technology is widely applied
in areas such as automatic image annotation or accessibility for visually
impaired users. Typical models from this category account LLaVA [63]
combining a vision encoder followed by a GPT-4 for general purpose
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visual and language understanding, CLIP [136], or SimVLM [138]
hich uses a vision transformer instead of a CNN as the encoder.

One example of speech as input modality can be processed with
Whisper [135] which is an automatic speech recognition system intro-
duced by OpenAI and published in September 2022 as an open-source
software. It utilizes an encoder–decoder transformer-based architec-
ture, similar to those applied in LLMs, to process audio inputs and
convert them into text. The model is trained on a diverse and extensive
dataset of audio recordings paired with corresponding transcriptions
in a weakly supervised manner, enabling it to recognize speech with
high accuracy across various accents, dialects, and noisy environments.
The resulting models demonstrated good generalization ability and per-
formed competitively with similar models that were trained using prior
knowledge and full supervision, without requiring any dataset-specific
ine-tuning. Whisper is thus robust to handle different languages and

contexts, making it highly adaptable and effective for real-time applica-
tions, such as virtual assistants, transcription services, and accessibility
tools for individuals with hearing impairments. Combining the col-
lective power of complementary multi-modal input sources, system
evelopers are able to design good social, virtual, or physical com-
anions able to truly understand the needs of the people they are
nteracting with.

5.3. Creative co-working and collaboration

Creative co-working and collaboration involve the process of in-
ividuals or teams working together to generate, refine, and execute
nnovative ideas. Typical representatives enabling this creative task
o use text-to-image [139–141] or text-to-video [142–144] models,
hich can generate images from textual descriptions by using advanced

deep learning techniques. These models typically employ a generative
approach, where the input prompts are first encoded into a meaningful
representation using NLP techniques. This step can be realized using
the CLIP [136] model, among other possibilities [145]. This encoded
epresentation is then fed into a generative model, such as GANs or
iffusion Models, which synthesize images or image sequences that

match the given textual description. The result is the ability to create
diverse and high-quality images based on text prompts. Thus these
image, video [146], audio [147] generation models can be leveraged
n diverse applications e.g. art creation and design, marketing and
dvertising, film production, entertainment, and education to enhance
ccessibility and aiding in visualization tasks. More commercialized
odels in this creative field are DALL-E [2], Stable Diffusion [3],

Midjourney [4], or other recently proposed vision transformer systems
on Hugging Face.

Another collaborative tool is represented by the project GitHub
Copilot,1 developed by GitHub in collaboration with Microsoft and Ope-
nAI, is an AI-driven code completion tool designed to assist developers.
eamlessly integrated into IDEs, Copilot can be installed as an extension

within the coding environment. At its core is the GPT-3 [1] model,
trained on a vast dataset of public code repositories. As developers
write code, copilot analyzes the context and the existing code, to
enerate relevant suggestions aligned with the developer’s intent. It
rovides real-time assistance and learns from human feedback. With
uman feedback, it allows the model to adapt to human preferences
ver time. By automating routine coding tasks and offering build-

in, instant suggestions, Copilot can enhance developer productivity,
enabling users to focus on more complex and creative aspects of their
coding work and provide a sense of companionship and collaboration,
especially in remote or solo work environments.

In this paragraph, we have seen hyped generative models used to
oster collaboration and creative co-working. This demonstrates the po-
ential of generative models to enhance teamwork and drive innovation
y enabling more effective collaboration and creative synergy.

1 GitHub Copilot: https://copilot.github.com/
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6. Discussion and limitations

In this section, we discuss the current limitations of using generative
AI in assistive technologies from various aspects. Both the legal and
technical aspects of these system restrictions are taken into account
ere.

6.1. Governmental undertaken on regulating generative AI on assistive
systems

The EU AI Act, which is now in force starting from the first of August
024, focuses on categorizing AI systems [148] according to their

associated risks and corresponding compliance frameworks. Among
these AI-based systems, generative AI systems have emerged as a par-
ticularly debated category due to their widespread adoption in various
domains of our daily lives, presenting heightened concerns regarding
risks and breaches, particularly concerning individuals with disabilities
and impairments.

One joint effort involving governments and several known multina-
tional agencies and UNESCO are focusing on producing reports [149],
sets of recommendations [150], and guidelines [151] that outline
he utilization of generative AI in specific domains like education,

healthcare, and the workplace. Some of the guidelines in [151] include
ensuring proper inclusion and equity, continuously monitoring and
validation of generative AI systems, incorporating diverse perspectives
and expressions of ideas, and assessing long-term implications in an
intersectional and interdisciplinary approach.

The EU imposes strict regulations on the most high-risk AI mod-
els [152], with violations potentially leading to substantial fines of up
o 35 million euros or 7% of a company’s annual revenue. Generative
I in assistive systems would be considered among the highest-risk
pplications in this regard. Therefore, complying with governmental
egulation not only saves the company’s money, but also is essential to
nsure safety, reliability, ethical standards, and legal compliance. Some
irst steps are already made in this direction, but much more needs to

be done to sustain the long-term development of generative AI in the
ield of assistive systems.

6.2. Missing evaluation metrics for free-form text

To access the output of ChatGPT or other generated text outputs,
evaluation metrics for free-form text are necessary. Free-form text
answers generated by generative AI are responses that are not con-
strained by a predefined format or structure. Instead, these responses
re created dynamically, based on the text prompts it receives. These
nswers can range from simple sentences to complex paragraphs. Un-
ike constraint answers, free-form text allows for more nuanced and
uman-like outputs. A large challenge lies thus in the evaluation of such
ree-form text answers, especially for tasks associated with assistive AI
echnologies. In assistive systems, where these responses may be used
n sensitive contexts such as healthcare, education, or personal assis-
ance, reliable evaluation methods are crucial to ensure that the model
rovides meaningful, accurate, and supportive interactions. Without
roper evaluation, the risk of misleading or inadequate assistance
ncreases, potentially undermining the system’s effectiveness and user
rust.

For general-purpose foundation models, such as LLMs, standardized
tests to evaluate them for specific purposes are already established.
For example, one benchmark is the Massive Multitask Language Under-
tanding (MMLU) dataset [96], which includes multiple-choice ques-
ions across 57 disciplines including math, philosophy, and medicine, to

assess LLM outputs. Additionally, tools like LMSYS Chatbot Arena [153]
are used, in which the answers of two LLMs are played off against
ach other for human evaluation, and OpenAI’s HumanEval [154], that

assesses the code generation capabilities with Copilot and is also used to
incorporate human feedback. Other large-scale benchmark framework

https://copilot.github.com/
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like HELM [155] has been proposed to evaluate foundation models
across various scenarios, metrics, and models, including support for

ulti-modality and model-graded evaluation.
However, there are currently no widely recognized benchmarking

datasets or tools for evaluating generative AI in assistive systems.
In the annals of internal medicine, Dr. Omiye et al. [156] clearly
mphasized these LLMs’ pitfalls of using such text generative models

in health systems and stresses the demand for health care professionals
to familiarize them with the rapidly changing landscape of LLMs in
medicine. Shah et al. [157] also criticized the issue of missing standard-
ized ways to evaluate and quantify the benefits of LLMs under clinical
ettings [158].

The absence of widely recognized benchmarking datasets or stan-
ardized evaluation tools for generative AI in assistive systems poses
ignificant challenges to their deployment. This gap hampers the ability
o assess and validate the performance, reliability, and safety of these
I-driven solutions in critical areas such as healthcare and medical
ontexts. Without robust benchmarks, it is difficult to ensure that
hese AI systems meet the necessary standards to support healthcare
rofessionals and patients effectively.

6.3. Bias in large language models and its harms

Bias is a common problem in both generative AI models and general
AI models. Since LLMs are learned from human produced text and
materials, they tend to learn patterns of human biases or other harmful
attitudes in the data [159], which could lead to real-world harm [160].
Results produced from biased data may express these biases in var-
ious ways, for example by providing sub-optimal recommendations,
failing to recognize or respect cultural differences, or reinforcing stereo-
types. Therefore, disseminated language model generated text should
be reviewed and noted that they could contain human-like biases
or stereotypes [161]. Bias in generative AI can significantly impact
assistive systems, potentially leading to biased, inappropriate, or even
harmful outcomes for users. Given that these systems often serve vul-
nerable populations, such as individuals with disabilities, cognitive
impairments, or those requiring personalized care, the presence of bias
can exacerbate existing inequalities and hinder the effectiveness of the
assistance provided.

Despite the promising potential of chain-of-thought prompting to
nhance the reasoning abilities of LLMs, the study by Turpin et al. [162]
evealed that this method can still be systematically unreliable due
o distinct biases. Through extensive experiments, the authors demon-
trated that these step-by-step explanations can often be incorrect and
isrepresent the true reasons behind a model’s predictions when biased

eatures are added to the inputs. When models are inclined toward in-
orrect answers, the explanations often attempt to justify those answers.
hen models generate incorrect answers but attempt to justify them

hrough flawed reasoning, the risk of harm increases, particularly for
ulnerable populations relying on assistive technologies. The presence
f bias not only skews the outputs but also compromises the integrity
f the explanations provided by the AI, making it challenging to trust
hese systems.

Addressing bias is essential to ensure that assistive systems are less
iased, more inclusive, and capable of providing high-quality support

to all users, regardless of their background or characteristics. It thus
requires careful consideration of the data used to train these models,
ontinuous monitoring for biased outputs, and incorporating diverse
erspectives during the development process.

6.4. Missing transparency

One major challenge of large and complex deep learning models
s the lack of transparency [163] regarding how these models reach

certain decisions. LLMs like GPT-3 face several challenges related to
 w

8 
missing transparency due to the complexity of their internal archi-
tectures, lack of interpretability, and their ‘‘black box’’ nature [29].
This missing transparency makes it difficult to understand how specific
inputs are processed to produce outputs. This complexity can obscure
the decision-making process and raise trust issues in crucial domains,
especially in healthcare sectors, where medical decisions are directly
linked to human well-being. However, recently there have been re-
searched strategies to improve the decision-making process in LLMs
including enhancing data quality [164], refining model architecture,
finetuning or distillation to specific use-cases [165] and incorporating
better evaluation techniques. Graph-based LLMs [166] also offer a
promising direction towards this issue.

Unlike traditional algorithms where the logic can be traced and
understood, the deep learning processes in LLMs are not as straight-
forward to decode and interpret [26]. The current trend of research
encourages to use of chain-of-thought (CoT) prompting approach with
LLMs to better understand the human inputs [167,168]. The CoT
prompting in LLMs refers to a technique where the model is prompted
to generate a sequence of intermediate outputs leading up to a final
answer, rather than producing an immediate response. This approach
can help improve the model’s performance on complex tasks by break-
ing down the problem into more manageable parts. Cohn et al. [169]
leveraged the CoT prompting approach to build an assistive tool in an
educational context combined with LLMs to assess students’ responses
to middle school science subjects, e.g. Earth Science, and assess their
true understanding of the matter.

As users and even developers may not fully understand how a
generative model arrives at a particular result, it may raise concerns
about trust, accountability, and reliability, especially under medical
ontexts [170,171]. These issues underscore the need for ongoing
esearch to improve the interpretability and transparency of such gen-
rative AI systems, as well as for the development of robust frameworks

for explaining generative AI’s behavior. This is particularly important
in the medical field, where it is essential for practitioners and doctors to
trust that the AI’s recommendations are as understandable and reliable
as those provided by their human colleagues.

6.5. Generative model is still missing true human understanding

Richard Feynman once said, ‘‘What I cannot create, I do not under-
stand’’ [172]. Generative AI models, such as GPT-3 [1], are designed
to generate coherent and contextually relevant text based on the input
they receive. However, these models often excel more at generating
ext than truly understanding the content [173]. This phenomenon is
alled the paradox hypothesis of generative AI. Recent research by

West et al. [173] considered precisely this exact issue. It indicates
that the generative capability of these models appears to be more
ffective than understanding, which contradicts human intelligence,
here generation is typically considered more challenging.

This study by Hendrycks et al. [96] examined the strengths and
limitations of GPT-3 across a range of tasks, such as elementary math-
ematics, US history, computer science, and law. Although the GPT-3
model enhances accuracy by nearly 20% over random chance on av-
erage, it still requires significant improvements to reach expert-level
accuracy on certain tasks. The research underscores areas where GPT-
3 lacks true understanding and often fails to recognize its own errors.
Dakhel et al. [174] also demonstrated that GitHub Copilot lacks the
apability to integrate information from various sources to produce a
ohesive solution.

Thus, it may still be difficult for these generative AI systems to
reach human-level or expert-level understanding. In summary, the
inability of generative AI to produce human-like understanding can
lead to miscommunication, reliability issues, limited usefulness, poor
ser experience, and reduced problem-solving abilities. This reduced
roblem-solving ability and lack of true understanding mean that gen-
rative AI might offer solutions that are irrelevant or even harmful,
articularly when assisting individuals with disabilities or impairments
ho rely on precise and empathetic responses.
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6.6. Potential misinformation and manipulation

LLMs, such as GPT-3.5, LLaMA, and PaLM, have demonstrated sig-
nificant knowledge and expertise across various tasks. However, their
generated responses cannot be entirely trusted due to the phenomenon
of hallucination [28], where LLMs can generate fictitious information
that appears plausible to users. The underlying causes of this issue
and its widespread occurrence are still unclear [175]. The phenomenon
could be a useful feature in creative writing, but on the other hand can
aise severe risks in many application areas, such as law enforcement,
olitics, media, and medical decision-making.

Previous works looked at this problem from various perspectives,
ranging from overfitting [176] to memorizing effect [177]. Yao et al.
175] investigated the effect of directly triggering the LLMs to fabricate
on-existent facts or inappropriate information by prompting the net-
ork with constructed non-sense Out-of-Distribution terms composed
f random tokens. They consider this form of attack similar to an
dversarial attack against the LLMs.

Despite the benefits of generative AI tools in building assistive
systems, it still remains unclear what are the negative impacts of the
hallucination effects of LLMs on these systems. One example is the
use-case of the generative AI tools in supporting children with high-
functioning autism (HFA) as investigated by Tang in [72]. In interviews

ith parents whose children participated in the study [72], concerns
were raised and a desire to monitor the content of conversations was
expressed by most of the parents. Given the complexity and sensi-
tivity of this issue, it is insufficient to claim that assistance systems
equipped with powerful LLMs can replace human intervention. The
tudy in [178] assesses how students utilize generative AI for various
urposes in their daily lives, with 29 percent indicating that they
se it to manage anxiety or mental health issues. This suggests that,

even in personal settings, the generation of inaccurate or misleading
nformation by these AI systems can have serious negative effects. To

ensure more effective collaboration between AI-assisted systems and
uman interaction, it is crucial to emphasize the balance between

AI-based training and face-to-face communication.
Thus, it is essential to mitigate the risk of hallucinations and ad-

ersarial attacks to ensure the reliability of generative AI systems for
ensitive applications, such as summarizing medical records, medi-
al decision-making, producing financial analyses, and offering legal

advice as presented by Tonmoy et al. [179].

6.7. Privacy and ownership

Numerous studies investigated the potential risks of incorporating
enerative chatbots into everyday life, with a primary focus on security,
rivacy, and ethical concerns [180–183]. As an example the regulation

of OpenAI’s handling of personal information claims to be in compli-
nce to the privacy laws of various countries [180]. For example, the

General Data Protection Regulation (GDPR) in Europe, enacted in 2018,
has enhanced data protection rules for individuals within the European
Union (EU). Although OpenAI claims to adhere to GDPR and other
relevant laws as outlined in their privacy policies, these measures may
still not fully alleviate individuals’ privacy concerns, such as the storage
and handling of their personal information by OpenAI [180].

Unresolved copyright and intellectual property issues [184] sur-
round content generated by generative models, such as new medical
images. Questions arise regarding who should own the copyright to AI-
generated content and who should be held liable for any harm it might
cause. These issues become more complex when AI-generated content
is based on existing copyrighted materials [185].

Therefore, declaring ownership of AI-generated content is important
o establish clear intellectual property rights, ensure accountability for
he content they produce, and address potential legal and ethical issues,

such as copyright infringement and liability for any harm caused by
I-generated content. This clarity is essential for fostering trust and

ransparency in the use of generative AI technologies. This also relates
o the use of generative models in terms of creative companionship and
ollaboration tools to assist people at the workplace.
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6.8. Complexity and resistance of integrating generative AI in assistive
technologies

Yonah Welker has written an article as part of the AI Governance
Summit published on the World Economic Forum [186] in which he
mphasizes the importance of policy and regulation in shaping the use
f generative AI in assistance systems to reach its fullest potential.
hile generative AI holds significant promise for enhancing inclusion

nd empowerment for individuals with cognitive disabilities, it still
emands interdisciplinary collaboration and close partnerships within
hese multi-stakeholder scenarios, which include families, caregivers,
evelopers, and the targeted users simultaneously.

Due to the identified limitations in previous subsections, it remains
challenging to seamlessly integrate these technologies into assistive
echnologies for real-life use-cases. In interviews with parents whose
hildren participated in the study [72], most parents expressed strong

concerns and raised the desire to monitor the content of conversa-
tions conducted between the generative AI-assisted interaction tool and
children with autism.

Currently, there is no consumer acceptance model specifically for
generative AI devices in service delivery, unlike the general AI device
use acceptance model (AIDUA) proposed by Gursoy et al. [187]. How-
ver, with the rapid advancements in generative AI and its growing
resence in everyday life, there is a clear need to extend these accep-

tance frameworks to include generative AI and its unique applications.
uch an extension would need to incorporate aspects like novelty
alue, perceived humanness, and cognitive attitudes to address the
istinct characteristics of generative AI. Initial efforts in this direction
an be seen in the study by Ma et al. [188], which explored the

willingness to adopt ChatGPT in the chatbot application. They collected
500 questionnaires from participants familiar with ChatGPT and found
that during the initial evaluation phase, factors such as social influence,
ovelty value, and perceived humanness positively influenced individ-
als’ perceptions of ChatGPT’s performance and expectancy. They also
ound that age negatively correlated with willingness to embrace this
echnology.

6.9. Integration limitations regarding computing power, data storage and
scale

The deployment of generative AI in assistive technologies can often
e streamlined by integrating pre-existing LLMs with minimal training
ffort to provide personalized care [105] or human-like interactions

in service and care sectors [83]. Rather than building models from
scratch, these LLMs can be fine-tuned on domain-specific datasets, en-
abling them to adapt to the unique characteristics and requirements of
particular use cases [88]. This approach significantly reduces the com-
putational and time investment needed for training, focusing instead
on optimizing and customizing the models for effective application in
targeted assistive technology scenarios.

A significant challenge in deploying generative AI in assistive tech-
nologies is the lack of sufficient data in specific domains. Many spe-
cialized fields lack the extensive datasets needed to effectively train
models [88], leading to limited performance and generalization issues.
Furthermore, existing models often do not scale well, struggling to
maintain efficiency and accuracy when adapted to diverse and highly
specialized tasks [189]. This hinders the broader applicability and
reliability of generative AI solutions across various assistive technology
domains.

These systems involve data that might be categorized as sensitive
personal data, such as health records or medical information, rais-
ing significant privacy and security concerns. Storing and managing
this data securely is critical, as any breach could lead to serious
consequences for individuals’ privacy and trust. Ensuring compliance
with data protection regulations, such as GDPR in Europe and Health

190] in the
Insurance Portability and Accountability Act (HIPAA) [
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Table 1
Overview of the works investigated in this survey. They are summarized to reflect the different aspects considered in this work, such as category of use-cases, characteristics used
in the assistive technologies, potential aspect of limitations, generative models used, and the kind of data generated by these models.

Work Category of use-case Characteristics Potential aspect of
limitations

Generative models used Kind of generated data

Nugent et al. [21] care sectors co-creation & collaboration bias, missing true
human understanding

LLMs for text adaptive text for care
sectors

Revell et al. [83] care sectors companionship robots bias, lack of
Transparency,
privacy concerns

LLMs for text niche text for care sectors

Tytarenko et al. [85] care sectors companionship robots bias, lack of
understanding and
transparency

diffusion models for
actions

learning smart policy for
agents

Adedeji et al. [86] care sectors co-working system bias, potential
misinformation

speech-to-text model automatic transcription
to text

Singhal et al. [91] medical sectors co-creation & collaboration bias, lack of
understanding and
transparency

LLMs for text medical text for
diagnostics

Hadid et al. [97] medical sectors co-creation & collaboration bias, lack of
understanding and
transparency

GAN for visual data
augmentation

synthetic visual outputs

Sabo et al. [100] medical sectors chatbot & collaboration bias, lack of
transparency,
misinformation

speech recognizer,
ChatGPT,
speech synthesizer

human-like speech
interactions

Montagna et al. [132] medical sectors companionship & collaboration bias, misinforamtion,
lack of transparency

LLMs like GPT-4 personalized management
plans

Qin et al. [71] supportive sectors companionship & collaboration bias, misinforamtion,
lack of understanding

speech recognizer, LLMs human-like dialogues

Tang et al. [72] supportive sectors companionship & collaboration bias, misinforamtion,
lack of understanding

emotion recognition,
speech-to-text,
Azure’s text-to-speech

immersive learning
context

Yue et al. [104] supportive sectors companionship & collaboration bias, misinforamtion,
lack of understanding

GPT-3.5 and GPT-4 text for story telling and
social emotional learning

Upadhyay et al. [105] supportive sectors companionship & collaboration bias, misinforamtion,
lack of understanding

review different GenAI
tools

d develop adaptive
learning strategies

Eldawlatly et al. [107] supportive sectors co-working system bias, lack of
understanding and
transparency

GAN for data
augmentation

synthetic output EEG
signals

Xu et al. [134] supportive sectors companionship & collaboration bias, misinforamtion,
lack of understanding

customized LLM chatbot speech to instruct
users over eyewear

Pani et al. [115] comfort sectors companionship & collaboration bias, misinforamtion,
ethical considerations

ChatGPT, Bard human-like dialogues

Griffith et al. [116] comfort sectors companionship & collaboration bias, misinforamtion,
ethical considerations

LLMs like CareCall,
text-to-speech like
VALL-E,

image generation for
avatar
develop behavioral
digital twins

Xie et al. [122] comfort sectors co-creation & collaboration bias, misinforamtion,
lack of understanding

customized chatbot
Benny
for text input (LLMs)

human-like dialogs with
knowledge transfer

Puryear et al. [124] comfort sectors co-creation & collaboration bias, misinforamtion,
lack of understanding

Copilot for coding improved coding skills

Seymour et al. [125] comfort sectors companionship & collaboration bias, misinforamtion,
lack of transparency

LLMs for
multi-user-sessions

human-like dialogues
m
c

m

f

US, is essential, alongside implementing robust encryption and access
control measures to safeguard personal information throughout the
data life-cycle.

In Table 1 we provide an overview of all investigated works in this
comprehensive survey summarizing different aspects including the tar-
eted category of use-case, the characteristics used as assistive systems,

the potential aspect of limitations if appropriate, the generative models
used and the kind of generated data it outputs.

7. Future directions

Possible future directions using generative AI in assistive systems
are foreseen to include and extend the use-cases we have already iden-
tified in Section 4. These directions encompass e.g. enhanced accessibil-
ity by improving communication tools for people with disabilities, such
10 
as advanced text-to-speech and speech-to-text systems. Additionally,
ore intuitive interfaces for individuals with mobility impairments

an be designed. Companion robots and virtual assistants are designed
to provide assistance to the elderly or individuals with their daily
tasks, like medication reminders, and social companionship. Further-
more, generative AI can support individuals or groups of individuals
in creative fields in terms of co-working services such as writing,

usic creation, and art production by providing inspiration, drafting
initial concepts, and enhancing creative outputs to enhance workplace
productivity and reduce workplace loneliness.

Currently, it is also promising to work on the discussed limitations
rom Section 6. Proper and clear government regulations are required

to establish legal frameworks for the development and use of gener-
ative AI technologies in assistive systems. Standard benchmarking for
evaluating these systems is essential for comparative solutions, ensuring
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consistency in performance metrics, facilitating objective assessment,
nd driving advancements through clear and quantifiable goals. Re-
ucing the inherent bias issue and improving the explainability and
ransparency in such systems make them more trustworthy and reliable.
 clear declaration of ownership of AI-generated content further sets
 legal foundation for resolving issues related to intellectual property,
ccountability, and the responsible use of AI technologies in assistive
ystems. This is of importance, as these systems are used in areas where
eople are directly affected.

Here, we reviewed some concrete potential solutions or relevant
aths to be explored to overcome some mentioned limitations. Promis-
ng research advancements have emerged in systems like Retrieval
ugmented Generation (RAG) [191], which help mitigate hallucination

n LLMs by incorporating external, relevant information. RAG works
y retrieving pertinent data from a pre-defined knowledge base or
xternal sources, allowing the model to generate more accurate and
act-based responses. By grounding LLM outputs in real-world, verified
nformation, RAG reduces the likelihood of generating incorrect or
abricated content. This approach not only enhances the reliability of
LMs but also improves their performance in domains requiring precise
nd factual information, such as healthcare, education, and technical
ields.

Beyond smart algorithmic design techniques like RAG structure, the
uality and richness of data play a critical role in reducing bias and
allucination in generative AI models. Google’s DataGemma [192], de-

signed specifically to address hallucination challenges, grounds LLMs’
output in real-world statistical data from Google’s Data Commons.2
Data Commons is a publicly available knowledge graph that include
over 240 billion data samples across hundreds of thousands of statistical
variables, sourced from trusted organizations such as the United Na-
tions (UN), World Health Organization (WHO), and Centers for Disease
Control and Prevention (CDC). By combining these robust datasets
with advanced AI models, policymakers, researchers, and organizations
could gain access to accurate, reliable insights, and further minimize
hallucinations and biases in AI-generated content.

Another major drawback of synthetic datasets is that they often
suffer from limited intra-class diversity and insufficient cross-class dis-
crimination, resulting in suboptimal performance. To overcome this
challenge in synthetic data generation, a solution was proposed in [50],
where the generative latent space can be separated by class specific
boundaries. By sampling further from these boundaries, the variation in
the generated samples is increased. Following the same goals, Boutros
et al. proposed a novel method denoted as IDiff-Face [55], which uti-
lizes conditional latent diffusion models to generate synthetic identities
with realistic variations. The identity condition is incorporated into the
model by mapping the training images into a low-dimensional feature
space and integrating this representation into the diffusion model’s
intermediate layers through a Cross-Attention mechanism. To introduce
variability in the generated outputs, the authors employed a Contextual
Partial Dropout technique, which selectively drops components of the
identity context with a certain probability during training. Thus condi-
tional control to diffusion models [193] can keep the generated output
ealistic by guiding the generation process with specific conditions

or input data, such as class labels, images, or text prompts. These
onditions provide additional context and constraints for the model, en-
uring that the generated output aligns with the desired characteristics.
uring the denoising process in diffusion models, the conditions help

he model learning to generate data that is more coherent and aligned
ith the expected real-world patterns, leading to outputs that are both
lausible and contextually relevant.

We believe that it is only possible to build secure, faithful, and
rustworthy generative AI systems for assistive technologies if all these
hallenges and limitations previously identified are properly addressed.

2 Data Commons: https://datacommons.org/
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8. Conclusion

Generative AI models have recently surged in popularity, signifi-
antly impacting various sectors of our daily life. This comprehensive
urvey highlights the increased application of generative AI within as-
istive technologies, benefiting a wide range of stakeholders including
ssistive system developers, medical practitioners, the care workforce,
nd individuals requiring care and support. We have explored current
rends in applying generative AI across four key domains in assistive
echnologies including care sectors, medical sectors, aiding people in
eed, and co-creation or co-working.

We identified existing limitations of generative AI and its use in
assistive systems, such as lack of transparency and interpretability, bias,
and missing common benchmarks for evaluation and compliance with
egal frameworks. The main differences between identified research

trends involve shifts from generalized generative AI models to more
omain-specific applications that prioritize human-centric design and
rustworthiness, as well as the incorporation of multi-modal data to
nhance system performance.

Key future research directions include the development of explain-
able generative AI models that allow for greater transparency and trust,
enhanced methods for bias detection and mitigation, and the estab-
lishment of standardized evaluation metrics for AI-generated content.
Additionally, further exploration is needed into collaborative AI sys-
tems that support dynamic interaction between humans and AI, as well
s the creation of robust ethical guidelines and regulatory frameworks
hat safeguard the rights and privacy of all stakeholders. These efforts
im to refine the integration of generative AI in assistive technologies,
aking them more effective, reliable, and ethically sound.
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