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Abstract

This paper examines the potential impact oflarge language models (LLMs) on human-
computer interactions (HCI), particularly in enhancing usability and accessibility.
With rapid advancements in LLM technology, the integration of natural language
processing (NLP) capabilities into HCI systems can lead to more intuitive interfaces
and improved user experiences. The paper discusses various affordances of LLMs,
including predictive text capabilities, context awareness, real-time translation, and
error detection. Ultimately, this paper highlights the dual nature of LLMs as both a
promisingtool forimproving HCland a technology thatrequires careful consideration
and further research to understand its implications for usability effectively.

Transparency statement

Microsoft Copilot was used as a tool to locate articles with specific content matter for use in this
paper. Prompts were given to the Copilot Al requesting peer reviewed articles with specific subject
matter relating to the topic of research. Only articles that were determined pertinent have been
included. There is no concern of hallucination or misinformation in regards to the content Copilot
provided. Only a small portion of articles were sourced using this method, not the entirety of the
sources used. This is the only way in which an Al tool was used in the writing of this paper. Copilot
was not consulted for ideas on the subject matter. All written content and ideas were generated
solely by human authorship.



1. Introduction

The relatively quick advancements in large language models (LLMs) in recent years will
undoubtedly have a very significant impact on the field of human-computer interactions (HCI).
The field of HCI is constantly on the quest to enhance the usability and accessibility of future
systems. The field of HCI stands to gain a lot from utilizing LLMs and their capabilities to
process natural human language towards this goal. By leveraging LLMs, researchers and
developers can create more intuitive interfaces with built in LLMs that improve user experiences
and solve specific user needs. This paper explores the unique capabilities of LLMs and how
they can be applied to HCI to improve usability, focusing on their abilities to improve user
experiences through their capability to process language and context, identify and correct errors,
and generate textual outputs. Overall, a more complete understanding of the place LLMs have
within the field of HCI is the intended outcome.

There is currently very little distinction between subfields of generative Al, which would
distinguish LLMs from generative Als that are composed of text, audio, and image generation
functions. Only LLMs will be discussed in this paper, not generative Al as a whole.

This paper is not an analysis or discussion of the usability of Al interfaces themselves. This
paper is also not a consideration of Al tools as design assistants to HCI designers. This paper is
a review of the capabilities of large language models of Al and what benefits they might bring as
tools to increase the usability and accessibility of systems when incorporated within them.

2. LLM Affordances

The most notable affordance of LLM models is natural language processing (NLP). While
not all generative Al tools use NLP, all LLMs are primarily composed of NLP systems. NLP is
the defining characteristic of LLMs and is what separates them from other machine learning and
generative Al. NLP is what allows LLMs to communicate effectively with users through natural
human language [4]. NLP is made up of two primary language model types: contextual language
models (CLM) and predictive language models (PLM) [1].

CLMs use previous words to predict future words in a sequence. CLM training is heavily
supervised and involves encoding extensive pairs of input contexts that result in the model’s
predictive capabilities [2]. PLMs are trained without supervision on a large corpus of text. PLMs
gain next-word predictive capabilities from analyzing preceding words in text and are able to
generate textual outputs [3].

NLP and the different language models used to make LLMs are responsible for most of the
beneficial functions of LLMs and are responsible for several useful applications of LLMs, which
will be covered below.

2.1. Predictive Text Capabilities

The methods by which LLMs are trained allow them the ability to accurately predict and
suggest text. This has been applied in a few areas to make user assistance tools like Google’s
Smart Compose LLM [5]. These capabilities have also been applied to coding interfaces like
in Microsoft’s Copilot [6]. LLMs like these are able to analyze what text a user has already



begun to compose and can use their encoded context and word sequence predictions to offer
composition advice to users. LLMs can also suggest entire sections of text based on pre-
established requests or user prompts.

Predictive text features have been shown to improve writer efficiency in college students
using Smart Compose. The automated spelling and grammar provided through text suggestions
also reduced the student errors [7]. It is likely that similar efficiency benefits are afforded to
systems that use predictive text features. Although the state of research is still relatively new,
making it hard to draw definitive conclusions.

2.2. Context Awareness

LLMs have become incredibly proficient at understanding context within a text. LLMs
achieve this ability through two major components. LLMs separate sets of lingual data into
linguistic units, represented by numerical labels within the LLM. These linguistic units have
several levels, starting at the character-level and ending with phrase-level units [1]. These units—
also referred to as tokens—are what allow LLMs to assign meanings to words and understand
semantic information.

Improved search tools. The ability to encode semantic and contextual information through
tokens allows LLMs to be used as more user-optimized search tools. LLMs that have been
trained on a large set of data from across the internet are able to use the semantic and contextual
information present within user input to find results more accurate to the user intent [1].
OpenAl’s ChatGPT has shown itself to be beneficial at improving search efficiency. However,
the quality of prompts can affect the usefulness of its results, and—Iike all LLMs—it is great at
producing dictionary-level knowledge but not actual wisdom [8].

Abstractive text summary. When the system of tokenized information is combined with
deep learning methods, a LLM also becomes fairly good at summarizing text to be better
understood and quickly consumed by users. There are many algorithms made to accurately
summarize text information, all of which have comparable results in the quality of results [9].

Al chatbots. A separate application of the same training and deep learning techniques allows
Al to interact conversationally with users. Research into the effects of Al chatbots on usability
has found that chatbots do have a positive impact on usability [10]. Chatbots are able to increase
user engagement and guide users through using an interface, reducing user error and providing
help when users get stuck.

Research into the use of Al chatbots on usability has recently been considered and proposed
in the field of healthcare. Researchers from Saudi Arabia designed and intend to test the use of an
Al chatbot as an assistance tool for aging adults to better access and use technologies related to
their care [15]. The proposed research expects that declining eyesight and fine motor skills that
affect patient access to technology can be accommodated through the use of a ChatGPT-3 based
chatbot.

2.3. Real-time Translation

The proficiency with which an LLM can process and understand language makes it useful
as a translation tool when it is trained on two or more languages. The generative capabilities of



LLMs allow translations made by an LLM to be accessible to users with practically zero wait
time. The accuracy of LLM translation has been found to be incredibly reliable at reducing user
error through its ability to provide real-time feedback and self correct errors [11].

While the translation capabilities of LLMs are focused on providing the highest quality
output with as little latency as possible, there is a lack of research into whether the experience of
users is actually affected by the use of LLMs over other translation programs and how automatic
translations compare to human interpretations [12].

Whether LLM automatic translation is robust enough to replace other methods entirely is
a major consideration facing HCI professionals. Although this translation capability is useful,
it is unlikely that real-time translations made by LLMs will supplant translations generated by
professionals in critical areas. Real time translation by NLP models is still heavily prone to error
and cannot be fully trusted to return accurate outputs. Despite this, the efficiency they bring to
the table makes them incredibly useful, even more so if current issues are sufficiently addressed

[11].
2.4. Error Detection and Correction

The error detection and correction capabilities of LLMs are similar to their predictive
text capabilities. LLM error detection uses the same CLM and PLM tools to analyze text, but
instead of focusing on predicting the next words in the sequence LLMs check for and identify
discrepancies between the input and the correct spelling or grammar within their training data
[13]. Error detection can be applied as a tool to improve user efficiency and reduce error and
cognitive load in the same way as predictive text services. LLM error detection capabilities have
also been applied upon themselves to help improve the quality of user assistance chatbots. This is
often achieved through a technique called reinforcement learning [ 14].

As mentioned earlier, there are already several commercial LLMs that utilize error detection
and correction—as well as text predictions—to provide assistance to users [5, 13]. While not all
LLMs are designed with writing checks or code assistance in mind, many popular Al services—
ChatGPT, Copilot, Gemini, etc.—are capable of these functions if prompted.

3. Limitations and Concerns

3.1. Performance Limitations

Currently, there are a few notable performance limitations associated with LLMs that must be
taken into account, as they are likely to affect their effectiveness as tools for enhancing usability.
These limitations, such as hallucinations, biases in training data, and effects of limited training
data, are bound to impact their effectiveness as tools to increase usability.

Hallucination. A persistent issue with LLMs is their propensity to produce convincing
results that do not align with empirical realities. These outputs are referred to as hallucinations.
LLMs can produce several types of hallucinations, ranging from factually incorrect fabrications
to logical hallucinations that lack internal consistency and contextual hallucinations that lack
consistent context to the original query [17].



The issue of hallucination can be made worse if the content in play is highly specialized.
Research has shown that LLMs struggle to generate factual results, especially in cases where
highly specialized knowledge is involved [8]. Since LLMs cannot truly understand the
content they process, they are incapable of recognizing when their summaries are based on
understandable language and not an accurate representation of the facts they were asked to
interpret.

Group Bias. Bias towards certain groups or the promotion of certain biased viewpoints
is a recurring issue for LLMs. LLMs are susceptible to pre-existing societal biases that are
represented in some way within their original training data. Additional technical bias can be
introduced to a system through the data input to the system [19]. The relationship between an
LLM and user interactions can also unintentionally introduce bias. Users can impose their own
bias upon the system through their inputs, which the system may learn to favor over time [20].

Training Limitations. LLMs are significantly limited by the quality of their training data.
The data used to train an LLM dictated how that model behaves. The quality of training data
is what can result in bias built into the model. Limitations in the scope of the data’s knowledge
can also lead to issues where LLMs cannot produce correct answers to requests relating to
specific knowledge bases not within or well understood by the model. Since LLMs cannot
actually understand what they know, a lack of information can often lead to mistakes in semantic
encoding [21].

3.2. Other Challenges and Concerns

In addition to the purely functional limitations of LLMs, there are significant ethical and
economic concerns that are important to the discussion of this technology. Considering these
concerns is important if responsible implementation of LLMs on a larger scale is to be achieved.

Cost of LLMs. A major concern of LLMs is their high energy demands and the potential
ramifications that may have on climate change. According to a study of the energy and
emissions costs of several of the top task-specific and multi-purpose Al models, global data
center electricity consumption has grown annually by 20-40% over the past few years. Training
Al models takes the highest energy cost when, and due to the larger amount of training data,
multi-purpose models tend to require more energy to train [22]. This study also found that
comparatively, generative tasks cost more energy than discriminative ones, and task-specific
models are more cost effective than generalized models overall. When it comes to the type
of content being produced, image generation has much higher energy requirements than text
generation.

Ethical concerns. The first major ethical concern when it comes to LLMs—and Al at
large—is trust. Whether or not Al can be trusted is a very large question. Al is very good at
generating believable outputs, something that causes a lot of trouble when believable outputs are
factually misleading. Interestingly, a study into trust between humans and Al found that text-to-
text interactions fostered higher trust in Al than text-to-image models. It also found that the same
interaction effect that influenced trust also increased perceptions of usability [23].

The second major ethical concern with LLMs is transparency. Many individuals have valid
concerns when it comes to Al transparency. Als are not very good at showing users what’s
behind the curtain, leaving many users to wonder how Al has arrived at the outputs it gives them.



This lack of understanding can lead to distrust in the accuracy of Al outputs in some cases. There
is also a lot of concern when it comes to individuals disclosing the use of Al to achieve their
outcomes. Another area where the lack of transparency can lead to distrust [24].

4. Future prospects and the need for specialized models

The capabilities to improve system usability and accessibility that LLMs have make them
a definite tool in the future of HCI. As previous sections have illustrated, there are many
affordances of LLMs for usability applications and some promising research into practical
applications of these affordances. As the tool of LLMs becomes more popular, the critical
issues and limitations of the technology will have to be adequately addressed. The best way for
HCI professionals to do this is through the development and testing of task-specific models as
opposed to using commercial multi-purpose models.

Many of the aforementioned limitations of LLMs are mitigated by the creation of task-
specific models. Most commercial generative Als are generalized models intended for
widespread use by a large and generalized user base. When applying these generalized models
to specific use cases, they often underperform. Recent research would suggest that a lot of the
performance issues with LLMs can be resolved through the development of task-specific models
focused only on a small set of specific use cases [25]. As an example, other cases have found that
task-specific models can reduce—or resolve entirely—the issue of hallucination purely through
optimizing current model frameworks and closely monitoring model design and training [16, 18].

Currently, task-specific LLMs are also more cost effective to train and have the potential to
work more efficiently than multi-purpose models. This and the performance improvements make
small, task-specific models a better choice for HCI developers. As Al development becomes
more accessible and cost effective it is likely that these benefits of task-specific models will
continue to outweigh the convenience of using a commercially available generalized model.

Research into the use of Al in the field of HCI is still relatively new. Consequently, there is
not a lot of research focused on the impact of LLMs—or any other Al—on usability. The state
of research is still in its infancy, with the research that does exist on the topic being relatively
recent. As the field of Al in HCI continues to evolve, it is essential for researchers and developers
to prioritize the development of specialized models, fostering advancements that enhance user
experience and accessibility across diverse applications.

5. Conclusion

The decision to implement LLMs as a usability tool remains a subjective choice, dependent
on the specific needs and goals of the HCI designers and the systems they aim to enhance. It is
apparent that there are several persistent concerns with LLMs as a technology at large. While
LLMs offer considerable affordances for certain applications, their high cost and the need for
specialized models to achieve optimal results make them a substantial investment. More research
is needed to understand the impact LLMs have as a tool for usability and to identify methods of
application that work best for HCI.

Given these considerations, it is not advisable to universally promote the use of LLMs within
the HCI field as a method of improving usability. Although there are scenarios where LLMs



integrated into an interface can significantly improve usability, their effectiveness in this role
should be better understood through additional research. The numerous limitations and other
concerns for LLMs need to be better addressed in practical applications before the widespread
utilization of LLMs as tools to improve user experience can be advised.
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