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Abstract: This paper presents a comparative analysis of OpenAI’s GPT-4 and its optimized variant,
GPT-4o, focusing on their architectural differences, performance, and real-world applications. GPT-
4, built upon the Transformer architecture, has set new standards in natural language processing
(NLP) with its capacity to generate coherent and contextually relevant text across a wide range
of tasks. However, its computational demands, requiring substantial hardware resources, make it
less accessible for smaller organizations and real-time applications. In contrast, GPT-4o addresses
these challenges by incorporating optimizations such as model compression, parameter pruning, and
memory-efficient computation, allowing it to deliver similar performance with significantly lower
computational requirements. This paper examines the trade-offs between raw performance and
computational efficiency, evaluating both models on standard NLP benchmarks and across diverse
sectors such as healthcare, education, and customer service. Our analysis aims to provide insights into
the practical deployment of these models, particularly in resource-constrained environments.
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1. Introduction
OpenAI’s GPT-4 has revolutionized natural language processing (NLP) with its ability to gen-

erate coherent, contextually relevant text across various applications, such as language translation,
conversational agents, summarization, and content generation. By leveraging vast amounts of textual
data and the transformer architecture’s self-attention mechanisms, GPT-4 can understand and generate
human-like responses with remarkable accuracy. This has had profound implications across multiple
industries, including healthcare, customer service, and education, where natural language processing
is integral to automation and enhanced user experience [1]. However, despite its success, GPT-4 has
also faced challenges, particularly concerning its large model size, high computational costs, and
energy consumption. Running such a model often requires substantial hardware resources, which can
be prohibitive for smaller organizations or real-time applications.

In response to these challenges, OpenAI introduced GPT-4o, an optimized variant designed
to reduce resource consumption and increase operational efficiency. GPT-4o retains much of GPT-
4’s advanced capabilities while integrating optimization techniques such as model compression,
parameter pruning, and memory-efficient computation, making it more suitable for deployment in
environments where computational resources are limited [2]. These optimizations are particularly
relevant in scenarios that require real-time processing, such as interactive chatbots, virtual assistants,
and other AI-powered systems where latency and response time are critical.
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This research investigates the technical and functional differences between these models and
highlights their respective strengths, shortcomings, and potential use cases. By analyzing their
architectures, we aim to understand the trade-offs made between raw performance and computational
efficiency. Specifically, while GPT-4 excels in tasks requiring high accuracy and deep contextual
understanding, GPT-4o offers a more balanced approach, ensuring a lower computational footprint
without sacrificing too much performance. This balance makes GPT-4o a viable solution for industries
prioritizing speed and cost-efficiency over marginal gains in performance [3,4].

In this paper, we aim to provide an in-depth comparison of GPT-4 and GPT-4o, both from a
technical and application-oriented perspective. We begin by reviewing the architectural foundations of
both models, focusing on the core mechanisms that drive their performance. Then, we delve into the
specific optimizations implemented in GPT-4o, including techniques like quantization and adaptive
batching, and evaluate their impact on both inference speed and overall system efficiency. Finally, we
present performance evaluations based on standard NLP benchmarks and real-world applications to
illustrate the practical implications of using these models across different sectors, such as education,
healthcare, and customer service [5–8]. Through this analysis, we seek to provide actionable insights
for practitioners and researchers in AI, helping them make informed decisions about model selection
based on their specific requirements.

The paper is structured as follows: Section II provides an overview of beam management stan-
dards and summarizes related survey papers; Section III reviews state-of-the-art 6G beam management
approaches; Section IV discusses possible avenues for future work; and Section V concludes the paper.

2. Overview of ChatGPT-4
2.1. Architecture

ChatGPT-4 is built upon the Transformer architecture, introduced by Vaswani et al. (2017), which
has since become a cornerstone for most state-of-the-art NLP models due to its efficiency in handling
long-range dependencies in text. The Transformer model, unlike traditional recurrent neural networks
(RNNs) or long short-term memory (LSTM) models, leverages self-attention mechanisms, allowing
it to focus on different parts of the input sequence dynamically, regardless of their distance from
the current token being processed. This ability to capture complex relationships between words and
phrases in a parallelizable manner is one of the key factors that enable GPT-4 to generate coherent,
contextually relevant responses across diverse tasks [9].

GPT-4 employs a multi-layer architecture, where each layer consists of two primary sub-layers:
a multi-head self-attention mechanism and a position-wise fully connected feedforward network.
The self-attention mechanism enables the model to weigh the importance of different tokens in the
input sequence, which is crucial for tasks that require understanding context, such as translation, text
generation, and summarization [10]. Additionally, GPT-4 includes positional encodings to account for
the sequence order of words, addressing one of the main challenges in the original Transformer model,
which was its inability to inherently capture sequential data.

One of the distinguishing features of GPT-4, compared to its predecessors like GPT-3, is its
significantly larger scale. GPT-4 boasts billions of parameters, vastly expanding its capacity to learn
and generalize from large and diverse datasets. This scale enables GPT-4 to not only handle a wide
array of language tasks but also excel in zero-shot and few-shot learning scenarios, where the model
can generalize to new tasks with little to no additional training data [1]. The ability to perform well
with minimal training data highlights the model’s deep understanding of language structure and
context.

Moreover, GPT-4’s training data includes an immense variety of text sources, ranging from books
and research papers to websites and social media, allowing it to develop a nuanced understanding
of different domains, genres, and styles. This diverse training corpus is essential for the model’s
generalization across multiple applications, such as conversational AI, content generation, and sum-
marization, making it highly versatile for industry use [11]. For example, in conversational AI, GPT-4
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can understand user inputs and generate contextually relevant responses with a level of coherence
and fluency that closely mimics human conversation.

The deep and wide architecture of GPT-4 also benefits from enhanced regularization techniques,
such as layer normalization and dropout, which prevent overfitting and improve generalization across
tasks [12]. These mechanisms ensure that despite its massive scale, GPT-4 maintains robustness and
stability during both training and inference. Additionally, the model employs advanced optimization
techniques, such as Adam [13], to manage the complex gradients and vast parameter space during
training, ensuring that the model converges efficiently.

As the Transformer architecture forms the backbone of GPT-4, its scalability and parallelism make
it ideal for training on modern, distributed hardware systems such as GPUs and TPUs. This ability
to scale efficiently is critical for training models like GPT-4, which require immense computational
resources. The architecture’s design allows for parallel processing of data, which significantly reduces
the time and cost of training large-scale models [14]. These computational efficiencies are crucial for
practical deployment in real-world applications, where response times and scalability are often key
performance indicators.

In summary, GPT-4’s architecture is a refined and massively scaled version of the original Trans-
former model, incorporating self-attention mechanisms, multi-layer structures, and advanced optimiza-
tion techniques. Its ability to learn from vast datasets and generalize across tasks makes it a powerful
tool for a wide array of natural language processing applications, ranging from conversational AI to
complex text generation. However, the sheer size and computational demands of GPT-4 also highlight
the ongoing challenges in model efficiency and scalability for practical deployment.

2.2. Training and Fine-Tuning

GPT-4 has undergone rigorous training on a massive corpus of diverse data sources, including
books, academic papers, websites, articles, and user-generated content, allowing it to develop a broad
understanding of language and context across different domains. This training data is not limited to
any particular subject or genre, which gives GPT-4 the versatility to perform well across various tasks
such as question answering, language translation, summarization, and conversational AI [1]. The data
is carefully curated to include information from different languages, cultures, and disciplines, allowing
the model to handle both common and specialized queries with a high degree of accuracy and fluency.

During the training phase, GPT-4 uses an autoregressive approach, predicting the next token in
a sequence based on the previous tokens. This method helps the model generate coherent text that
follows logical progression, which is particularly important for tasks like text completion and story
generation [15]. The training process is computationally intensive, typically requiring vast amounts of
GPU/TPU resources to process billions of parameters over extended periods. However, this large-scale
pre-training equips GPT-4 with a deep understanding of linguistic structures, syntax, semantics, and
even some level of reasoning, which can be leveraged across multiple use cases.

Fine-tuning, which is typically done after the initial training, plays a crucial role in adapting GPT-4
to specific applications. The fine-tuning process often involves supervised learning, where human
feedback is used to guide the model towards desired outputs. This feedback is typically collected
through human evaluators who review the model’s responses and provide corrections or rankings
based on quality, coherence, and relevance [16]. By iteratively adjusting the model’s parameters based
on this feedback, fine-tuning helps to improve the quality of the generated text in specific use cases,
such as customer service chatbots, educational tools, or medical diagnostics [17,18].

An important aspect of fine-tuning is the incorporation of Reinforcement Learning from Human
Feedback (RLHF). In RLHF, the model’s responses are evaluated by human reviewers who score the
quality of the generated outputs. These scores are then used as rewards in a reinforcement learning
framework, helping GPT-4 to learn which types of responses are most preferred by users [19]. This
approach has been particularly successful in improving the conversational capabilities of GPT-4, as it
allows the model to better align its outputs with human preferences, making it more engaging and
useful in real-world scenarios.
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The fine-tuning process also helps address specific challenges such as bias and safety in language
models. While pre-trained models like GPT-4 can inadvertently generate biased or inappropriate
content due to the nature of the data they are trained on, fine-tuning provides a mechanism to mitigate
these issues. Through the use of curated datasets and explicit guidelines, the model can be adjusted
to minimize harmful outputs and produce safer, more responsible content [20]. For example, when
fine-tuned for customer support applications, the model is optimized to handle sensitive customer
interactions with care, ensuring that it provides accurate and non-offensive responses.

Moreover, fine-tuning allows for domain-specific applications. For instance, a healthcare provider
may fine-tune GPT-4 using medical literature and guidelines to ensure that the model is capable of
providing reliable information related to healthcare [5–8]. Similarly, legal professionals can fine-tune
the model on legal texts and case law, making it suitable for assisting with legal research or drafting
contracts [21]. This ability to specialize the model for particular fields further enhances its utility across
various industries.

In conversational AI, GPT-4’s fine-tuned models have become popular choices for creating
sophisticated chatbots and virtual assistants. These models are able to maintain coherence and
relevance throughout extended interactions, making them more reliable for customer service, technical
support, or personal assistants like OpenAI’s own ChatGPT, which is based on fine-tuned versions of
GPT-4 [22]. Fine-tuning also allows these systems to handle a wide range of conversational contexts,
from casual small talk to more complex queries that require a deeper understanding of the user’s
intent.

In conclusion, GPT-4’s rigorous training on a massive, diverse dataset, combined with targeted
fine-tuning techniques such as supervised learning, RLHF, and domain-specific adjustments, enables
it to perform at a high level across various NLP tasks. This flexibility and adaptability are key reasons
why GPT-4 is widely adopted in both general-purpose and specialized applications. By incorporating
human feedback and reinforcement learning, fine-tuning helps align the model’s outputs with user
expectations, ensuring that it remains coherent, relevant, and useful in real-world contexts.

2.3. Performance

As one of the most advanced versions of OpenAI’s GPT series, GPT-4 achieves state-of-the-art
results on several NLP benchmarks, including tasks like language generation, question answering,
and text classification [1]. GPT-4 has shown remarkable performance on a wide range of tasks, often
outperforming previous models in both zero-shot and few-shot learning scenarios, where the model is
tested on tasks with little to no specific task-related training data [15]. Its ability to generate human-like,
contextually coherent text has set new standards in natural language processing, making it suitable for
diverse applications, including content creation, summarization, code generation, and even creative
writing.

The model’s strength lies in its massive scale, both in terms of its architecture and the volume
of data it has been trained on. GPT-4 features billions of parameters, allowing it to model complex
linguistic patterns and capture nuanced relationships between words, phrases, and concepts. This
large parameter space enables GPT-4 to exhibit impressive generalization abilities, making it highly
adaptable across domains. For example, it can handle technical jargon in healthcare, finance, and legal
texts as well as engage in casual conversation with users in customer service settings [11]. Additionally,
GPT-4’s fine-tuning capabilities allow developers to tailor the model to specific use cases, further
enhancing its versatility across industries.

Despite these advancements, GPT-4’s resource demands pose significant challenges. The model
requires considerable computational power and storage due to its vast number of parameters and
the complexity of its operations. During both the training and inference phases, GPT-4 relies on
large-scale GPU clusters or specialized hardware like TPUs (Tensor Processing Units), making it
difficult for smaller organizations or developers without access to such resources to deploy the model
effectively [14]. Training GPT-4 from scratch can cost millions of dollars in computational resources
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and energy, and even using pre-trained models can require expensive cloud computing infrastructure
to handle real-time, large-scale deployments [23].

In terms of environmental impact, the computational intensity of training and deploying GPT-4
raises concerns about energy consumption and carbon emissions. Recent studies have shown that large
language models like GPT-4 contribute significantly to carbon footprints due to the extensive energy
demands of training and inference on high-performance hardware [24]. This has led to increasing
discussions in the AI community about the need for more energy-efficient models and the development
of green AI technologies that balance performance with sustainability.

Moreover, the sheer size of GPT-4 introduces latency issues in real-time applications, especially
those requiring fast response times, such as voice assistants, real-time translation, or conversational AI
in customer service. The model’s inference times can be too slow for certain real-time applications,
leading to delays that may negatively impact user experience [25]. To mitigate this, organizations often
resort to techniques such as model distillation or the use of smaller, optimized versions like GPT-4o,
which offer faster processing times with a reduced computational footprint [2].

Another limitation of GPT-4’s scale is the significant memory and storage requirements, both for
storing the model and during runtime. These memory demands can become prohibitive, especially
when deploying the model at scale across multiple devices or systems. Running GPT-4 for enterprise-
level solutions, such as in large customer support centers or interactive learning platforms, often
requires specialized infrastructure capable of handling these demands, making it impractical for
smaller organizations or individual developers to implement [3,4].

Despite these challenges, the impact of GPT-4 on NLP research and industry is undeniable. Its
state-of-the-art results across various benchmarks, including the General Language Understanding
Evaluation (GLUE) benchmark and SuperGLUE, demonstrate its cutting-edge capabilities in text
understanding and generation [26]. The model’s ability to achieve high scores in multiple NLP tasks
without requiring task-specific architectures or extensive task-specific training is a testament to the
robustness and flexibility of the Transformer-based approach that underpins it.

In summary, while GPT-4 represents a remarkable leap in NLP performance with its ability to
achieve state-of-the-art results across several benchmarks, it comes with significant trade-offs in terms
of computational requirements, energy consumption, and latency. These limitations underscore the
importance of ongoing research into model optimization and efficient deployment strategies, as well
as the development of lighter, more resource-efficient models like GPT-4o to make such technologies
more accessible and sustainable.

3. Overview of ChatGPT-4o
3.1. Architectural Enhancements

ChatGPT-4o, where the "o" stands for "optimized," is a variant of GPT-4 designed to offer simi-
lar performance with reduced computational demands, making it more accessible for real-time and
resource-constrained applications. It retains the core elements of the Transformer architecture, which
enables it to process text efficiently by employing self-attention mechanisms and multi-layer architec-
tures. However, several crucial optimizations have been introduced to enhance its efficiency without
significantly compromising performance. These optimizations include more efficient parameter distri-
bution, layer-wise pruning, quantization techniques, and improved memory management strategies to
reduce latency and energy consumption during both training and inference.

One of the key techniques employed in GPT-4o is parameter pruning, which reduces the number
of parameters in the model by identifying and removing redundant or less important connections
between layers [27]. Pruning not only reduces the overall size of the model but also accelerates
inference times by minimizing the number of computations needed for each forward pass. Layer-wise
pruning further improves this process by selectively reducing parameters in specific layers where
redundancy is high, while maintaining the integrity of layers that are more critical to the model’s
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overall performance. This approach allows GPT-4o to preserve its ability to handle complex NLP tasks,
such as language generation and text classification, with minimal loss in accuracy compared to GPT-4.

In addition to pruning, quantization techniques are applied to GPT-4o to optimize memory
usage and computational efficiency. Quantization involves representing the model’s weights and
activations with lower precision (e.g., using 8-bit integers instead of 32-bit floating-point numbers),
thereby significantly reducing memory requirements and computational costs [28]. This is especially
beneficial during inference, where faster response times are often required for real-time applications
like chatbots and virtual assistants. Quantization has been shown to have minimal impact on the
model’s performance while providing substantial gains in speed and energy efficiency, making it a key
optimization technique in GPT-4o.

Another critical optimization in GPT-4o is dynamic batching. Unlike GPT-4, which typically
processes a fixed number of inputs per batch, GPT-4o dynamically adjusts batch sizes based on the
complexity and length of the input data. This adaptive batching mechanism allows the model to
process simpler tasks more quickly, thereby reducing latency in real-time applications [14]. Dynamic
batching is particularly useful in environments where varying query lengths and complexity levels
are common, such as customer service platforms where the model might simultaneously handle brief
inquiries and more complex support requests.

GPT-4o also incorporates improved memory management techniques, which optimize how data
is stored and accessed during training and inference. One such method is activation checkpointing,
where intermediate activations (data produced by layers during the forward pass) are not stored for
every layer but instead recomputed during the backward pass when needed. This significantly reduces
the memory footprint during training, allowing larger models to be trained on the same hardware
without exhausting memory resources [29]. Additionally, memory-efficient attention mechanisms
have been integrated into GPT-4o, allowing it to handle longer input sequences without suffering from
the quadratic scaling of traditional attention mechanisms [30]. This is crucial for tasks like document
summarization and large-scale text analysis, where the ability to process longer inputs efficiently can
greatly enhance performance.

Moreover, GPT-4o benefits from model parallelism, which distributes the model’s computations
across multiple devices or processors. By breaking down the model into smaller, manageable segments,
GPT-4o can leverage multiple GPUs or TPUs more effectively, reducing the overall time and energy
required for both training and inference [14]. This approach not only enhances speed but also reduces
power consumption, making it an ideal choice for industries seeking to deploy AI models in a more
sustainable and cost-effective manner.

These optimizations in GPT-4o result in a model that offers a balance between performance and
efficiency, making it suitable for use in various industries where real-time interactions and resource
constraints are key considerations. For instance, while GPT-4o retains the capacity to generate high-
quality, contextually relevant text for customer service chatbots, virtual assistants, and educational
platforms, it does so with lower latency and reduced hardware requirements. This makes it a more
scalable solution for businesses that require the advanced capabilities of GPT-4 but cannot afford the
extensive computational resources needed to run the original model [3,4].

Despite these improvements, there are trade-offs in terms of model accuracy and performance
in highly complex tasks. While GPT-4o can match GPT-4 in most general NLP tasks, such as text
classification and conversation generation, its performance might slightly lag behind when handling
tasks that require a deep understanding of nuanced context or highly specialized knowledge [11]. This
is primarily due to the reduced number of parameters and lower precision in some computations,
which can lead to minor losses in the model’s ability to capture intricate linguistic patterns. However,
for many practical applications, these performance differences are negligible, and the benefits in speed
and efficiency make GPT-4o a compelling choice for organizations looking to implement cutting-edge
NLP solutions at scale.
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3.2. Optimization Techniques

The key difference between GPT-4 and GPT-4o lies in the optimizations that have been imple-
mented in the latter, aimed at enhancing computational efficiency while maintaining competitive
performance. These optimizations are critical for reducing the resource consumption of large-scale
models, making GPT-4o more accessible and practical for real-time applications. The improvements
include techniques such as model compression, memory-efficient layers, and dynamic batching, each
of which contributes to the model’s ability to handle language tasks with reduced latency and lower
energy consumption.

3.2.1. Model Compression

One of the most significant optimizations in GPT-4o is model compression, which involves
reducing the size of the model without significantly affecting its performance. Two of the primary
techniques used for this purpose are quantization and pruning.

Quantization reduces the precision of the model’s weights and activations, typically from 32-bit
floating-point numbers to 8-bit integers or other lower-precision formats. This allows for a substantial
decrease in memory usage and computational requirements. Quantization is especially effective during
inference, where it reduces the load on processors, allowing for faster computations and decreased
power consumption [28]. Research has shown that with proper tuning, quantized models can maintain
nearly the same performance levels as their full-precision counterparts, making it an attractive solution
for deploying large-scale language models like GPT-4o in resource-constrained environments [31].

Pruning, on the other hand, removes redundant or less significant weights from the model.
By systematically identifying and eliminating parameters that contribute minimally to the model’s
performance, pruning helps reduce the overall size of the model. This leads to fewer computations
during both training and inference, speeding up the model while maintaining most of its accuracy.
Structured pruning, which focuses on pruning entire layers or neurons, ensures that the model remains
operationally efficient and that the pruning process does not introduce irregularities that might
complicate parallel processing on GPUs or TPUs [27]. In GPT-4o, this technique is applied layer-wise to
ensure that model integrity is preserved, especially in layers critical for understanding and generating
language.

Together, these compression techniques reduce the size of GPT-4o, making it more feasible to
deploy on devices with limited memory or in situations where computational resources are at a
premium. This makes GPT-4o particularly suited for mobile applications, edge computing, and other
environments where real-time processing with minimal hardware is crucial [32].

3.2.2. Memory-Efficient Layers

Another key optimization in GPT-4o is the implementation of memory-efficient transformer layers.
In the standard Transformer architecture, the self-attention mechanism, which computes relationships
between every token in a sequence, scales quadratically with the input length. This scaling issue
becomes a bottleneck for longer input sequences, leading to significant memory and time costs during
both training and inference.

GPT-4o addresses this issue by incorporating more memory-efficient variations of the self-
attention mechanism, such as linear attention and sparse attention, which reduce the computational
complexity from quadratic to linear or sub-quadratic [30]. For example, Linformer and Reformer are
architectures that approximate the full self-attention computation by compressing the attention matrix
or using locality-sensitive hashing to focus on more relevant tokens. These approaches drastically
reduce the memory footprint of the model while still capturing essential contextual relationships in
the input data [33].

Additionally, GPT-4o uses activation checkpointing, a memory-saving technique that stores fewer
intermediate activations during the forward pass and recomputes them during the backward pass.
This allows the model to train on larger batches or longer sequences without exceeding memory
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limits, improving overall efficiency during training [34]. These memory-efficient layers make GPT-4o
faster and more scalable for real-world applications, especially when dealing with large-scale data or
continuous interactions like customer service or conversational AI.

3.2.3. Dynamic Batching

Another notable optimization in GPT-4o is the use of dynamic batching or adaptive batching
techniques, which improve the model’s throughput by adjusting batch sizes based on the complexity
of the input data. In traditional batch processing, models process a fixed number of inputs at a time,
which can be inefficient when tasks vary significantly in complexity or length. GPT-4o adapts to these
variations by adjusting the batch size in real time, allowing it to handle simpler tasks more quickly
while allocating more resources to complex ones. This not only enhances the model’s throughput but
also ensures that latency remains low, even when dealing with a diverse set of language tasks [14].

Dynamic batching is particularly beneficial in environments where GPT-4o is deployed for real-
time processing of multiple concurrent requests, such as in chatbot systems or interactive virtual
assistants. For instance, short queries can be processed in smaller, more frequent batches, ensuring that
users receive quick responses, while longer or more complex requests are grouped into larger batches
to optimize resource utilization. This flexibility allows GPT-4o to achieve higher throughput while
maintaining the responsiveness needed for time-sensitive applications.

Moreover, dynamic batching also improves the overall energy efficiency of GPT-4o, as it reduces
the time spent waiting for input data and maximizes the utilization of available hardware resources. In
large-scale deployments, such as in cloud-based AI services, this can result in substantial cost savings
and improved environmental sustainability, which are increasingly important considerations in the
development and deployment of AI technologies [24].

In summary, the optimizations implemented in GPT-4o, including model compression, memory-
efficient layers, and dynamic batching, collectively make it a more efficient and practical alternative to
GPT-4. These improvements reduce the computational demands of the model, making it suitable for
deployment in a variety of environments, from mobile devices to large-scale cloud infrastructures. By
maintaining a balance between performance and resource efficiency, GPT-4o opens up new possibilities
for real-time applications in industries such as customer service, healthcare, and education, where
quick and reliable responses are crucial. These advancements reflect the growing trend toward creating
AI models that are not only powerful but also more accessible and sustainable.

3.3. Performance

GPT-4o performs similarly to GPT-4 on several benchmarks but does so with a significantly lower
computational footprint, making it a valuable alternative for many real-time applications and resource-
constrained environments. GPT-4o maintains much of the language understanding, text generation,
and contextual reasoning capabilities of GPT-4, allowing it to deliver state-of-the-art performance
across a wide range of tasks, including question answering, summarization, and translation [14].
However, the optimizations that make GPT-4o more efficient also introduce trade-offs, especially when
it comes to tasks that require complex, nuanced text generation or deep contextual understanding,
where GPT-4 has a slight edge.

The reduced computational footprint of GPT-4o stems from optimizations like model compres-
sion, layer pruning, and quantization, which allow the model to process data more efficiently while
retaining most of its performance capabilities. These optimizations make GPT-4o a strong candidate for
applications that require real-time interactions, such as conversational AI systems, customer support
chatbots, and virtual assistants, where low latency and fast response times are critical [2]. In these
scenarios, GPT-4o’s ability to process input quickly without requiring massive computational resources
ensures that users receive timely responses, making the model more scalable and cost-effective for
companies that operate in high-traffic environments.

Additionally, GPT-4o’s lower computational requirements make it ideal for deployment in
resource-constrained environments, such as edge computing devices or mobile platforms. Many
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industries, including automotive and healthcare, are increasingly leveraging AI models for real-time
decision-making at the edge, where cloud infrastructure may not be readily available or where low-
latency, on-device processing is preferred. For example, in autonomous vehicles, GPT-4o can be
used to power natural language interfaces or assist with real-time voice-activated controls, all while
operating within the limited processing power of the vehicle’s onboard systems [35]. Similarly, in
telemedicine, GPT-4o can be integrated into mobile apps or diagnostic tools to provide real-time
responses to patient queries or assist clinicians with decision support, even in remote or bandwidth-
limited environments [5–8].

While GPT-4o excels in efficiency, its performance in generating very complex or highly specialized
text may not always match GPT-4. Tasks that require deep, intricate reasoning or high levels of
creativity—such as writing long-form content, generating detailed technical documents, or engaging
in highly specialized fields like legal analysis or scientific research—tend to benefit from the larger
parameter space and richer representations provided by GPT-4 [11]. This makes GPT-4 the better option
for tasks where maximum fidelity and precision are required, especially in academic or professional
contexts that demand extensive contextual understanding or where minor errors in text generation
could lead to significant consequences.

However, for many commercial and industrial applications, the marginal difference in perfor-
mance between GPT-4 and GPT-4o is outweighed by GPT-4o’s improved efficiency. Industries like
e-commerce, finance, and logistics, which rely on large-scale customer interactions, data analysis,
and automation, can greatly benefit from GPT-4o’s balance of performance and scalability [21]. For
instance, in customer service chatbots, GPT-4o can deliver fast, contextually relevant responses to
frequently asked questions while running on more affordable hardware, thereby reducing operational
costs for companies that need to handle high volumes of customer interactions. In financial services,
GPT-4o’s ability to perform sentiment analysis on customer feedback or analyze large datasets for
trends and insights, all while minimizing infrastructure costs, makes it a practical solution for many
real-world applications [36].

Another key advantage of GPT-4o is its reduced energy consumption, which is becoming an
increasingly important factor in AI deployment, especially as companies and researchers focus on
making AI more sustainable. Large language models like GPT-4 have been criticized for their significant
carbon footprints due to the vast amounts of energy required for training and inference [24]. GPT-4o’s
optimizations help mitigate this issue by lowering the computational power and energy required for
each inference, making it a more environmentally friendly option. This reduced energy consumption
can also translate into lower operational costs for businesses running AI models at scale, particularly
in industries that depend on cloud infrastructure where energy use is directly tied to cost [23].

Moreover, GPT-4o is particularly well-suited for personalization at scale, where models must
process large amounts of user data in real time to provide tailored experiences. In marketing and
advertising, GPT-4o can be deployed to deliver personalized product recommendations or generate
targeted content based on user preferences, without the need for extensive backend infrastructure.
Its ability to handle real-time data streams efficiently makes it a versatile tool for creating dynamic,
personalized user experiences across digital platforms [3,4].

In conclusion, while GPT-4o may not match GPT-4 in every domain—particularly in generating
complex, highly nuanced text—its significantly lower computational footprint makes it a viable option
for a wide range of commercial and industrial applications. By maintaining strong performance across
several NLP benchmarks and reducing latency, energy consumption, and operational costs, GPT-4o
has the potential to revolutionize real-time applications in fields ranging from customer service to
healthcare, education, and beyond.
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4. Comparative Analysis
4.1. Accuracy and Efficiency

GPT-4 maintains a slight edge in terms of pure accuracy, particularly in tasks that require a deeper
understanding of nuanced context, complex reasoning, or the generation of highly sophisticated
language. This is largely due to the sheer size of GPT-4’s model architecture, which includes billions
of parameters, enabling it to capture more intricate relationships between words and phrases across
longer contexts [1]. For example, in tasks such as long-form content generation, abstract reasoning, or
creative writing, GPT-4’s ability to leverage its larger parameter space allows it to better handle subtle
nuances, idiomatic expressions, and complex sentence structures. This makes it especially valuable in
highly specialized domains like legal research, academic writing, or scientific text generation, where
precision and a deeper understanding of the subject matter are critical [11].

The bar chart in Figure 1 compares the performance of multiple large language models across six
benchmark datasets: MMLU, GPQA, MATH, HumanEval, MGSM, and DROP. The models evaluated
include GPT-4o, GPT-4T, GPT-4 (initial release on 23-03-14), Claude3 Opus, Gemini Pro 1.5, Gemini
Ultra 1.0, and Llama3 400b. GPT-4o consistently demonstrates the highest performance across most
benchmarks, with standout accuracy on MMLU (88.7%) and MGSM (90.5%). GPT-4T and GPT-4
perform closely in many datasets, with Gemini Pro 1.5 and Gemini Ultra 1.0 also achieving competitive
results, particularly in MATH and HumanEval. Notably, Claude3 Opus exhibits relatively weaker
performance, especially in GPQA and MATH. This chart highlights the comparative strengths and
weaknesses of the evaluated models in a variety of accuracy-based tasks.

Figure 1. Text Evaluation performance evaluation (By OpenAI) [37].

On the other hand, GPT-4o offers a more balanced trade-off between performance and efficiency,
making it more suitable for a wide array of applications where real-time response times and lower
hardware requirements are essential. While GPT-4o sacrifices some of the nuanced accuracy found in
GPT-4, it achieves nearly equivalent results on many standard benchmarks, particularly in tasks that
do not require extensive reasoning or highly specific domain knowledge [14]. For example, GPT-4o
performs exceptionally well in tasks like question answering, sentiment analysis, summarization, and
conversational AI, where the primary requirement is delivering contextually relevant and coherent
responses at high speed. This makes it ideal for applications such as customer service chatbots,
interactive voice response (IVR) systems, and real-time text translation, where responsiveness and
scalability are often more important than achieving perfect linguistic precision [3,4].

The bar chart in Figure 2 illustrates the M3Exam zero-shot results comparing the performance of
GPT-4 and GPT-4o across various languages and question categories. Languages evaluated include
Afrikaans, Chinese, English, Italian, Javanese, Portuguese, Swahili, Thai, and Vietnamese, with
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questions categorized into "All Questions" and "Vision Questions." GPT-4o consistently outperforms
GPT-4 across most languages and question types, demonstrating significant improvements, particularly
in Afrikaans, Chinese, and English. The chart highlights the robust enhancements of GPT-4o in
multilingual and vision-related tasks, showcasing its superior adaptability and accuracy compared to
GPT-4.

Figure 2. M3Exam Zero-Shot Performance Evaluation [By OpenAI] [37].

The trade-off between performance and efficiency in GPT-4o is largely achieved through optimiza-
tions such as parameter pruning, quantization, and memory-efficient layers, which reduce the model’s
overall size and computational complexity without significantly degrading its ability to understand
and generate text [28]. These optimizations allow GPT-4o to run on a wider range of hardware, includ-
ing mobile devices, edge computing platforms, and lower-powered cloud infrastructure, making it
more accessible for businesses and developers with limited computational resources. For instance,
in mobile applications or edge AI environments, where processing power and memory are often
constrained, GPT-4o’s lower resource requirements enable faster inference times and lower energy
consumption, making it feasible to deploy AI-driven functionalities like voice assistants, real-time
translation tools, and text-based interaction systems directly on-device [35].

Another significant advantage of GPT-4o is its ability to handle high-volume, real-time workloads
more efficiently than GPT-4. In environments such as e-commerce platforms, financial services,
and telecommunication networks, where AI models must process hundreds or thousands of user
interactions simultaneously, GPT-4o’s optimizations lead to faster throughput and lower latency,
ensuring that customers receive timely responses without overwhelming the system’s resources. For
example, a customer support chatbot powered by GPT-4o can efficiently handle a large number of
queries in parallel, delivering accurate, contextually appropriate responses in a fraction of the time
it would take GPT-4 to process the same number of requests, all while using fewer computational
resources.

Although GPT-4o excels in efficiency, its performance can fall short of GPT-4 in tasks that require
long-term coherence or deeper context retention across lengthy documents. In domains such as medical
diagnostics or legal document review, where a small error or misinterpretation of context can have
significant consequences, GPT-4’s more comprehensive understanding and ability to maintain context
over longer sequences give it an edge [5–8]. However, for most practical applications, particularly
those that involve shorter or less complex interactions, the difference in performance between GPT-4
and GPT-4o is often negligible, making GPT-4o the more cost-effective and operationally efficient
choice.
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Moreover, GPT-4o’s optimizations are particularly beneficial in terms of environmental sustain-
ability and cost-efficiency. Large-scale AI models like GPT-4 are notorious for their high energy
consumption and significant carbon footprints due to the extensive computational resources required
for both training and inference [24]. By contrast, GPT-4o’s reduced size and more efficient architecture
lead to lower energy use, which translates into lower operational costs and a smaller environmental
impact. For companies looking to scale AI solutions while minimizing both financial and ecological
costs, GPT-4o provides a compelling alternative to the more resource-intensive GPT-4 [23].

The bar chart in Figure 3 illustrates the performance of various AI agents and humans under dif-
ferent time constraints, measured by the fraction of tasks completed (weighted) with a 95% confidence
interval. The AI agents evaluated include GPT-4o mini, GPT-4t, GPT-4o, Claude 3 Sonnet, Claude 3
Opus, and Claude 3.5 Sonnet. Human performance serves as a benchmark under four time conditions:
no time limit, 8 hours, 2 hours, and 30 minutes, with an additional reference for human performance
within 10 minutes.

Figure 3. Agent Performance compared with Human [38].

Among the AI agents, Claude 3.5 Sonnet achieves the highest task completion rate, approaching
the performance of humans under a 2-hour limit. GPT-4o demonstrates notable performance as well,
outperforming Claude 3 Sonnet and Claude 3 Opus but falling short of Claude 3.5 Sonnet. GPT-4t and
GPT-4o mini show lower completion rates, with substantial gaps compared to their higher-performing
counterparts. The chart highlights the varying levels of capability among AI agents and underscores
the gap between AI performance and human benchmarks under constrained conditions.

The Figure 4 summarizes the performance of five AI models—GPT-4o, GPT-4T (2024-04-09),
Gemini 1.0 Ultra, Gemini 1.5 Pro, and Claude Opus—across various evaluation datasets: MMMU,
MathVista, AI2D, ChartQA, DocVQA, ActivityNet, and EgoSchema. GPT-4o consistently achieves
the highest or near-highest scores across the majority of datasets, with standout results such as 94.2%
on AI2D, 92.8% on DocVQA, and 72.2% on EgoSchema. GPT-4T follows closely, demonstrating
strong performance on datasets like AI2D (89.4%) and DocVQA (87.2%), though it trails GPT-4o by a
noticeable margin.
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Figure 4. Vision understanding evaluation [By OpenAI] [37].

The Gemini models show competitive results, with Gemini 1.5 Pro outperforming Gemini 1.0
Ultra in most datasets. For example, Gemini 1.5 Pro achieves 81.3% on ChartQA and 90.9% on DocVQA,
slightly edging ahead of Gemini 1.0 Ultra in these tasks. Claude Opus performs well in specific datasets,
notably AI2D (88.1%) and DocVQA (89.3%), but generally lags behind GPT-4o. This comparative
analysis highlights GPT-4o’s superior versatility and accuracy across a range of challenging evaluation
tasks.

The Table 1 presents a comparison of the performance between GPT-4T (May 2024) and GPT-
4o across multiple medical and clinical datasets, evaluated in both 0-shot and 5-shot settings. The
datasets include MedQA (USMLE, Taiwan, and Mainland China) and MMLU categories such as
Clinical Knowledge, Medical Genetics, Anatomy, Professional Medicine, College Biology, and College
Medicine, as well as the MedMCQA Dev dataset.

GPT-4o consistently outperforms GPT-4T across all datasets and settings. For instance, in the
MedQA USMLE 4 Options dataset, GPT-4o achieves 0.89 in both 0-shot and 5-shot settings compared
to GPT-4T’s 0.78 and 0.81, respectively. Similar improvements are observed in the MMLU Medical
Genetics dataset, where GPT-4o scores 0.96 and 0.95 in 0-shot and 5-shot settings, surpassing GPT-4T’s
scores of 0.93 and 0.95. Notably, GPT-4o shows substantial gains in challenging datasets like MedQA
Taiwan (0.91 in both 0-shot and 5-shot) and MMLU Anatomy (0.89 in both settings). These results
highlight GPT-4o’s superior ability to handle complex medical and clinical tasks compared to its
predecessor, GPT-4T.

Table 2 compares the accuracy of four models—GPT-3.5 Turbo, GPT-4o mini, GPT-4, and GPT-
4o—on the Translated ARC-Easy dataset across six languages: English, Amharic, Hausa, Northern
Sotho (Sepedi), Swahili, and Yoruba. The evaluation is conducted in a 0-shot setting, with higher
percentages indicating better performance.
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Table 1. Medical Knowledge Task Performance Comparison of GPT-4T and GPT-4o [38].

Medical Knowledge Task GPT-4T (May 2024) GPT-4o

MedQA USMLE 4 Options (0-shot) 0.78 0.89
MedQA USMLE 4 Options (5-shot) 0.81 0.89
MedQA USMLE 5 Options (0-shot) 0.75 0.86
MedQA USMLE 5 Options (5-shot) 0.78 0.87
MedQA Taiwan (0-shot) 0.82 0.91
MedQA Taiwan (5-shot) 0.86 0.91
MedQA Mainland China (0-shot) 0.72 0.84
MedQA Mainland China (5-shot) 0.78 0.86
MMLU Clinical Knowledge (0-shot) 0.85 0.92
MMLU Clinical Knowledge (5-shot) 0.87 0.92
MMLU Medical Genetics (0-shot) 0.93 0.96
MMLU Medical Genetics (5-shot) 0.95 0.95
MMLU Anatomy (0-shot) 0.79 0.89
MMLU Anatomy (5-shot) 0.85 0.89
MMLU Professional Medicine (0-shot) 0.92 0.94
MMLU Professional Medicine (5-shot) 0.92 0.94
MMLU College Biology (0-shot) 0.93 0.95
MMLU College Biology (5-shot) 0.95 0.95
MMLU College Medicine (0-shot) 0.74 0.84
MMLU College Medicine (5-shot) 0.80 0.89
MedMCQA Dev (0-shot) 0.70 0.77
MedMCQA Dev (5-shot) 0.72 0.79

Table 2. Accuracy on Translated ARC-Easy (%, higher is better), 0-shot [38].

Model English Amharic Hausa Northern Sotho Swahili Yoruba
(n=523) (n=518) (n=475) (Sepedi, n=520) (n=520) (n=520)

GPT 3.5 Turbo 80.3 6.1 26.1 26.9 62.1 27.3
GPT-4o mini 93.9 42.7 58.5 37.4 76.9 43.8
GPT-4 89.7 27.4 28.8 30 83.5 31.7
GPT-4o 94.8 71.4 75.4 70 86.5 65.8

GPT-4o consistently achieves the highest accuracy across all languages, demonstrating superior
multilingual capability. For English, GPT-4o scores 94.8%, outperforming GPT-4 (89.7%) and GPT-4o
mini (93.9%). In low-resource languages such as Amharic and Hausa, GPT-4o achieves remarkable
accuracy of 71.4% and 75.4%, respectively, compared to GPT-4’s 27.4% and 28.8%. Similar trends are
observed for Northern Sotho and Yoruba, where GPT-4o scores 70% and 65.8%, significantly surpassing
the other models. For Swahili, GPT-4o achieves 86.5%, a notable improvement over GPT-4’s 83.5%.
These results underscore GPT-4o’s advancements in handling both high- and low-resource languages
effectively, making it a robust model for multilingual tasks.

Table 3 reports the accuracy of four models—GPT-3.5 Turbo, GPT-4o mini, GPT-4, and GPT-4o—on
the Translated TruthfulQA dataset across six languages: English, Amharic, Hausa, Northern Sotho
(Sepedi), Swahili, and Yoruba. The evaluation is conducted in a 0-shot setting, with accuracy scores
indicating the percentage of truthful responses.
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Table 3. Accuracy on Translated TruthfulQA (%, higher is better), 0-shot [38].

Model English Amharic Hausa Northern Sotho Swahili Yoruba
(n=809) (n=808) (n=808) (Sepedi, n=809) (n=808) (n=809)

GPT 3.5 Turbo 53.6 26.1 29.1 29.3 40 28.3
GPT-4o mini 66.5 33.9 42.1 36.1 48.4 35.8
GPT-4 81.3 42.6 37.6 42.9 62 41.3
GPT-4o 81.4 55.4 59.2 59.1 64.4 51.1

GPT-4o consistently demonstrates the highest accuracy across all languages, reflecting its superior
ability to generate truthful outputs in multilingual contexts. For English, GPT-4o achieves an accuracy
of 81.4%, slightly higher than GPT-4’s 81.3%, and significantly outperforming GPT-4o mini (66.5%) and
GPT-3.5 Turbo (53.6%). In low-resource languages like Amharic and Hausa, GPT-4o achieves 55.4%
and 59.2%, respectively, far surpassing GPT-4’s scores of 42.6% and 37.6%. Similarly, for Northern
Sotho, Swahili, and Yoruba, GPT-4o scores 59.1%, 64.4%, and 51.1%, respectively, outperforming all
other models by substantial margins. These results highlight GPT-4o’s advancements in truthfulness
and its robust handling of both high- and low-resource languages in a zero-shot setting.

The Table 4 compares the performance of four models—GPT-3.5 Turbo, GPT-4o mini, GPT-4,
and GPT-4o—on a dataset across three languages: Amharic (n = 77), Hausa (n = 155), and Yoruba
(n = 258). GPT-4o consistently achieves the highest accuracy among all models, scoring 44.2% for
Amharic, 59.4% for Hausa, and 60.5% for Yoruba. In comparison, GPT-4 performs slightly lower, with
scores of 41.6%, 41.9%, and 41.9%, respectively, across the three languages. GPT-4o mini also performs
competitively but lags behind GPT-4o, scoring 33.8% for Amharic, 43.2% for Hausa, and 44.2% for
Yoruba. GPT-3.5 Turbo demonstrates the lowest performance, with scores of 22.1% for Amharic, 32.3%
for Hausa, and 28.3% for Yoruba. These results highlight GPT-4o’s superior capabilities in handling
low-resource languages compared to its predecessors and smaller variants.

Table 4. Accuracy on Dataset (%, higher is better), 0-shot [38].

Model Amharic Hausa Yoruba
(n=77) (n=155) (n=258)

GPT 3.5 Turbo 22.1 32.3 28.3
GPT-4o mini 33.8 43.2 44.2
GPT-4 41.6 41.9 41.9
GPT-4o 44.2 59.4 60.5

In summary, while GPT-4 maintains an edge in tasks requiring intricate language generation and
deep contextual understanding, GPT-4o strikes a better balance between performance and efficiency,
making it more suitable for real-time applications with lower hardware requirements. Its ability
to handle high-throughput, real-time processing and its lower resource demands make GPT-4o an
attractive option for businesses and industries seeking to deploy AI at scale, particularly in scenarios
where quick, reliable responses are critical, and computational resources are limited. This balance of
efficiency and performance positions GPT-4o as a versatile tool in sectors such as customer service,
finance, healthcare, and mobile technologies, where AI-driven applications need to operate efficiently
without compromising too much on quality.
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4.2. Cost of Deployment

Due to its smaller computational demands, GPT-4o is generally more cost-effective to deploy in
production environments, offering a significant advantage to organizations that prioritize efficiency
and scalability. The reduced hardware and energy requirements of GPT-4o mean that it can be run
on less expensive infrastructure compared to GPT-4, which is crucial for businesses operating on
limited budgets or with restricted access to high-performance computing resources [23]. This makes
GPT-4o particularly appealing to small and medium-sized enterprises (SMEs) and startups that seek
to leverage advanced natural language processing (NLP) capabilities without incurring the substantial
costs associated with maintaining large-scale AI models.

Organizations with limited hardware resources or those looking for cost-efficient solutions with-
out sacrificing too much accuracy often prefer GPT-4o because it offers a good balance between
performance and resource utilization. One of the key factors driving the cost savings associated with
GPT-4o is its optimized model architecture, which employs techniques such as pruning, quantization,
and memory-efficient attention mechanisms. These techniques reduce the number of parameters and
the computational complexity of the model, enabling it to run efficiently on standard GPUs or even
CPUs, rather than requiring costly high-end hardware like multi-GPU clusters or TPUs, which are
typically needed to deploy larger models like GPT-4 [2].

In cloud-based environments, where businesses often pay based on the amount of computing
power consumed, the cost savings of using GPT-4o can be significant. Cloud providers like AWS,
Google Cloud, and Azure charge based on the computational resources used, meaning that GPT-
4o’s lighter architecture translates directly into lower operating costs for inference and real-time
deployment [14]. For example, companies deploying large-scale conversational AI systems or customer
service chatbots can use GPT-4o to handle high volumes of interactions without the need for extensive
hardware scaling, thus reducing both infrastructure costs and energy consumption.

Furthermore, the ability to run GPT-4o on edge devices opens up new opportunities for cost
savings in industries where cloud-based computing may not be practical or desirable due to latency,
security, or privacy concerns. By deploying GPT-4o on edge devices like mobile phones, IoT devices, or
local servers, organizations can perform AI inference closer to the source of data, reducing the need for
continuous data transmission to and from the cloud [35]. This is particularly advantageous in sectors
like manufacturing, healthcare, and automotive, where real-time processing is critical, and any delays
could impact operational efficiency or safety. The ability to run complex NLP models at the edge,
without requiring constant connectivity to a powerful cloud server, can result in lower operational
costs and improved performance for applications like voice assistants, predictive maintenance systems,
and smart medical devices.

In addition to reducing hardware and operational costs, GPT-4o’s efficiency can also lower energy
consumption, which has financial and environmental benefits. Large language models like GPT-4
have been criticized for their high energy use during both training and inference, contributing to
the growing carbon footprint of AI systems [24]. In contrast, GPT-4o’s optimizations allow it to
deliver strong performance with a fraction of the energy required by larger models, making it a more
sustainable option for organizations looking to reduce their environmental impact. This can also result
in direct cost savings, especially for companies running AI models at scale, where energy consumption
constitutes a significant portion of the overall operating expenses. By choosing GPT-4o, businesses not
only save on hardware and cloud infrastructure costs but also reduce their energy bills, making it a
win-win solution for both budget-conscious and environmentally conscious enterprises [23].

Moreover, GPT-4o is especially valuable in high-volume applications such as e-commerce, finance,
and telecommunications, where AI models must handle large numbers of transactions or customer
interactions in real time. For instance, in an e-commerce platform handling thousands of customer
queries and transactions every second, the efficiency of GPT-4o enables the system to scale quickly
and cost-effectively. The reduced computational requirements allow businesses to support more
simultaneous users without having to invest heavily in expanding their infrastructure, which is partic-
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ularly important during periods of peak demand, such as holiday shopping seasons or promotional
events [3,4].

In financial services, GPT-4o’s cost-efficiency is also a major advantage for tasks like fraud
detection, sentiment analysis, and algorithmic trading, where real-time processing of vast datasets is
required. Financial institutions can deploy GPT-4o to analyze market trends or monitor transactions
at scale, ensuring fast, accurate results while keeping operational costs manageable. This makes it
easier for firms to remain competitive without needing to invest in costly high-performance computing
clusters or extensive cloud services [36].

For educational platforms and content creation tools, GPT-4o offers an affordable solution for
generating text, tutoring students, or assisting in research, without the overhead of GPT-4. Schools,
universities, and businesses offering AI-driven learning solutions can use GPT-4o to power virtual
assistants, personalized learning systems, or automated content generation platforms, all while keeping
their infrastructure costs within budget [5–8].

In conclusion, GPT-4o’s smaller computational demands make it a highly cost-effective solution for
organizations looking to deploy advanced NLP models in production environments. Its combination
of lower hardware requirements, energy efficiency, and ability to scale in cloud or edge environments
makes it an attractive option for businesses with limited resources or those seeking to minimize
operational costs without sacrificing too much in terms of accuracy or performance. By offering a
balance between efficiency and capability, GPT-4o enables a wider range of organizations, from SMEs
to large enterprises, to leverage the power of advanced AI at a fraction of the cost of deploying larger
models like GPT-4.

4.3. Real-World Applications
4.3.1. Education

In the realm of education, GPT-4 has demonstrated significant value in generating complex and
detailed educational content, including lecture notes, exam questions, essays, and research papers.
Its ability to understand and create sophisticated academic material makes it particularly useful
for tasks that require a deep understanding of various subjects, including science, mathematics,
history, and literature. For example, GPT-4 can assist in developing comprehensive learning modules
that incorporate in-depth explanations, step-by-step problem-solving processes, and even suggest
reading materials or resources for further study [11]. Educators and institutions can use GPT-4 to
automate content creation, thereby streamlining curriculum development and providing personalized
educational materials at scale.

However, in educational environments that require real-time, interactive feedback, GPT-4o proves
to be a more practical and efficient solution. GPT-4o’s lower computational requirements and faster
response times make it ideal for student tutoring systems, where immediate feedback is essential for
student engagement and learning outcomes. For instance, intelligent tutoring systems (ITS) powered
by GPT-4o can interact with students in real time, guiding them through exercises, answering questions,
and offering hints or explanations based on their progress. This interactivity is particularly beneficial
for subjects like mathematics and language learning, where constant practice and immediate correction
are key to mastering concepts [3,4]. In these applications, GPT-4o’s ability to deliver quick responses
while maintaining a high level of accuracy ensures that students receive personalized support without
delays, enhancing the overall learning experience.

Furthermore, GPT-4o’s efficiency allows it to be deployed in resource-constrained environments,
such as rural schools or institutions in developing countries where access to advanced computing
infrastructure may be limited. Educational platforms using GPT-4o can be integrated into mobile
devices or low-cost computers, ensuring that students in these regions have access to high-quality
tutoring and educational tools. The scalability and cost-effectiveness of GPT-4o make it a practical
solution for delivering educational content to large numbers of students, democratizing access to
personalized learning across different socioeconomic backgrounds [35].
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4.3.2. Healthcare

In healthcare, both GPT-4 and GPT-4o have shown promise in applications ranging from medical
research and diagnostics to clinical decision support. GPT-4’s capacity for generating complex, highly
accurate medical content makes it particularly useful for creating research papers, analyzing large
datasets, or even assisting in the diagnosis of rare or complex diseases [5–8]. Its ability to synthesize
information from various medical texts and journals allows healthcare professionals to access compre-
hensive insights quickly, which is invaluable in fields such as oncology, cardiology, and neurology. For
instance, GPT-4 can generate detailed summaries of recent research, analyze clinical trial data, or assist
in generating personalized treatment plans for patients based on the latest evidence.

While GPT-4 excels in these more research-oriented tasks, GPT-4o is better suited for real-time
clinical decision support systems (CDSS) due to its lower latency and faster response times. CDSS tools
powered by GPT-4o can provide healthcare professionals with immediate, actionable insights during
patient interactions, helping them make informed decisions on diagnoses, treatments, or prescriptions
without having to wait for complex computations to complete. For example, in emergency settings,
where quick decisions can save lives, GPT-4o can assist doctors by analyzing patient data in real time
and suggesting potential diagnoses or treatment options based on symptoms and medical history [36].
This makes GPT-4o an invaluable tool in telemedicine platforms, where real-time interaction between
patients and healthcare providers is crucial for timely and accurate medical care.

Additionally, GPT-4o’s lower computational demands make it ideal for deployment in mobile
health (mHealth) applications, where it can power chatbots that provide patients with healthcare
advice, reminders for medication adherence, or even mental health support. In regions with limited
access to healthcare facilities, GPT-4o can be used to build AI-driven diagnostic tools that operate on
mobile devices, helping to bridge the gap in healthcare delivery by providing real-time support and
information to patients in remote or underserved areas [39]. This ability to scale healthcare support
while minimizing costs and resource requirements has the potential to transform how medical care is
delivered globally.

4.3.3. Customer Service

Both GPT-4 and GPT-4o have found extensive applications in customer service, but GPT-4o’s
efficiency and scalability make it particularly valuable for businesses that need to provide fast, reliable
customer support at scale. While GPT-4 may be better suited for generating detailed responses or
handling complex customer interactions that require a higher degree of contextual understanding,
GPT-4o is more appropriate for day-to-day customer service tasks, such as answering frequently asked
questions (FAQs), processing simple requests, and guiding users through troubleshooting steps.

Chatbots and virtual assistants powered by GPT-4o can handle a large number of customer queries
simultaneously, reducing wait times and ensuring that users receive timely responses. For example,
in e-commerce, GPT-4o can assist customers in tracking their orders, finding product information, or
processing returns, all while operating on cost-effective infrastructure that doesn’t require extensive
computational resources. This ability to operate efficiently without sacrificing too much accuracy
makes GPT-4o a cost-effective solution for businesses looking to improve their customer service
offerings without investing heavily in new hardware or cloud services.

Moreover, GPT-4o’s real-time capabilities make it ideal for interactive voice response (IVR)
systems, where customers can interact with automated systems via phone to resolve issues or get
information. IVR systems powered by GPT-4o can deliver accurate, conversational responses quickly,
enhancing the user experience by minimizing hold times and ensuring that customer inquiries are
resolved without the need for human intervention. This is particularly beneficial for large organizations
in industries such as telecommunications, banking, and retail, where customer inquiries can number
in the thousands or millions per day [3,4].

Additionally, the use of GPT-4o in customer service reduces operational costs, as businesses no
longer need to rely on extensive human customer support teams to handle basic queries. Instead,
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human agents can be reserved for more complex interactions that require deeper knowledge or a more
personalized touch, while GPT-4o manages routine tasks with high efficiency. This hybrid approach
improves overall customer satisfaction while keeping costs under control, making it an attractive
option for businesses of all sizes [36].

In conclusion, while GPT-4 and GPT-4o both offer robust solutions for a variety of industries,
GPT-4o’s efficiency, scalability, and ability to handle real-time interactions make it particularly valuable
in education, healthcare, and customer service. Its lower computational demands and faster response
times allow organizations to deploy AI-powered solutions without the need for extensive hardware
investments, making it a cost-effective and practical choice for businesses and institutions looking to
improve their service offerings while managing operational costs. By leveraging the strengths of GPT-
4o, industries ranging from education to healthcare and customer service can provide personalized,
real-time support at scale, enhancing user experiences and improving overall outcomes.

5. Limitations and Future Directions
Despite the advancements brought by both GPT-4 and GPT-4o, they are not without their limita-

tions, especially when it comes to scalability, accessibility, and certain complex tasks. GPT-4, while
highly powerful and capable of achieving state-of-the-art performance across a wide range of natural
language processing (NLP) tasks, is computationally expensive to train and deploy. Its massive size,
consisting of billions of parameters, necessitates significant hardware infrastructure, including access
to high-performance GPUs or TPUs, as well as substantial energy consumption [24]. For smaller
organizations, educational institutions, and research labs with limited computational resources, de-
ploying GPT-4 is often financially prohibitive. The cost of training and inference, coupled with the
need for large-scale cloud services or in-house computational infrastructure, creates barriers to entry
for businesses that could otherwise benefit from cutting-edge language models [23].

Moreover, even organizations with access to sufficient resources may face challenges when using
GPT-4 for real-time applications due to latency issues and the large memory footprint required for
inference. The complexity of GPT-4 also leads to longer inference times, making it less suitable for
time-sensitive environments such as real-time customer service or conversational AI systems, where
delays in responses can negatively impact user experience [2]. As a result, while GPT-4 excels in tasks
that demand a deep understanding of context, such as legal or technical document analysis, it may not
be the best choice for applications where speed and efficiency are paramount.

GPT-4o, on the other hand, addresses some of these challenges by being more computationally
efficient, using techniques such as model compression, quantization, and pruning to reduce the number
of parameters and memory requirements [14]. However, GPT-4o still has its limitations, particularly
in handling tasks that require a very fine-tuned context awareness or long-term coherence in text
generation. For instance, while GPT-4o can perform well in conversational AI settings and shorter
tasks, it may struggle with more complex dialogues that require the model to maintain coherence and
context over extended interactions. Similarly, tasks like creative writing, where nuance and long-term
story arcs are important, might expose some of the limitations in GPT-4o’s ability to fully capture the
intricacies of human language [11].

Furthermore, GPT-4o’s optimizations, while improving efficiency, can sometimes come at the
cost of a slight reduction in model accuracy and performance. In highly specialized domains, such as
medical diagnostics or scientific research, where precision is critical, even small inaccuracies or misin-
terpretations can lead to significant consequences. For example, in a clinical setting, a conversational
agent powered by GPT-4o might provide general medical advice but could fall short when offering
specific diagnoses or treatment options that require a deep understanding of medical knowledge and
context [5–8]. As such, GPT-4o’s efficiency makes it more suitable for general applications, but it may
not always be the best option for highly specialized or mission-critical tasks.

Future research could explore even more aggressive optimization strategies that further reduce
the computational demands of large language models without compromising the richness of text
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generation. One potential avenue is the development of sparsity-based models, where only a subset
of the model’s parameters are active during any given task or query. This approach could lead to
models that are both smaller and more efficient, while maintaining the ability to deliver high-quality
text generation when needed [40]. Additionally, low-rank approximation techniques, which involve
approximating large matrices with smaller, lower-dimensional ones, could further enhance model
efficiency by reducing the number of computations required for each layer of the network [41].

Another promising direction for future improvements is the integration of more advanced re-
inforcement learning (RL) algorithms to enhance the long-term coherence and context retention in
conversational agents. Current models, even sophisticated ones like GPT-4, can sometimes lose co-
herence in extended dialogues, where the system needs to remember context from earlier parts of
the conversation. Reinforcement Learning from Human Feedback (RLHF) has already been used to
fine-tune models for better alignment with user expectations, but more advanced RL algorithms could
enable models to better track long-term dependencies in conversation and maintain a more natural
flow [19]. For instance, hierarchical RL could be employed to manage conversational tasks at multiple
levels, allowing the model to focus on both short-term responses and long-term conversational goals
simultaneously, improving the user experience in multi-turn dialogues [42].

Moreover, there is growing interest in neural-symbolic integration, where neural networks like
GPT-4 and GPT-4o are combined with symbolic reasoning systems to enhance their ability to handle
tasks requiring logical reasoning and structured knowledge. While neural networks excel at pattern
recognition and language generation, they often struggle with tasks that require reasoning over discrete
entities, such as solving math problems or executing complex planning tasks. By integrating symbolic
systems, future models could benefit from the strengths of both approaches, leading to more powerful
AI systems capable of both generating rich, coherent text and reasoning through complex problems
with logical consistency [43].

Finally, as sustainability becomes an increasingly important concern in AI research, future devel-
opments will likely focus on reducing the environmental impact of training and deploying large-scale
models. By improving the energy efficiency of both training and inference processes, researchers
can mitigate the significant carbon footprint associated with large language models like GPT-4 and
GPT-4o [24]. Methods such as distributed training across more energy-efficient hardware, and ad-
vancements in algorithmic efficiency, will be key to making AI more sustainable in the future.

6. Conclusions
Despite their advancements, GPT-4 and GPT-4o each present distinct trade-offs in terms of per-

formance, computational efficiency, and scalability. GPT-4 excels in tasks requiring deep contextual
understanding and complex reasoning, making it a preferred choice in specialized domains such as
legal analysis, scientific research, and academic content generation. However, its high computational
demands pose significant challenges for deployment in real-time applications and resource-limited
environments. On the other hand, GPT-4o’s optimizations make it a more efficient alternative, partic-
ularly for applications that prioritize quick response times and scalability, such as customer service,
healthcare, and education. While GPT-4o sacrifices some accuracy in handling more complex tasks, its
reduced hardware and energy requirements, along with faster inference times, make it an attractive
option for many organizations. Future research should continue to explore optimization strategies,
focusing on reducing computational costs without compromising performance, and integrating ad-
vanced techniques like reinforcement learning and neural-symbolic reasoning to improve long-term
coherence and logical consistency in AI models. Ultimately, the choice between GPT-4 and GPT-4o will
depend on the specific needs of the application, balancing the trade-offs between accuracy, efficiency,
and cost.
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