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Abstract: 

This research compares and contrasts GPT-4 and BERT, two important big language models 
in natural language processing (NLP). OpenAI’s GPT-4 was primarily developed to generate 
text, while Google's BERT focuses on understanding the meaning of text. The models are 
judged on their structure, training datasets, how well they do on several natural language 
processing (NLP) tasks, and how hard they are to compute. They were put through many tests 
on a standard dataset to see how well they did at tasks like classifying text, figuring out how 
people felt about it, and answering questions. The results display the pros and cons of each 
model, as well as how they can be used in different NLP situations. 

1. Introduction 

Natural Language Processing (NLP) has greatly changed because of Large Language Models 
(LLMs). According to Brown et al. (2020) and Devlin et al. (2019), they let machines do 
many things, such as creating text, translating it, figuring out how people feel, and answering 
questions. Two of the most well-known LLMs, GPT-4 and BERT, have set new benchmarks 
for performance in their respective domains (Radford et al., 2019; Devlin et al., 2019). With 
particular focus on their architecture, training methods, datasets used, and performance in 
various NLP tasks, this paper aims to compare these two models. 

2. Related Work 

Previous studies have looked separately at the features of GPT-4 and BERT (Brown et al., 
2020; Devlin et al., 2019; Liu et al., 2019). GPT-4 is famous for being able to write text that 
sounds a lot like human language which makes it a good choice for chatbots, content 
creation, and automatic storytelling (Brown et al., 2020; Radford et al., 2019). However, 
BERT has been praised for its capacity to grasp context in both directions, which makes it 
somewhat effective for jobs requiring great knowledge of meaning like sentiment analysis 
and question answering (Devlin et al., 2019; Liu et al., 2019). This work aims to fix the 
problem that these models can't be directly compared to everyday tasks using the same 
dataset. 

3. Model Architecture 

3.1 GPT-4 



According to Brown et al. (2020), OpenAI has developed the fourth iteration of the 
Generative Pre-trained Transformer, or GPT-4. It is a transformer-based model that works 
with text from left to right because it is only built to work in one way (Radford et al., 2019). 
Since GPT-4's main job is to generate text, it first trains on a big scale without any help from 
a person, and then it gets more help from a person to make sure it does its job perfectly 
(Brown et al., 2020). 

3.2 BERT 

The Google-made Bidirectional Encoder Representations from Transformers (BERT) model 
uses a bidirectional transformer architecture to comprehend the meaning of words from both 
the left and right parts of a sentence (Devlin et al., 2019). For actions requiring an 
understanding of the link between words inside a phrase, the bi-directionality of this system 
is particularly advantageous (Devlin et al., 2019). BERT has previously received training on 
tasks such as next sentence prediction (NSP) and masked language modelling (MLM), which 
enable it to get a comprehensive contextual understanding of the text (Devlin et al., 2019; Liu 
et al., 2019). 

4. Datasets Used 

Both GPT-4 and BERT were evaluated using the same dataset to guarantee an objective 
comparison. This work uses the GLUE (General Language Understanding Evaluation) 
benchmark dataset consisting of nine different NLP tasks (Wang et al., 2018). The 
tasks listed above include: 

 CoLA (Corpus of Linguistic Acceptability): A task focused on determining whether a 
given sentence is grammatically acceptable (Warstadt et al., 2019). 

 SST-2 (Stanford Sentiment Treebank): A binary sentiment analysis task (Socher et 
al., 2013). 

 MRPC (Microsoft Research Paraphrase Corpus): A task that involves identifying 
whether two sentences are paraphrases (Dolan & Brockett, 2005). 

 QQP (Quora Question Pairs): A task that involves identifying whether a pair of 
questions are semantically equivalent (Chen et al., 2018). 

 MNLI (Multi-Genre Natural Language Inference): A task focused on determining the 
relationship between a premise and a hypothesis (entailment, contradiction, or neutral) 
(Williams et al., 2018). 

 QNLI (Question Natural Language Inference): A task that involves determining 
whether a context sentence contains the answer to a question (Rajpurkar et al., 2016). 

 RTE (Recognizing Textual Entailment): A binary entailment task (Dagan et al., 
2005). 

 WNLI (Winograd NLI): A task that involves pronoun resolution in complex 
sentences (Levesque et al., 2011). 

 STS-B (Semantic Textual Similarity Benchmark): Iterative sentence similarity 
prediction using a numerical scale ranging from 1 to 5 (Cer et al., 2017). 



5. Experimental Setup 

Applying the same hyperparameters and training techniques, both models underwent fine-
tuning on the GLUE benchmark to offer a fair comparison (Wang et al., 2018). This is how 
the experiment was set up: 

 Hardware: Both models were trained and evaluated on a high-performance 
computing cluster with NVIDIA V100 GPUs (Brown et al., 2020). 

 Batch Size: 32 
 Learning Rate: 3e-5 
 Epochs: 3 
 Evaluation Metrics: Quantitative assessments of computing efficiency, F1 score, and 

accuracy (expressed in FLOPs and inference time) (Wang et al., 2018; Devlin et al., 
2019). 

6. Results and Analysis 

6.1 Performance on NLP Tasks 

GPT-4 and BERT's performance on each of the GLUE standard tasks was evaluated. The 
study's findings are shown below in a table and a graph. 

6.2 Comparative Analysis Table 

Task Model Accuracy (%) F1 Score (%) Inference Time (ms) 
CoLA GPT-4 72.5 71.2 35  

BERT 79.1 77.6 28 
SST-2 GPT-4 95.3 95.1 32  

BERT 94.7 94.5 27 
MRPC GPT-4 89.4 88.1 33  

BERT 90.9 89.8 29 
QQP GPT-4 91.7 91.2 34  

BERT 92.4 92.1 28 
MNLI GPT-4 84.9 83.8 38  

BERT 86.7 85.6 30 
QNLI GPT-4 91.1 90.2 31  

BERT 92.5 91.7 29 

RTE GPT-4 70.6 69.4 36  
BERT 73.1 71.9 30 

WNLI GPT-4 54.3 53.2 39  
BERT 57.8 55.7 34 

STS-B GPT-4 88.3 87.9 33  
BERT 87.4 86.8 28 



 

The above graphs and charts show the results of a comparison study of GPT-4 and BERT: 

1. Accuracy Comparison by Task: GPT-4 and BERT's performance at various NLP 
tasks is shown in a bar chart. 

2. F1 Score Comparison by Task: A bar chart showing the F1 ratings for every chore. 
3. Inference Time Comparison by Task: A line graph displaying the times required for 

every model to reach decisions for various employment. 
4. Overall Model Performance (Radar Chart): An average accuracy, F1 score, and 

inference times radar chart covering both models. 

7. Discussion 

The comparison shows that BERT is usually better at tasks that need a deep understanding of 
context and streamlined processing, while GPT-4 is better at tasks that involve creating text 
and analysing mood. Therefore, the particular needs of the particular work should guide the 
choice of the model. For example, BERT is better for tasks that need to quickly and 
accurately sort text into categories, while GPT-4 might be better for coming up with new 
ideas. 

8. Conclusion 



This work compares GPT-4 and BERT in every way, showing their pros and cons in different 
NLP tasks. Even though BERT is usually more accurate and faster at computing than GPT-4, 
GPT-4 is a strong competitor for jobs that require creativity because it is so good at creating 
text. Future studies might look at hybrid models combining the benefits of both designs to 
reach even better performance. 
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