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Abstract: Deep learning has revolutionized the field of Natural 
Language Processing (NLP), leading to significant 
advancements in the ability of machines to understand, 
interpret, and generate human language. This paper provides 
a comprehensive review of the evolution of deep learning 
approaches in NLP, focusing on key architectures, 
methodologies, and applications. We examine the development 
from early neural networks to the emergence of transformer-
based models, such as BERT and GPT, which have set new 
benchmarks in language understanding and generation. The 
paper highlights the applications of deep learning in machine 
translation, sentiment analysis, text summarization, question 
answering, and speech recognition, demonstrating its 
widespread impact across diverse NLP tasks. Additionally, we 
discuss the challenges of data and computation requirements, 
model interpretability, bias, and multilinguality, which 
continue to shape the field. Finally, we explore future 
directions, including multimodal NLP, efficient models, and 
explainable AI, which are expected to further enhance the 
capabilities of deep learning in NLP. 
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1. INTRODUCTION 
  
Natural Language Processing (NLP) is a subfield of artificial 
intelligence (AI) focused on enabling machines to understand, 
interpret, and generate human language. From early rule-based 
systems to modern machine learning models, NLP has evolved 
significantly over the past few decades. However, it was the 
advent of deep learning that brought a transformative shift in 
NLP capabilities, enabling machines to achieve unprecedented 
performance on a wide array of language-related tasks. 
 
Traditional NLP approaches relied heavily on handcrafted 
features and shallow models, which were limited in their ability 
to capture complex relationships in text. The introduction of 
deep learning techniques, particularly neural networks, 
revolutionized this field by allowing models to automatically 
learn hierarchical representations from raw text. These 
advancements have led to significant improvements in tasks 
such as machine translation, sentiment analysis, text 
summarization, and speech recognition. 
 
At the core of these breakthroughs are transformer-based 
architectures, which utilize self-attention mechanisms to capture 
long-range dependencies and contextual relationships in text. 
Transformer models, such as BERT (Bidirectional Encoder 
Representations from Transformers) and GPT (Generative Pre-
trained Transformer), have demonstrated state-of-the-art 
performance across various NLP tasks by leveraging large-scale 
pre-training on massive text corpora. These models can be fine-

tuned for specific applications, enabling highly specialized 
solutions for different NLP problems. 
 
This paper provides an in-depth review of the deep learning 
approaches that have reshaped NLP. We will examine the 
evolution of deep learning models in NLP, focusing on key 
architectures, methodologies, and their impact on various 
applications. Additionally, we will explore the challenges and 
limitations that still exist in the field, as well as the future 
directions that promise to push the boundaries of what deep 
learning can achieve in NLP. 
 
2. LITERATURE REVIEW 
 
The application of deep learning in Natural Language 
Processing (NLP) has seen tremendous advancements, driven 
by innovations in neural network architectures, large-scale pre-
training techniques, and the availability of vast datasets. This 
literature review provides an overview of significant milestones 
and key developments in deep learning for NLP, focusing on 
major models and their contributions to various NLP tasks. 
 
2.1 Early Deep Learning Approaches in NLP 
Before the widespread adoption of deep learning, NLP was 
primarily dominated by rule-based systems and classical 
machine learning approaches such as decision trees, support 
vector machines (SVMs), and logistic regression. These 
methods required extensive feature engineering, which limited 
their scalability and performance. The introduction of neural 
networks, especially multilayer perceptrons (MLPs), marked a 
shift towards end-to-end learning, where models could 
automatically learn features from raw data without relying on 
manually crafted features. 
 
In the early stages of deep learning for NLP, Recurrent Neural 
Networks (RNNs) were among the first architectures used to 
model sequential data, which is central to language.  
 
RNNs demonstrated the ability to capture temporal 
dependencies by processing text one token at a time. However, 
RNNs suffered from the vanishing gradient problem, which 
made it difficult for models to learn long-range dependencies. 
This limitation was partially addressed by Long Short-Term 
Memory (LSTM) networks (Hochreiter & Schmidhuber, 1997), 
which introduced gating mechanisms to retain long-term 
memory and effectively capture dependencies over longer 
sequences. Despite their advantages, RNNs and LSTMs 
struggled with scalability and parallelization, which became 
more apparent as the size and complexity of data increased. 
 
2.2 Convolutional Neural Networks for NLP 
While RNNs were effective for sequence modeling, 
Convolutional Neural Networks (CNNs) also found applications 
in NLP, particularly in text classification and sentence 
segmentation tasks. CNNs, which were initially developed for 
image processing, work by applying filters (kernels) over text to 
extract local features. Kim (2014) introduced CNNs for 
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sentence classification, showing that they could outperform 
traditional methods, including SVMs, for tasks such as 
sentiment analysis. CNNs are particularly well-suited for tasks 
that involve local patterns in text, such as word n-grams or 
sentence-level features, and are computationally more efficient 
than RNNs due to their parallelization capabilities. 
 
2.3 Introduction of Transformer Models 
The most significant breakthrough in deep learning for NLP 
came with the introduction of the transformer architecture by 
Vaswani et al. (2017). Transformers utilize self-attention 
mechanisms that allow the model to weigh the importance of 
each word in a sentence with respect to all other words, rather 
than processing the text sequentially as RNNs do. This approach 
enables transformers to efficiently capture long-range 
dependencies and contextual information, leading to improved 
performance on a variety of NLP tasks. 
 
Transformers also solve the parallelization problem that was 
inherent in RNNs by allowing for computations to be done in 
parallel, making them highly scalable. The transformer model's 
attention mechanism, which computes the relationships between 
all words in a sentence simultaneously, has since become the 
foundation of many state-of-the-art models in NLP. 
 
2.4 Pre-trained Language Models 
The introduction of pre-trained language models marked 
another significant leap in deep learning for NLP. The idea 
behind pre-training a model on large corpora of text, followed 
by fine-tuning on task-specific data, has proven to be highly 
effective. One of the most influential pre-trained models is 
BERT (Bidirectional Encoder Representations from 
Transformers) (Devlin et al., 2019), which uses a bidirectional 
attention mechanism to capture the context of each word from 
both the left and right side. BERT set new benchmarks in a wide 
range of NLP tasks, including question answering, sentiment 
analysis, and named entity recognition. 
 
Following BERT's success, OpenAI introduced GPT 
(Generative Pre-trained Transformer) (Radford et al., 2018), 
which focuses on a unidirectional approach to language 
modeling and has been particularly effective in tasks like text 
generation and dialogue systems. Unlike BERT, which is pre-
trained using a masked language modeling objective, GPT uses 
an autoregressive approach, where the model predicts the next 
word in a sequence given the previous context. 
 
Other notable models built on the transformer architecture 
include RoBERTa (Liu et al., 2019), a robustly optimized 
version of BERT that improves upon the pre-training approach, 
and T5 (Raffel et al., 2020), which treats all NLP tasks as a text-
to-text problem, thereby enabling a unified approach to tasks 
like translation, summarization, and question answering. 
 
2.5 Transfer Learning and Fine-Tuning 
Transfer learning, a method where a pre-trained model is 
adapted for specific tasks, has become a cornerstone of modern 
NLP. The success of BERT, GPT, and their variants has shown 
that fine-tuning large, pre-trained models on smaller, task-
specific datasets can lead to state-of-the-art performance across 
a range of NLP tasks. This approach reduces the need for large 
labeled datasets and significantly cuts down the computational 
cost of training models from scratch. 
 
Fine-tuning involves adapting a pre-trained model's parameters 
to a specific task by training on a smaller, task-specific dataset. 
This approach has proven highly effective for applications such 

as sentiment analysis, named entity recognition, and text 
classification. Transfer learning has also expanded the 
applicability of deep learning to domains with limited annotated 
data, such as low-resource languages or specialized fields like 
medical text analysis. 
 
3. DEEP LEARNING FOR NLP: UNDERLYING 
PRINCIPLES 
 
Deep learning has fundamentally changed the landscape of 
Natural Language Processing (NLP) by allowing models to 
learn complex patterns and representations from raw text data. 
The core principles of deep learning in NLP revolve around 
neural networks that can automatically extract relevant features 
from text and generalize across diverse linguistic tasks. In this 
section, we explore the foundational principles of deep learning 
and their application in NLP, focusing on key concepts such as 
neural network architectures, feature learning, and training 
methodologies. 
 
3.1 Neural Networks in NLP 
At the heart of deep learning for NLP are artificial neural 
networks (ANNs), which are composed of layers of 
interconnected nodes (or neurons). Each node performs a simple 
mathematical operation, transforming input data and passing it 
to subsequent layers. In the context of NLP, neural networks 
process text data in numerical form, typically as vectors 
representing words, sentences, or entire documents. These 
networks are designed to capture non-linear relationships within 
the data, enabling models to learn complex patterns that are 
often difficult to define manually. 
 
The most common types of neural networks used in NLP 
include: 
 Feedforward Neural Networks (FNNs): These are the 

simplest form of neural networks where the input data 
flows in one direction from input to output. FNNs can be 
used for basic NLP tasks like text classification, though 
they are limited in handling sequential data. 

 Recurrent Neural Networks (RNNs): Unlike FNNs, 
RNNs are designed to handle sequential data by 
maintaining a hidden state that captures information from 
previous time steps. This makes them suitable for tasks 
such as language modeling, sequence generation, and 
machine translation. However, RNNs suffer from 
challenges in learning long-term dependencies due to the 
vanishing gradient problem. 

 Long Short-Term Memory Networks (LSTMs): 
LSTMs are a type of RNN designed to overcome the 
vanishing gradient problem by introducing a gating 
mechanism that allows the network to retain and forget 
information selectively. This improvement makes LSTMs 
more effective in capturing long-term dependencies in 
text. 

 Gated Recurrent Units (GRUs): GRUs are similar to 
LSTMs but use a simplified gating mechanism. They 
have fewer parameters and can perform similarly to 
LSTMs on many NLP tasks. 

 
3.2 Word Embeddings 
One of the major breakthroughs in deep learning for NLP is the 
development of word embeddings, which represent words as 
continuous-valued vectors in a high-dimensional space. These 
embeddings capture semantic relationships between words, 
allowing similar words to have similar vector representations. 
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For example, words like "king" and "queen" will be close to 
each other in the embedding space, as will "cat" and "dog." 
 
The most popular word embedding techniques include: 
 Word2Vec: Word2Vec, introduced by Mikolov et al. 

(2013), learns distributed representations of words using 
either the Continuous Bag of Words (CBOW) or Skip-
gram model. It uses a shallow neural network to predict 
words based on their surrounding context and learns word 
vectors that reflect semantic similarity. 

 GloVe (Global Vectors for Word Representation): 
GloVe, developed by Pennington et al. (2014), is another 
word embedding model that captures global co-
occurrence statistics of words in a corpus. It factorizes the 
word co-occurrence matrix to learn embeddings that 
preserve both local and global relationships between 
words. 

 FastText: FastText, developed by Facebook AI, extends 
Word2Vec by representing words as bags of character n-
grams. This allows it to generate better embeddings for 
rare or out-of-vocabulary words by leveraging subword 
information. 

 
These embeddings enable deep learning models to work more 
effectively with text by converting words into numerical 
representations that capture semantic meaning. 
 
3.3 Transformer Architecture 
While RNNs and their variants (LSTMs and GRUs) were 
initially the backbone of deep learning in NLP, the introduction 
of the transformer architecture (Vaswani et al., 2017) marked a 
turning point in the field. Transformers are designed to address 
the limitations of RNN-based models, particularly their 
inefficiency in handling long-range dependencies and the 
inability to parallelize computations. 
 
Transformers rely on a self-attention mechanism, which enables 
the model to weigh the importance of different words in a 
sequence, regardless of their position. This mechanism allows 
transformers to capture relationships between words in a non-
sequential manner, significantly improving training efficiency 
and model performance. The self-attention mechanism 
computes a set of attention scores that determine how much 
focus each word should receive based on its relevance to other 
words in the sentence or document. 
 
The transformer model consists of an encoder-decoder 
architecture, where: 
 Encoder: The encoder processes the input text (typically 

a sequence of word embeddings) and encodes it into a 
set of hidden states. 

 Decoder: The decoder generates the output (e.g., 
translated text) from the encoded representations. 

 
The encoder and decoder each consist of multiple layers of self-
attention and feedforward neural networks, allowing the model 
to learn complex patterns in the data. 
 
3.4 Pre-trained Language Models 
One of the most significant advancements in deep learning for 
NLP has been the development of pre-trained language models. 
These models are trained on large corpora of text data and then 
fine-tuned for specific downstream tasks. Pre-training enables 
the models to learn general language representations, which can 
be adapted to specific tasks with relatively small amounts of 
task-specific data. 

The most well-known pre-trained models include: 
 BERT (Bidirectional Encoder Representations from 

Transformers): BERT is a bidirectional transformer 
model that is pre-trained on a masked language modeling 
task, where random words are masked and the model is 
tasked with predicting them. This bidirectional approach 
allows BERT to capture context from both the left and 
right sides of a word, making it more effective for 
understanding word meaning in context. BERT has set 
new benchmarks in various NLP tasks, including question 
answering and sentiment analysis. 

 GPT (Generative Pre-trained Transformer): GPT, 
unlike BERT, uses a unidirectional (left-to-right) 
approach and is pre-trained using a causal language 
modeling task. GPT excels in tasks such as text 
generation, where the model generates coherent and 
contextually relevant text based on a given prompt. GPT-
3, the third iteration of the model, has shown remarkable 
capabilities in generating human-like text. 

 RoBERTa, XLNet, and T5: These models represent 
various improvements on the original BERT and GPT 
frameworks. RoBERTa refines BERT by training on 
more data and removing the next-sentence prediction 
task. XLNet combines the benefits of autoregressive and 
autoencoding approaches, while T5 reframes NLP tasks 
as a unified text-to-text problem. 

These pre-trained models have dramatically reduced the amount 
of labeled data required for training and have become the 
foundation for state-of-the-art performance in many NLP 
applications. 
 
3.5 Transfer Learning in NLP 
Transfer learning has become a cornerstone of deep learning in 
NLP, where pre-trained models are fine-tuned for specific tasks. 
This approach leverages the knowledge gained from large-scale 
pre-training on general language data and adapts it to the 
requirements of specific applications. By fine-tuning pre-trained 
models, practitioners can achieve high performance even with 
limited task-specific data. 
 
Fine-tuning typically involves updating the weights of the pre-
trained model with new data for a specific NLP task, such as 
sentiment analysis, named entity recognition, or text 
classification. This process allows models to adapt to domain-
specific terminology and context, leading to better 
generalization on task-specific problems. 
 
3.6 Training and Optimization 
Training deep learning models for NLP tasks typically involves 
optimizing a loss function using backpropagation and gradient 
descent. The loss function measures the difference between the 
model’s predictions and the true labels, guiding the model to 
minimize this difference during training. 
 
To improve training efficiency, techniques such as stochastic 
gradient descent (SGD), Adam optimization, and learning rate 
scheduling are commonly used. Additionally, regularization 
methods like dropout and weight decay are employed to prevent 
overfitting, especially when working with large models and 
datasets. 
 
4. ADVANCEMENTS IN DEEP LEARNING MODELS 
 
The field of Natural Language Processing (NLP) has undergone 
a revolutionary transformation with the advent of deep learning 
models. Early neural network-based approaches such as 
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feedforward networks, recurrent neural networks (RNNs), and 
long short-term memory networks (LSTMs) laid the foundation 
for more sophisticated models. However, the most notable 
advancements in deep learning for NLP have occurred with the 
development of transformer-based architectures, which have set 
new standards for performance in language understanding and 
generation. This section provides an overview of the key 
advancements in deep learning models for NLP, focusing on the 
evolution of neural networks, the introduction of attention 
mechanisms, and the success of pre-trained models. 
 
4.1 Early Deep Learning Models: RNNs and LSTMs 
Before the emergence of transformer models, Recurrent Neural 
Networks (RNNs) were widely used in NLP tasks due to their 
ability to handle sequential data. RNNs process input sequences 
step by step, maintaining a hidden state that encapsulates 
information about previous inputs. However, RNNs suffer from 
limitations, particularly when dealing with long-term 
dependencies. The gradients tend to either vanish or explode 
during backpropagation, making it difficult for RNNs to capture 
relationships in long sequences of text. 
 
To address this, Long Short-Term Memory networks (LSTMs) 
were introduced as a solution to the vanishing gradient problem. 
LSTMs have a specialized architecture with gates that control 
the flow of information, allowing the network to maintain and 
modify its memory over longer sequences. LSTMs significantly 
improved performance in tasks like machine translation, 
language modeling, and speech recognition. Despite their 
advantages, LSTMs still face computational inefficiencies, 
especially when parallel processing is required. 
 
4.2 The Rise of Transformer Models 
The breakthrough in NLP deep learning came with the 
introduction of the transformer architecture by Vaswani et al. 
(2017). Unlike RNNs and LSTMs, transformers utilize a self-
attention mechanism that enables the model to capture 
relationships between words in a sequence regardless of their 
position. This mechanism allows for parallel processing of input 
data, making transformers more efficient and scalable than 
previous sequential models. Transformers represent a paradigm 
shift in how deep learning models approach language 
understanding, with far-reaching implications for both 
computational efficiency and model performance. 
 
The key innovation in transformers is the self-attention 
mechanism, which computes the relevance of each word to 
every other word in the input sequence. This allows the model 
to focus on different parts of the input text based on context, 
rather than processing words sequentially. As a result, 
transformers excel at capturing long-range dependencies and 
context, which is crucial for tasks such as machine translation, 
sentiment analysis, and text generation. 
 
4.3 Transformer Variants and Extensions 
The success of BERT and GPT has led to the development of 
several variants and extensions, each designed to address 
specific challenges or improve upon the original architecture. 
Notable models include: 
 RoBERTa (Robustly optimized BERT approach): An 

improvement upon BERT, RoBERTa removes the next-
sentence prediction task and trains with larger mini-
batches and longer sequences. RoBERTa has been shown 
to outperform BERT on many NLP benchmarks. 

 XLNet: This model combines the best aspects of BERT 
and autoregressive models like GPT. XLNet utilizes a 
permutation-based training objective, which allows it to 

capture bidirectional context while maintaining the 
autoregressive benefits of GPT. 

 T5 (Text-to-Text Transfer Transformer): T5 treats all 
NLP tasks as a text generation problem, unifying tasks 
like translation, summarization, and question answering 
under a single framework. T5 has demonstrated state-of-
the-art performance across a wide range of NLP tasks. 

 DeBERTa (Decoding-enhanced BERT with 
disentangled attention): DeBERTa introduces 
enhancements in attention mechanisms, allowing the 
model to more effectively capture relationships between 
words in a sentence, resulting in superior performance on 
tasks like sentence classification and question answering. 

 
4.4 Multilingual and Cross-lingual Models 
Another significant advancement in deep learning for NLP is 
the development of multilingual and cross-lingual models. 
While many pre-trained models, such as BERT, were initially 
trained on English text, multilingual versions like mBERT and 
XLM-R have been developed to handle multiple languages 
simultaneously. These models are trained on a diverse set of 
languages, enabling them to perform well in a variety of 
linguistic contexts. Cross-lingual models have also enabled 
transfer learning between languages, where a model trained on 
one language can be fine-tuned to perform well on another 
language, even with limited labeled data. 
 
4.5 Efficiency and Scaling 
While the performance of deep learning models has 
significantly improved, large models like GPT-3 require 
substantial computational resources for training and inference. 
In response to these challenges, research has focused on 
developing more efficient models that achieve high performance 
with fewer parameters. Techniques like model pruning, 
distillation, and quantization are being explored to reduce the 
size and complexity of models without sacrificing accuracy. 
These approaches aim to make deep learning models more 
accessible and deployable, particularly in resource-constrained 
environments. 
 
5.  APPLICATIONS OF DEEP LEARNING IN NLP 
 
Deep learning has significantly advanced a variety of NLP 
applications, enabling more accurate and efficient models. Key 
applications include: 

1. Machine Translation: Deep learning models, 
particularly transformers like Google's Neural Machine 
Translation (NMT), have revolutionized machine 
translation by providing higher-quality translations 
between languages, surpassing traditional methods. 

2. Sentiment Analysis: Models such as BERT and GPT can 
accurately classify emotions and sentiments in text, aiding 
businesses in customer feedback analysis and social 
media monitoring. 

3. Text Summarization: Deep learning approaches, 
including abstractive and extractive summarization, are 
used to generate concise summaries of large documents, 
improving information retrieval and decision-making. 

4. Question Answering: Pre-trained models like BERT 
excel in question answering tasks, extracting precise 
answers from contextually rich data, driving 
advancements in virtual assistants and customer service 
bots. 

5. Speech Recognition: Deep learning techniques such as 
RNNs and CNNs have enabled highly accurate speech-to-
text systems, making virtual assistants and transcription 
services more effective. 
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6. Text Generation: Generative models like GPT-3 are 
capable of producing human-like text, which is widely 
used in creative writing, content generation, and chatbot 
development. 

 
These applications illustrate the broad and growing impact of 
deep learning in transforming how machines understand and 
interact with human language. 
 
6.  CHALLENGES AND FUTURE DIRECTIONS 
 
While deep learning has significantly advanced the field of 
Natural Language Processing (NLP), several challenges remain, 
and the future promises further innovation in this space. 
 
6.1  Challenges: 

1. Data and Computation Requirements: Deep learning 
models, particularly large pre-trained transformers, 
require vast amounts of labeled data and considerable 
computational resources for training. This makes them 
resource-intensive, limiting their accessibility in resource-
constrained environments. 

2. Bias and Fairness: Pre-trained models often inherit 
biases present in the datasets they are trained on, leading 
to ethical concerns in real-world applications. Addressing 
these biases and ensuring fairness across diverse 
demographic groups remain significant challenges. 

3. Interpretability: Deep learning models, especially large 
transformer models, are often considered "black boxes," 
making it difficult to understand how they make 
decisions. Enhancing model interpretability is crucial for 
improving trust and transparency, especially in high-
stakes areas like healthcare and finance. 

4. Multilinguality and Low-Resource Languages: While 
models like mBERT have made strides in multilingual 
NLP, performance is often suboptimal for low-resource 
languages. Developing models that can effectively handle 
a wide variety of languages, especially underrepresented 
ones, is an ongoing challenge. 

5. Domain Adaptation: Pre-trained models may not 
generalize well to domain-specific tasks. Fine-tuning 
models for specialized domains such as legal, medical, or 
technical fields often requires large domain-specific 
datasets, which are not always available. 

 
6.2  Future Directions: 

1. Multimodal NLP: The integration of multiple data types, 
such as text, images, and audio, will enable more 
sophisticated models capable of deeper contextual 
understanding. Multimodal models could improve 
applications like video captioning, speech-to-text, and 
visual question answering. 

2. Efficient and Lightweight Models: Research is focusing 
on making deep learning models more efficient, using 
techniques like model distillation, pruning, and 
quantization. These methods aim to reduce the size and 
computational requirements of models, making them 
more accessible without sacrificing performance. 

3. Few-shot and Zero-shot Learning: Future models are 
expected to perform well with fewer labeled examples. 
Few-shot and zero-shot learning paradigms, where 
models generalize to new tasks with minimal training 
data, hold great promise for adapting deep learning to a 
wider range of applications. 

4. Explainable AI (XAI): Improving the transparency of 
deep learning models is crucial for building trust, 
especially in sensitive applications. Explainable AI 

techniques will help users understand why a model makes 
a particular decision, enabling more responsible 
deployment in real-world scenarios. 

5. Cross-lingual Models: Developing models capable of 
understanding and generating text in multiple languages 
with minimal training data could further democratize 
NLP. Cross-lingual models will be essential for breaking 
down language barriers and making NLP more accessible 
globally. 

 
As deep learning continues to evolve, overcoming these 
challenges will be key to unlocking the full potential of NLP, 
enabling more powerful, equitable, and efficient language 
models in the future. 
 
7.  CONCLUSION 
 
Deep learning has fundamentally transformed the field of 
Natural Language Processing (NLP), enabling machines to 
achieve remarkable performance across a wide range of 
language-related tasks. The development of transformer-based 
architectures, such as BERT, GPT, and their variants, has led to 
significant advancements in language understanding and 
generation. These models, with their ability to learn contextual 
relationships and scale to massive datasets, have set new 
benchmarks in machine translation, sentiment analysis, text 
summarization, and many other applications. 
 
Despite these advancements, challenges remain, including 
issues related to data requirements, model interpretability, 
fairness, and multilinguality. As the field progresses, there is a 
growing focus on developing more efficient models, improving 
the explainability of deep learning systems, and exploring new 
directions such as multimodal NLP and few-shot learning. 
 
The future of deep learning in NLP holds great promise, with 
potential breakthroughs in areas like cross-lingual 
understanding, real-time applications, and human-AI 
collaboration. Continued research and innovation will likely 
drive further improvements, making deep learning-based NLP 
systems more accessible, transparent, and adaptable to a wider 
array of tasks and languages. 
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