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Abstract

This review paper examines the Transformer architecture, a groundbreaking innovation in natural language processing
(NLP) that has revolutionized large language models. Introduced by Vaswani et al. in 2017, the Transformer employs
self-attention mechanisms to process sequential data efficiently, eliminating the need for recurrent neural networks. The
paper explores the core components of the Transformer, including multi-head attention, positional encoding, and feed-
forward networks. It highlights the architecture's advantages, such as parallel processing capabilities and improved long-
range dependency modeling. The impact of Transformer-based models on various NLP tasks is discussed, emphasizing
their superior performance in machine translation, text summarization, and question answering. The review also addresses
the scalability of Transformer models, leading to the development of increasingly large and powerful language models.
Finally, the paper outlines future research directions, including efforts to enhance model efficiency, interpretability, and
ethical considerations in deploying large language models. This comprehensive review provides researchers and
practitioners with a thorough understanding of the Transformer architecture's significance in advancing NLP technologies.

Introduction

Natural language processing (NLP) has undergone a significant transformation in recent years, with the advent of
Transformer-based large language models marking a paradigm shift in the field. Traditional NLP approaches relied
heavily on rule-based systems and statistical methods, which were limited in their ability to capture the nuances and
complexities of human language. These methods often struggled with context-dependent interpretation and long-range
dependencies in text. The introduction of recurrent neural networks (RNNs) and convolutional neural networks (CNNs) to
NLP tasks represented a major advancement, allowing for more sophisticated modeling of sequential data. However,
RNNs faced challenges in processing long sequences due to the vanishing gradient problem, while CNNs were limited in
their ability to capture global dependencies across distant parts of a sequence. The Transformer architecture, introduced by
Vaswani et al. in 2017, addressed these limitations by eschewing recurrence and convolutions entirely in favor of self-
attention mechanisms. This novel approach allowed for parallel processing of input sequences and more effective
modeling of long-range dependencies. The Transformer's ability to capture contextual information and its scalability to
larger datasets and model sizes quickly led to its adoption as the foundation for state-of-the-art language models. The
emergence of Transformer-based large language models has had a profound impact on various NLP tasks, including
machine translation, text summarization,

question answering, and language generation. These models have demonstrated unprecedented performance, often
surpassing human-level capabilities in specific domains. The scalability of the Transformer architecture has enabled the
development of increasingly large models with billions of parameters, pushing the boundaries of what is possible in
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natural language understanding and generation. Given the transformative impact of Transformer-based models on NLP
and their potential for further advancements, a comprehensive review of this architecture is crucial. This paper aims to
provide an in-depth examination of the Transformer, its key components, and its applications in large language models.
By exploring the strengths, limitations, and future directions of this technology, we seek to equip researchers and
practitioners with a thorough understanding of its significance in shaping the future of NLP.

Evolution of NLP Models Pre-Transformer

The evolution of Natural Language Processing (NLP) prior to the advent of Transformers is marked by
significant advancements in statistical models and neural networks, particularly Recurrent Neural Networks
(RNNs) and Long Short-Term Memory networks (LSTMs). These models laid the groundwork for
understanding language but faced notable limitations that hindered their scalability and effectiveness.

Statistical Models

o Early NLP relied heavily on statistical methods, such as n-gram models and hidden Markov models,
which provided a framework for language processing but struggled with accuracy and scalability. These
models were limited in their ability to capture long-range dependencies due to their reliance on fixed-
length context windows, which restricted their performance in complex language tasks.

Recurrent Neural Networks (RNNS)

o RNNSs emerged as a solution to sequential data processing, allowing for the modeling of dependencies
across time steps. However, they suffered from issues like vanishing gradients, making it difficult to
learn long-range dependencies effectively.

o The training process for RNNs was computationally intensive, requiring backpropagation through time
(BPTT), which limited their scalability and efficiency.

Long Short-Term Memory Networks (LSTMS)

o LSTMs were developed to address the shortcomings of RNNs by introducing mechanisms to retain
information over longer sequences. Despite their
improvements, LSTMs still faced challenges in parallelization, making them slower to train compared to
newer architectures.

o The complexity of LSTMs, with multiple gates for input, output, and forget mechanisms, added to their
computational burden, further complicating their scalability.
In contrast, while RNNs and LSTMs provided significant advancements in NLP, their limitations in handling
long-range dependencies and parallelization paved the way for the development of more efficient models like
Transformers, which have since revolutionized the field.

Evolution of NLP Models Pre-Transformer

The Transformer architecture, introduced in the paper "Attention Is All You Need" by Vaswani et al. (2017),
revolutionized natural language processing by addressing the limitations of previous models. Here's a detailed
breakdown of its key components: 1. Attention Mechanism: The core innovation of Transformers is the self-
attention mechanism, which allows the model to weigh the importance of different words in a sequence when
processing each word. It computes three vectors for each word: Query

(Q), Key (K), and Value (V). The attention scores are calculated as the dot product of Q and K, scaled and
normalized using softmax. These scores are then used to weight the V vectors, producing a context-aware
representation of each word. 2. Multi-Head Attention: To capture different types of relationships between
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words, Transformers use multiple attention heads. Each head performs the attention calculation with different
learned projections of Q, K, and V. The outputs of all heads are concatenated and linearly transformed, allowing
the model to attend to information from different representation subspaces. 3. Positional Encoding: Since
Transformers process all words in parallel, they lack inherent understanding of word order. Positional encodings
are added to the input embeddings to inject information about the position of each word in the sequence. These
encodings use sine and cosine functions of different frequencies, allowing the model to learn to attend to
relative positions. 4.

Encoder-Decoder Layers: The Transformer consists of stacked encoder and decoder layers. Each encoder layer
has two sub-layers: multi-head self-attention and a position-wise feed-forward network. Decoder layers have an
additional sub-layer for multi-head attention over the encoder output. Layer normalization and residual
connections are applied around each sub-layer. 5. Feed-Forward Networks: Each

encoder and decoder layer includes a position-wise feed-forward network. This consists of two linear
transformations with a ReL U activation in between. It processes each position independently, allowing the
model to introduce non-linearity and transform the representations. 6. Residual Connections: Residual
connections are used throughout the architecture, allowing gradients to flow more easily through the network.
They add the input of a sub-layer to its output, helping to mitigate the vanishing gradient problemin deep
networks. 7. Layer Normalization: Applied after each sub-layer, layer normalization stabilizes the learning
process by normalizing the inputs across features. This helps in reducing the internal covariate shift and allows
for higher learning rates. 8. Masked Attention in Decoder: In the decoder, the self-attention layer is modified to
prevent positions from attending to subsequent positions. This masking ensures that the predictions for a given
position can depend only on known outputs at earlier positions.

9. Final Linear and Softmax Layer: The decoder's output is passed through a final linear transformation and
softmax layer to produce probability distributions over the vocabulary for each position. The Transformer's
architecture allows for efficient parallel processing, better handling of long-range dependencies, and improved
performance on various NLP tasks. Its success has led to the development of numerous variants and pre-trained
models like BERT, GPT, and T5, which have further advanced the state of the art in NLP.

The Transformer architecture has revolutionized various fields by enabling efficient processing of sequential data
through its unique components. This architecture is primarily composed of the attention mechanism, multi-
head attention, positional

encoding, encoder-decoder layers, feed-forward networks, and residual connections. Each of these
components plays a crucial role in enhancing the model's ability to learn complex patterns in data.

The Transformer Architecture

Attention Mechanism

The attention mechanism allows the model to focus on different parts of the input

sequence when producing an output. It computes a weighted sum of the input features, where the weights are
determined by how relevant each token in the input is to the

current token being processed.

The formula for scaled dot-product attention is:

. . QK"
Attention(Q, K,V) = softmax L— vV

T
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Here, Q (Query), K (Key), and V (Value) are learned projections of the input. This
mechanism is essential for capturing relationships in sequences, no matter how far apart the tokens are

Multi-Head Attention

Multi-head attention extends the basic attention mechanism by allowing the model to jointly attend to information
from different representation subspaces. This is achieved by using multiple attention "heads,” each learning
different aspects of the input data.

Each head computes its own attention scores, and the outputs from all heads are combined and linearly
transformed. This enables richer and more diverse feature extraction .

Positional Encoding

Since Transformers do not inherently understand the order of tokens in a sequence, positional encoding is
introduced to provide this information. It uses patterns based on sine and cosine functions to assign unique
positions to each token, helping the model understand the sequence structure .

Encoder-Decoder Layers

The Transformer is built from two main parts: the encoder and the decoder. The
encoder processes the input sequence and passes its representation to the decoder, which then generates the
output sequence.

o Theencoder consists of multiple layers, each with multi-head attention and feed-forward networks.

o The decoder also has similar layers but includes an additional mechanism to attend to the encoder's
output (Nasilloyevich, 2023).

Feed-Forward Networks

Each layer in the encoder and decoder contains a feed-forward network. This network applies a non-linear
transformation to the data using two linear layers with a ReLU activation in between. It helps the model learn
complex patterns and improves its

prediction capability .

Residual Connections

Residual connections help maintain the flow of information across layers during
training. They allow the original input of a layer to be added to its output, making it
easier for the model to learn and reducing the risk of vanishing gradients (Mufioz, 2023).

Training Large Language Models Using Transformers

Large Language Models (LLMs) built on the Transformer architecture are trained through a multi-stage pipeline
involving data preprocessing, tokenization, objective formulation, optimization strategies, and model scaling.
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These stages collectively contribute to the model's capacity to learn rich linguistic representations and perform
diverse downstream tasks with minimal supervision.

Tokenization

Tokenization is a crucial first step in training, where raw textual data is transformed into a sequence of tokens—
units that the model can understand and process. Tokens can be entire words, subwords, or even individual
characters, depending on the tokenizer used. Popular methods include Byte-Pair Encoding (BPE) and
WordPiece, which strike a balance between handling rare words and maintaining compact vocabulary sizes.
These approaches enable the model to generalize to unseen word forms by breaking them down into familiar
subword components.

Training Objectives
LLMs are typically trained with one of two unsupervised learning objectives:

o Next-token prediction (autoregressive modeling): The model learns to predict the next token in a
sequence, given all previous tokens. This objective underlies models like GPT and is suited for text
generation.

o Masked Language Modeling (MLM): Used in models like BERT, MLM randomly masks portions of
the input sequence and trains the model to recover the missing tokens based on surrounding context.

These objectives allow LLMs to learn statistical patterns in language without requiring labeled datasets.

Parallel Processing and Context Modeling

Unlike earlier sequential models (e.g., RNNs), Transformer-based LLMs can process entire input sequences in
parallel thanks to their self-attention mechanism, which captures token dependencies irrespective of their
positions. This facilitates efficient modeling of long-range contextual relationships and enables massive-scale
pretraining.

Scaling Laws

Empirical research has demonstrated that LLM performance scales predictably with increases in three critical
variables: model size (number of parameters), dataset size (amount of training data), and compute budget. These
scaling laws imply that continued performance gains can be achieved simply by increasing resources, a finding
that has driven the creation of ultra-large models like GPT-3 and GPT-4, which contain hundreds of billions of
parameters.

Optimization Techniques
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Given the massive scale of LLMs, training them efficiently requires several engineering and algorithmic
innovations:

o Distributed Training: Large models are trained across multiple GPUs or TPUs in parallel, distributing
both data and computation to reduce time and memory constraints.

o Mixed-Precision Training: By using lower-precision formats (e.g., FP16), training can be significantly
accelerated with reduced memory usage, without compromising model accuracy.

o Gradient Accumulation: To simulate large batch sizes within hardware constraints, gradients are
accumulated over several mini-batches before updating weights.

o Learning Rate Scheduling: Adaptive learning rate strategies, such as linear warm-up followed by
cosine decay, help stabilize training and avoid divergence during early epochs.

Advanced Learning Strategies
Modern LLM training increasingly incorporates advanced techniques to enhance generalization:

o Curriculum Learning: The model is exposed to simpler data or tasks first, gradually increasing
complexity. This progressive training mimics human learning and can result in better convergence.

o Few-shot and Zero-shot Learning: Due to their scale and generalization capabilities, LLMs can solve
tasks with minimal or no task-specific data. When prompted with only a few examples (few-shot) or
none at all (zero-shot), models like GPT-3 have demonstrated surprising capabilities across tasks
including translation, summarization, and reasoning.

Transformer Variants and Architectures in LLMSs

Transformer-based models such as GPT, BERT, and T5 have significantly advanced
natural language processing (NLP) through their unique architectures, training methods, and applications. Each
model serves distinct purposes, making them suitable for various NLP tasks. Below is a comparative review of

these models.

Architecture

o BERT: Utilizes a bidirectional encoder architecture, allowing it to understand context from both
directions, which is beneficial for tasks requiring deep contextual comprehension.

o GPT: Employs a unidirectional (left-to-right) architecture, excelling in text
generation and creative writing but limited in context understanding due to its sequential nature.

o T5: Adopts a text-to-text framework, simplifying the architecture by treating all tasks as text generation
problems, which enhances versatility across different NLP tasks.

Training Methods
o BERT: Pre-trained using masked language modeling and next sentence
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prediction, focusing on understanding context and relationships between sentences.

o GPT: Pre-trained with a generative objective, predicting the next word in a sequence, which is effective
for generating coherent text.

o T5: Trained on a diverse set of tasks by converting them into a text-to-text format, allowing it to generalize
well across various applications.

Applications

o BERT: Best suited for tasks like question answering and sentiment analysis due to its strong contextual
understanding.

o GPT: Ideal for creative writing, dialogue systems, and translation, leveraging its generative capabilities.

o T5: Versatile in applications ranging from summarization to translation, benefiting from its unified
approach to task handling.

While these models have distinct strengths, they also face challenges. For instance, BERT's computational
demands can hinder efficiency, and GPT's unidirectional nature limits its contextual understanding. Future
research may explore hybrid models that combine the strengths of these architectures to address their

limitations.

Scaling Transformers: From GPT-2 to GPT-4 and Beyond

Transformer-based models have evolved significantly from GPT-2 to GPT-4 and beyond, primarily through
scaling in model size and complexity. This progression has introduced various challenges, particularly in memory
management and inference efficiency. The

following sections outline the key aspects of this scaling journey and the emerging solutions to address these

challenges.

Scaling Challenges

o Memory Limitations: As models grow to hundreds of billions of parameters, they often exceed the
memory capacity of standard GPUs, complicating deployment and inference("DeepSpeed Inference:
Enabling Efficient Inference of Transformer Models at Unprecedented Scale", 2022).

o Inference Latency: Larger models typically result in slower decoding times, making real-time applications
difficult.

o Computational Demands: The increased number of parameters leads to higher FLOPS requirements,
necessitating advanced optimization techniques to maintain performance.

Emerging Solutions

o Sparse Transformers: By implementing sparsity in model layers, researchers have demonstrated that
performance can be maintained while reducing computational costs, allowing for faster inference and
lower memory usage.

o Mixture-of-Experts (MoEs): This approach enables models to activate only a
subset of parameters during inference, significantly reducing the computational burden and allowing for
larger models to be utilized effectively("DeepSpeed
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Inference: Enabling Efficient Inference of Transformer Models at Unprecedented Scale", 2022).

o DeepSpeed Inference: This system optimizes multi-GPU setups and leverages CPU and NVMe memory,
achieving unprecedented throughput and enabling
trillion-parameter models to operate under real-time constraints("DeepSpeed Inference: Enabling
Efficient Inference of Transformer Models at Unprecedented Scale", 2022).

While the advancements in scaling Transformer models have led to impressive capabilities, they also raise
concerns about the environmental impact and resource consumption associated with training and deploying such

large models. Balancing performance with sustainability remains a critical challenge in the field.

Applications of Transformer-Based LLMs

Transformer-based Large Language Models (LLMs) have revolutionized various domains within Natural
Language Processing (NLP), showecasing their versatility in applications such as text generation,
summarization, machine translation, reasoning, and software development. Notable implementations like
ChatGPT, Claude, and Gemini exemplify the transformative impact of these models in real-world scenarios.

Text Generation

o LLMs like ChatGPT generate human-like text, enabling applications in content creation, dialogue
systems, and creative writing.

o They utilize advanced algorithms to produce coherent and contextually relevant responses, enhancing user
interaction in customer service and entertainment.

Summarization
o Transformer models excel in summarizing large texts, providing concise and accurate representations of
information.
o Applications in news aggregation and academic research help users quickly grasp essential content,
improving information accessibility.

Machine Translation

o LLMs have significantly improved machine translation accuracy, allowing for real-time translation across
multiple languages.

o Tools like Google Translate leverage these models to enhance communication in global contexts,
breaking language barriers.

Reasoning

o Advanced reasoning capabilities enable LLMs to perform complex tasks such as question answering and
logical inference.

o Applications in legal and medical fields assist professionals in making informed decisions based on
comprehensive data analysis.

Software Development

o LLMs facilitate code generation and debugging, streamlining software development processes.
o Tools like GitHub Copilot utilize these models to assist developers by suggesting code snippets and
automating repetitive tasks.
While the benefits of Transformer-based LLMs are substantial, challenges such as high computational costs, data
privacy concerns, and inherent biases remain critical issues that need addressing to ensure responsible
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deployment in various sectors.

Challenges and Ethical Considerations

Transformer-based Large Language Models (LLMs) face significant ethical and technical challenges that
impact their deployment and trustworthiness. These challenges include bias, hallucination, explainability,
environmental impact, and potential misuse, which necessitate a comprehensive approach to their development
and regulation.

Bias and Fairness

o LLMs often reflect societal biases present in their training data, leading to the perpetuation of stereotypes
and unfair treatment of marginalized
groups(Bahrami et al., 2024).

o Mitigation strategies, such as bias detection tools, are being developed to identify and reduce these biases
in LLM outputs.

Hallucination and Misinformation
o Hallucination, where LLMs generate false or misleading information, poses a significant risk,
undermining user trust.
o Research is ongoing to enhance the reliability of LLMSs by integrating fact-checking mechanisms and
logic programming.

Explainability and Transparency
o The opaque nature of LLM decision-making complicates accountability and compliance with regulations
like the EU Al Act.
o Effortsto create explainable LLMsare crucial for user understanding and regulatory adherence.

Environmental Impact

o The computational resources required for training LLMSs contribute to significant environmental concerns,
necessitating a balance between performance and sustainability.

Potential Misuse
o The potential for LLMs to be misused in generating harmful content or misinformation highlights the
need for robust ethical frameworks and oversight.
While these challenges are substantial, they also present opportunities for
interdisciplinary collaboration to develop ethical guidelines and technical solutions that ensure LLMs are used
responsibly and beneficially in society.

Future Directions in Transformer Research

The future of Transformer architecture and large language models (LLMs) is poised for significant
advancements, focusing on efficiency improvements, the development of universal and multimodal models, and
enhancing capabilities such as reasoning and

planning. These directions are critical for addressing current limitations and expanding the applicability of LLMs
across diverse tasks.

Efficiency Improvements
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o Long-Context Handling: Research emphasizes enhancing LLMs' ability to
process long-context inputs using models like Longformer and BigBird, enabling better performance on
document-level tasks.

o Self-Adaptive Models: Innovations like the Self-Adaptive Computation framework allow real-time

adjustment of model components, improving efficiency by dynamically skipping or reusing layers (Sun
etal., 2025).

o Model Compression: Techniques such as pruning, quantization, and low-rank adaptation (e.g., QLoRA)
reduce model size and memory usage without significant performance loss.

o Sparse Architectures: Models like Switch Transformers use Mixture-of-Experts to activate only a
portion of the model per input, lowering computation costs while maintaining accuracy.

Universal and Multimodal Models

o Multimodal Learning: The integration of multimodal capabilities is a hot research area, enabling models
to process and understand data from various sources, such as text and images("Multimodal Learning
With Transformers: A Survey", 2023)("Multimodal Learning with Transformers: A Survey", 2022).

o Unified Architectures: Future models may aim for universality, combining different modalities into a
single framework to enhance performance across tasks.

Transparent/Open-Weight LLMs

o Open-Weight Models: There is a growing interest in developing transparent models that allow
researchers to understand and modify underlying weights, fostering collaboration and innovation in the
field.

Enhanced Capabilities

o Reasoning and Planning: Future research will likely focus on improving LLMs' reasoning abilities and
planning capabilities, essential for tasks requiring complex decision-making.
While these advancements promise to enhance LLMs significantly, challenges remain, such as ensuring model
interpretability and managing the computational costs associated with more complex architectures. Addressing
these issues will be crucial for the sustainable development of Al technologies.

Conclusion

The Transformer architecture has been pivotal in advancing Large Language Models (LLMs), revolutionizing Al
research and applications in natural language processing

(NLP). By introducing self-attention mechanisms, Transformers have surpassed

previous models like recurrent neural networks, enabling LLMs to capture long-range dependencies and
contextual relationships more effectively. This has led to significant improvements in tasks such as text
generation, machine translation, and sentiment analysis, often achieving near-human performance levels. The
architecture's scalability and adaptability have facilitated the development of models like BERT and GPT, which

have become foundational in NLP research and applications. The transformative impact of Transformers is
evident in their ability to handle complex language tasks and their potential to drive future innovations in Al.
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Key Contributions of Transformer Architecture

o Self-Attention Mechanism: Enables the model to focus on different parts of the
input sequence, capturing long-range dependencies and contextual relationships more effectively than
previous architectures .

o Scalability and Adaptability: Facilitates the development of large models like BERT and GPT, which
have become foundational in NLP research and
applications.

o Efficiency and Performance: Transformer-based models have demonstrated significant improvements in
tasks such as machine translation, text summarization, and sentiment analysis, often achieving near-
human
performance levels.

Future Implications

o Long-Context Processing: Recent advancements aim to enhance the
long-context capabilities of LLMs, addressing limitations in processing long text sequences and improving
model efficacy across different stages.
o Architectural Variants: Innovations like ParallelGPT and LinearlyCompressedGPT aim to reduce model
sizes while maintaining performance, indicating a trend
towards more efficient and faster models.
While the Transformer architecture has significantly advanced LLMs, challenges such as high computational
demands, data privacy concerns, and inherent biases remain. Addressing these issues is crucial for the
responsible development of LLMSs, ensuring their benefits are maximized while minimizing societal and
environmental impacts.

References and Bibliography

1.Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L., & Polosukhin, 1. (2017).
Attention Is All You Need. In Advances in Neural Information Processing Systems, 5998-6008.

Source:https://papers.nips.cc/paper/2017/hash/3foee243547dee91fbd053clc4a845aa-Abstract. html

2.Aminabadi, R. Y., Rajbhandari, S., Zhang, M., Awan, A. A., Li, C, Li, D., Zheng, E., Rasley, J., Smith, S.,
Ruwase, O., & He, Y. (2022). DeepSpeed Inference: Enabling efficient inference of transformer models at unprecedented
scale. arXiv preprint arXiv:2207.00032.

Source:https://arxiv.org/abs/2207.00032

3.Pope, R., Douglas, S., Chowdhery, A., Devlin, J., Bradbury, J., Levskaya, A., Heek, J., Xiao, K., Agrawal, S., &
Dean, J. (2022). Efficiently Scaling Transformer Inference. In Proceedings of Machine Learning and Systems (MLSys 5).
arXiv:2211.05102.

Source:https://arxiv.org/abs/2211.05102

4.Devlin, J., Chang, M.-W., Lee, K., & Toutanova, K. (2018). BERT: Pre-training of Deep Bidirectional Transformers
for Language Understanding. Proceedings of NAACL-HLT 2019, 4171-4186.
Source: https://aclanthology.ora/N19-1423/

5.Park, J., Choi, J., Kyung, K., Kim, M. J., Kwon, Y., Kim, N. S., & Ahn, J. H. (2023).

Unleashing the Potential of PIM: Accelerating Large Batched Inference of Transformer-Based Generative Models. IEEE
Computer Architecture Letters, 22(2), 113-116.

Source:https://ieeexplore.ieee.org/document/10218731

JETIR2507060 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | a558


http://www.jetir.org/
https://papers.nips.cc/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://papers.nips.cc/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://arxiv.org/abs/2207.00032
https://arxiv.org/abs/2211.05102
https://aclanthology.org/N19-1423/
https://ieeexplore.ieee.org/document/10218731

© 2025 JETIR July 2025, Volume 12, Issue 7 www.jetir.org (ISSN-2349-5162)

6. Aminabadi, R. Y., Rajbhandari, S., Zhang, M., Awan, A. A., Li, C,, Li, D., Zheng, E., Rasley, J., Smith, S.,
Ruwase, O., & He, Y. (2022). DeepSpeed Inference: Enabling efficient inference of transformer models at unprecedented
scale. SC 2022 technical paper.

JETIR2507060 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | a559


http://www.jetir.org/

