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Abstract

Cutting-edge Artificial Intelligence (Al) techniques keep reshaping our view of the world. For example,
Large Language Models (LLMs) based applications such as ChatGPT have shown the capability of
generating human-like conversation on extensive topics. Due to the impressive performance on a
variety of language-related tasks (e.g., open-domain question answering, translation, and document
summarization), one can envision the far-reaching impacts that can be brought by the LLMs with
broader real-world applications (e.g., customer service, education and accessibility, and scientific
discovery). Inspired by their success, this paper will offer an overview of state-of-the-art LLMs and their
integration into a wide range of academic disciplines, including: (1) arts, letters, and law (e.g., history,
philosophy, political science, arts and architecture, law), (2) economics and business (e.g., finance,
economics, accounting, marketing), and (3) science and engineering (e.g., mathematics, physics and
mechanical engineering, chemistry and chemical engineering, life sciences and bioengineering, earth
sciences and civil engineering, computer science and electrical engineering). Integrating humanity
and technology, in this paper, we will explore how LLMs are shaping research and practice in these
fields, while also discussing key limitations, open challenges, and future directions in the era of
generative Al The review of how LLMs are engaged across disciplines—along with key observations
and insights—can help researchers and practitioners interested in exploiting LLMs to advance their
works in diverse real-world applications.

Keywords: large language models; interdisciplinary research; scientific discovery

1. Introduction

Nowadays, cutting-edge technologies in Artificial Intelligence (Al) keep reshaping our view of the
world. For example, as a foundation language model based on the Generative Pre-trained Transformer
(GPT) architecture, ChatGPT [1] has shown its capability of generating human-like conversation on
extensive topics, which makes it the fastest-growing application (i.e., with more than 100 million
users within the first two months of its launch) [2]. Although limitations such as robustness and
truthfulness it still remains, due to the impressive performance on a variety of language-related tasks
(e.g., open-domain question answering, translation, and document summarization), ChatGPT could
have a wide range of potential applications (e.g., customer service, personal assistants, and medical
diagnosis). Besides the models like ChatGPT in Natural Language Procession (NLP), the pre-trained
foundation models in Computer Vision (CV) such as Florence/Florence-2 [3] and Qwen2.5-VL can
achieve state-of-the-art performance on various vision-tasks (e.g., object detection, image segmentation,
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and video reasoning), which make them particularly useful for applications such as facial recognition,
medical image analysis, and self-driving cars. This cross-domain convergence underscores the pivotal
role of large language models (LLMs), which provide the representational and reasoning framework
for embedding other modalities, positioning them as central components in the evolving ecosystem of
Al-powered research and applications.

Motivated by recent advances, this paper surveys cutting-edge LLMs and their integration into a
wide range of academic disciplines, including: (1) arts, letters, and law (history, philosophy, political
science, arts and architecture, law), (2) economics and business (finance, economics, accounting, mar-
keting), and (3) science and engineering (mathematics, physics and mechanical engineering, chemistry
and chemical engineering, life sciences and bioengineering, earth sciences and civil engineering, com-
puter science and electrical engineering). At the intersection of humanistic inquiry and technology, we
examine how LLMs may reshape research workflows and professional practice in each area, while also
outlining major limitations, unresolved challenges, and promising directions in the era of generative
Al By synthesizing cross-disciplinary uses and distilling key takeaways, this review is intended to
guide researchers and practitioners seeking to harness LLMs to advance their work in real-world
applications. In the following, we outline the organization of the paper.

Building on recent breakthroughs, in Chapter 2, we ground the reader in what LLMs are and how
to assess them. We begin with precise definitions and a concise history of LLMs. We then map the
state of the art with an overview and focused profiles of major model families—GPT-series, OpenAl
reasoning models, Claude 3, Gemini 2, Gork, Llama 3, Qwen 2, and DeepSeek—highlighting design
choices and capabilities. We conclude with evaluation: the core task types, representative benchmarks,
and commonly used methods, followed by a performance-at-a-glance synthesis. Together, these
sections aim to provide a background, a comparative map of current models, and practical guidance
for reading results and making methodologically sound choices.

For each academic discipline within the three clusters—arts, letters, and law; economics and
business; and science and engineering—we begin by introducing the discipline through an overview
of its major research tasks and traditional methodologies, with the highlight of its key contribu-
tions and significant impacts. After identifying common research challenges that could be assisted
by Al—particularly LLMs, we integrate disciplinary research with LLMs by providing a taxonomy
that aligns with established disciplinary tasks while mapping them onto a unified computational
input-output framework. This ensures both disciplinary relevance and algorithmic consistency for
model development, benchmarking, and comparative analysis. Within each category, we review exist-
ing works on LLM-powered research and applications, examine current limitations, and explore future
research directions. Finally, we conclude with representative benchmarks and critical discussions.

In Chapter 3, we survey how LLMs are transforming the humanities and law, moving from
evidence to practice. In history, we cover narrative and interpretive uses (e.g., narrative generation and
analysis), quantitative and scientific approaches (e.g., simulating historical psychological responses),
and comparative and cross-disciplinary work, with benchmarks and a brief discussion. In philosophy,
we review normative and interpretive applications (e.g., debate/dialogue generation), analytical and
logical ones (e.g., symbol grounding diagnostics), and comparative and cross-disciplinary studies with
benchmarks. In political science, we examine text analysis for policy insights, opinion simulation and
forecasting, and the generation and framing of political messaging, integrating these with benchmark
summaries and reflections. In arts and architecture, we outline model-assisted creation in visual,
literary, and performing arts, as well as LLM-aided architectural design, creation, and analysis,
followed by evaluations and takeaways. Finally, in law, we cover legal consultant question answering,
contract and brief drafting, legal document understanding and case analysis, and judgment prediction,
concluding with representative benchmarks and discussion.

In Chapter 4, we review how LLMs are being used across economics and business. In finance,
we survey LLMs for trading and investment research, corporate finance, market analysis, financial
intermediation and risk management, sustainable finance, and fintech, as well as how these systems
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are benchmarked. In economics, we cover behavioral and experimental studies, macroeconomic
simulation and agent-based modeling, strategic and game-theoretic interactions, and economic rea-
soning/knowledge representation, with dedicated evaluations. In accounting section, we examine
auditing, financial and managerial accounting, and taxation, alongside benchmarking. In marketing
section, we review consumer insight and behavior analysis, content creation and campaign design,
and market-intelligence and trend analysis, again with performance benchmarks.

In Chapter 5, we chart how LLMs are used across science and engineering. We start with mathe-
matics, including proof assistance, theoretical exploration and pattern recognition, math education,
and targeted benchmarks. In physics and mechanical engineering, we cover documentation-centric
tasks, design ideation and parametric drafting, simulation-support and modeling interfaces, multi-
modal lab and experiment interpretation, as well as interactive reasoning, followed by domain-specific
evaluations and a discussion of opportunities and limits. In chemistry and chemical engineering,
we examine molecular structure and reaction reasoning, property prediction, materials optimization,
test/assay mapping, property-oriented molecular design, and reaction-data knowledge organization,
followed by a comparison of benchmark suites. In life sciences and bioengineering section, we
include genomic sequence analysis, clinical structured-data integration, biomedical reasoning and
understanding, and hybrid outcome prediction, with attention to validation standards. In earth
sciences and civil engineering section, we review geospatial and environmental data tasks, simulation
and physical modeling, document workflows, monitoring and predictive maintenance, plus design/-
planning tasks, again with benchmarks. Finally, we close the chapter with computer science and
electrical engineering: code generation and debugging, large-codebase analysis, hardware description
language code generation, functional verification, and high-level synthesis, followed by purpose-built
benchmarks and a concluding discussion of impacts and open challenges.

In Chapter 6, we conclude—"Navigating the Present, Shaping the Future”—by synthesizing
what we learn across domains. We first outline emerging frontiers, then synthesize evidence across
three arenas: (i) arts, letters, and law—shared opportunities, limitations, and use paradigms from
historical analysis to legal reasoning; (ii) economics and business—signals from finance, account-
ing, economics, and marketing translated into strategy with concrete paradigms; and (iii) science
and engineering—models as instruments, with discipline probes yielding cross-cutting opportuni-
ties, constraints, and workflow-ready paradigms. We conclude with a path forward that integrates
schema-aligned multimodality and grounded attribution; tool-augmented computation under for-
mal constraints; rule-governed, reproducible agent simulation; temporal-causal adaptation; decision
support with calibrated uncertainty and domain controls; human-in-the-loop oversight and transpar-
ent governance; and education-led capacity building with embedded safety—providing a practical,
auditable, and scalable blueprint for cross-disciplinary adoption.

Altogether, in this paper, we chart the LLM landscape end-to-end—foundations and evaluation,
then concrete uses across arts, letters, and law, economics and business, and science and engineer-
ing—showing what works today, where capabilities remain fragile, and how to measure progress.
Readers can take away a common vocabulary and task taxonomy; guidance for selecting models and
tools; recipes for building rigorous evaluations and benchmarks; and practical patterns for deployment
that balance utility with safety, compliance, and human oversight. The content of this paper may not
be exhaustive, and certain perspectives presented herein may be open to debate; furthermore, with the
rapid advancement and continuous evolution of technology especially in the field of Al, the disciplines
reviewed in this study are expected to witness ongoing developments. However, as an initial effort,
this paper may help readers identify promising problem formulations, design defensible evaluations,
estimate potential impact, and anticipate failure modes in their respective disciplines. We hope this
synthesis equips researchers, practitioners, and policymakers to navigate the present responsibly—and
to shape a future where LLMs deliver reliable, auditable, and genuinely useful capabilities—across a
wide spectrum of academic disciplines.
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2. Background

In this chapter, we orient the reader within the rapidly advancing field of LLMs by clarifying both
what these models are and how their performance can be meaningfully assessed. To set the stage,
we begin with precise definitions and a concise historical overview, tracing the key developments
that have shaped the present landscape. Building on this foundation, the chapter then turns to the
current state of the art (SOTA), presenting comparative portraits of major model families—including
the GPT lineage, OpenAl’s reasoning-focused systems, Claude 3, Gemini 2, Gork, Llama 3, Qwen 2,
and DeepSeek—highlighting the architectural choices and distinctive capabilities that define each.
From this survey, we move naturally to the question of evaluation, examining how these models are
tested in practice: the principal categories of tasks, the benchmark suites most widely referenced, and
the methodological approaches commonly employed. We conclude with an integrated synthesis of
comparative performance, offering readers both a high-level view and practical guidance. Together,
these sections establish the necessary background, provide a structured map of the model landscape,
and equip readers to interpret results and make sound methodological choices in the chapters that
follow.

2.1. What are Large Language Models (LLMs)?
2.1.1. Definition of LLMs

Large Language Models (LLMs) are artificial intelligence systems designed to comprehend and

generate human language by modeling the probability distribution of word sequences, typically
using neural network architectures like Transformers [4-7]. At their core, LLMs rely on deep learn-
ing techniques, especially self-attention mechanisms, allowing parallel processing of text [8]. The
fundamental logic behind LLMs involves two main phases: pre-training and fine-tuning [8]. In the
pre-training phase, LLMs are trained on extensive text corpora using self-supervised learning tasks,
such as predicting masked tokens (words) or the next word in a sequence. This process allows them
to implicitly learn grammar, syntax, semantics, and factual knowledge directly from raw text data,
without explicit human labeling [7,9]. Subsequently, in the fine-tuning phase, these models are further
trained on task-specific datasets or prompted with task examples, enabling them to perform diverse
language understanding and generation tasks efficiently and effectively [10-12]. From an application
perspective, this pretrain-finetune paradigm allows non-experts, including professionals outside com-
puter science, to benefit from powerful language understanding capabilities without requiring deep
technical expertise or extensive labeled data. Users can adapt LLMs to their specific needs through
minimal customization, making advanced Al tools more accessible across domains such as healthcare,
law, and biology.
How to Define “Large”? LLMs are characterized as “large” by their exceptionally high number of
parameters—typically ranging from billions to hundreds of billions—paired with extensive training
data. For instance, OpenAl’s GPT series contains hundreds of billions of parameters, allowing it to
capture a wide range of linguistic patterns and knowledge. Beyond sheer size, the term “large” also
signifies a critical scale at which emergent capabilities arise—abilities that are not present in smaller
models and often cannot be predicted simply by extrapolating from smaller-scale performance [13].
Driven by advances in computing power and guided by scaling laws, the size of language models
has increased rapidly over recent years. Models once regarded as state-of-the-art have been quickly
surpassed and are now considered relatively small by current standards. For example, GPT-2, released
in 2019, contained 1.5 billion parameters [5], whereas the smallest variants of contemporary LLMs
typically begin at 7 billion parameters. This shift highlights the field’s rapid progression and the
evolving definition of what constitutes a “large” model.

How to Categorize LLMs? While there are many ways to categorize LLMs, the choice often
depends on the intended application and user needs. Based on the current development of LLMs, we
highlight two complementary perspectives, functionality-based [14] and reasoning-based [15], that offer
practical guidance for both researchers and domain professionals aiming to exploit LLMs effectively.
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From the functionality-based perspective, LLMs can be broadly divided into general-purpose and
domain-specific models. General-purpose LLMs, such as GPT-3 and GPT-4 [1,7], are trained on large,
diverse corpora and perform well across a wide array of tasks. In contrast, domain-specific LLMs are
fine-tuned on specialized data to enhance performance in focused areas, as general-purpose models
may often under-perform in specialized domains due to their lack of domain-specific knowledge [16].
For example, BioBERT [17] targets biomedical texts, while SciBERT [18] is optimized for scientific
literature. This distinction is especially important for professionals in domains like healthcare, legal
services, and scientific research, who require models that understand domain-specific terminology
and context, yet retain general linguistic competence.

From the reasoning-based perspective, LLMs can be distinguished by their capacity for complex
inference. Reasoning-capable models, such as GPT-4 with chain-of-thought prompting [19], GPT ol
[20], and Deepseek-R1 [21], are designed for multi-step reasoning tasks like mathematical problem
solving or logical deduction. These models are well suited for analytical or decision-support tasks
where explainability and intermediate steps matter. In contrast, non-reasoning models—though less
adept at complex inference—excel in tasks where surface-level language understanding is sufficient,
such as summarization, classification, or named entity recognition [8]. These models are often more
efficient and robust, making them preferable in real-time applications or resource-constrained settings.

2.1.2. History of LLMs

Figure 1 illustrates the key milestones in the development of LLMs, which will be introduced in

detail below.
[H]
RNN GPT & ChatGPT
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Figure 1. Key milestones in the development of LLMs.

Rule-based Systems: Symbolic Foundation. The emergence of LLMs is the culmination of
several decades of progress in natural language processing (NLP), moving from manual rules to
statistical models to modern deep learning approaches [8,22]. Early attempts at machine language
understanding were rule-based and symbolic — researchers hand-crafted grammatical rules or expolited
expert systems to parse and generate text [23-25]. While insightful, these systems were brittle and
could not easily scale to the diversity of real-world language. By the 1990s, the field had shifted
toward statistical methods: instead of manual rules, systems learned from data. For example, n-gram
language models were used to predict text by learning probabilities of word sequences from large
text corpora. Notably, IBM’s alignment models in the 1990s applied statistical methods to tasks like
translation [26,27], and by the 2000s researchers were building ever larger text datasets (“web-scale”
corpor [28]) to train statistical language models [29,30]. These data-driven models outperformed earlier
symbolic approaches, as evidenced by the fact that by 2009, statistical language models had largely
overtaken rule-based ones on many tasks. However, classical statistical models still had limitations —
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they typically considered only limited context (e.g. a fixed window of previous words) and could not
capture long-range dependencies or deeper meanings effectively [8].

Recurrent Neural Networks: Learning Sequences. A major paradigm shift came in the 2010s
with the rise of neural network approaches to NLP [31,32]. Inspired by successes in computer vision,
researchers began applying deep learning to language. Recurrent neural networks (RNNs) [32,33],
especially ones with gating mechanisms like LSTM [34,35], were used to model sequences of text.
RNN:-based language models could maintain a hidden state that in principle captured information
about prior words in a sequence, allowing them to handle longer contexts than n-gram models [36,37].
By the mid-2010s, RNNs became state-of-the-art for tasks like translation — for instance, in 2016
Google Translate switched from a phrase-based system to a neural sequence-to-sequence model (an
encoder-decoder network using LSTMs) for improved accuracy [38,39]. This neural takeover marked
an improvement in handling context and generating more fluent outputs. Nonetheless, standard
RNNs had drawbacks: they processed words sequentially and had difficulty with very long sequences
or capturing long-term dependencies due to issues like vanishing gradients [8].

Early progress was driven by advances in word embeddings. The introduction of Word2Vec
(Mikolov et al., 2013) enabled the learning of dense vector representations of words, capturing rich
semantic relationships and laying the groundwork for neural NLP. Building on this, the application of
sequence-to-sequence (Seq2Seq) models with attention mechanisms (Bahdanau et al., 2015) enabled
substantial improvements in tasks such as machine translation and text summarization.

Transformers: a Parallel Paradigm Shift. The next major breakthrough came with the intro-
duction of the Transformer architecture in 2017, which profoundly transformed the development of
language models [4]. Transformer introduced the mechanism of self-attention to handle sequences,
allowing the model to consider all words in a sentence in parallel rather than sequentially [4]. Trans-
formers could thus capture long-range relationships more effectively and be trained in parallel batches,
dramatically improving scalability. This architecture fundamentally shifted the field, enabling the
training of significantly larger models on vastly greater datasets than was previously feasible.

As shown in Figure 2, Transformer model consists of two primary components: an encoder and
a decoder, both built by stacking multiple identical layers. Each encoder layer contains two main
sublayers: a multi-head self-attention mechanism and a feedforward neural network. The multi-head
self-attention mechanism allows the model to attend to different positions of the input sequence across
multiple subspaces, thereby capturing diverse semantic relationships. The self-attention mechanism
computes attention weights based on the dot-product between linearly projected queries (Q) and keys
(K), which are then used to aggregate values (V) through a weighted sum. By deploying multiple
attention heads in parallel, the model learns rich, context-aware representations.
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Figure 2. The model architecture of Transformer (Figure source: the original paper [4]).

The decoder shares a similar structure with the encoder but includes an additional encoder-
decoder attention sublayer between the self-attention and feedforward layers. This component enables
the decoder to focus on relevant parts of the input sequence during generation, which is critical for
producing accurate and coherent outputs.

Within a year of its introduction, large Transformer-based models began to emerge. Notably, BERT
(2018) employed the Transformer encoder to achieve unprecedented performance on natural language
understanding tasks [9]. The success of BERT and subsequent models like T5 [40] popularized the
pretraining-finetuning paradigm, where models are first pretrained on large corpora using objectives
like masked language modeling and then fine-tuned for specific downstream tasks. Around the same
time, OpenAl introduced the first Generative Pre-trained Transformer (GPT-1)[5], which leveraged a
Transformer decoder and an autoregressive training objective (predicting the next token) to specialize
in text generation. GPT-1 is often regarded as the first modern LLM, despite its relatively modest scale
of 117 million parameters by today’s standards. Unlike encoder-based models such as BERT, which
are primarily designed for understanding tasks and lack autoregressive generation capability[9,41,42],
GPT-1 marked the beginning of a new paradigm: decoder-only architectures optimized for text

generation.
Table 1. Several important models in different time nodes.

Time Nodes Model Core Tech Contribution/Feature Major Lab/Company  Release Time
ELIZA [43] Rule-based communication First NLP communication system MIT 1966
R;::—;;lsg d n-grams [44] Markov language model Based on statistical frequency modeling IBM 1992
PCEFG [45] Context-independent probabilistic Syntactic analysis & structural prediction Brown Uni. 1998
RNN RNNLM [46] Based on RNN First RNN-based language model Microsoft 2010
2010s Seq2Seq [47] Based on GRU / LSTM Pioneered encoder-decoder for NLP Google 2014
Transformer [4] Self-attention Breaks sequential constraint, enables parallelism Google 2017
T;i:]!{;f_(z)lg"{;er BERT [9] Masked LM + fine-tuning Contextualized language representation Google 2018
T5 [40] Text-to-text transfer learning Reformulates all NLP tasks as text generation Google 2019

GPT-1/2[5,6] Autoregressive transformer Unified architecture for generation OpenAl 2018/2019
GPT & ChatGPT GPT-3[7] Large-scale autoregressive model Kickstarted large model era OpenAl 2020
2020-2023 ChatGPT [48] Fine-tuned GPT-3 with RLHF Interactive and aligned chatbot OpenAl 2022
GPT-4[1] Multimodal, tool-use capabilities Generalized across wide range of tasks OpenAl 2023
S Codex[49]  Codefocused GPT fine-tuning ~ Natural language to code translation ¢ OpenAl 2021

Other LLMs FLAN-T5 [50] Instruction-tuned T5 Strong zero-shot generalization Google 2022
2020-2023 QWen [51] Tool-augmented transformer Open-source model with strong instruction-following Alibaba 2023
LLaMA [52] Efficient transformer variants High performance with fewer resources Meta 2023
Mixtral [53] Sparse Mixture-of-Experts Efficient inference with high performance Mixtral AT 2023
Emerging Frontier DeepSeek-R1 [21] Neural-symbolic reasoning Multi-step logic DeepSeek 2024
Till Now ol [20] Experimental AGI prototype Focus on generalized reasoning skills OpenAl 2024
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GPT and ChatGPT: From Language Modeling to General Intelligence. The GPT series by
OpenAl, based on the Transformer architecture, incorporated key design innovations that positioned it
as a landmark in the advancement of LLMs. Unlike BERT’s masked token prediction, GPT models use
causal (autoregressive) language modeling, predicting the next token given all previous tokens [5-7].
This seemingly simple change allows GPT models to generate long, coherent passages of text. The
architecture is decoder-only, stacking multiple Transformer blocks to model the distribution over
sequences. The evolution from GPT-1 [5] through GPT-2 [6] to GPT-3 [7] (2018-2020) was marked by
exponential growth in both model size and training data [8]. GPT-3 [7] with 175 billion parameters,
was trained on a massive and diverse dataset covering web text, books, Wikipedia, and more. It
demonstrated few-shot and even zero-shot learning: the ability to perform unseen tasks when given
just a prompt or a few examples, without additional training. This behavior, previously unseen,
signaled an emergent form of general-purpose linguistic intelligence.

In fact, it was the release of ChatGPT in late 2022 that truly rendered LLMs accessible and
practically useful at scale. While based on GPT-3.5 [7] and later GPT-4 [1], ChatGPT introduced
instruction tuning and reinforcement learning from human feedback (RLHF) to align the model with
human values, dialogue etiquette, and safety constraints [1,54]. Unlike vanilla GPT-3, which was often
unpredictable, ChatGPT could follow instructions, engage in multi-turn conversations, and avoid
unsafe outputs—making it viable for deployment in education, research, programming, and creative
tasks.

However, it was the release of ChatGPT (OpenAl, late 2022) that truly democratized access to
LLMs, introducing a conversational interface that brought LLM capabilities to millions of users and
triggered a global wave of LLM applications.

The difference between GPT and vanilla Transformer is thus not just in architecture (both use the
Transformer as a backbone), but in how GPT leverages generative pretraining, scaling laws [55,55,56],
few-shot prompting [57,58], and instruction alignment [59] to transition from a language model to
a general-purpose Al assistant. ChatGPT represents a milestone because it closes the loop between
model, user, and feedback, making LLMs interactive, helpful, and widely usable.

Reasoning: The Emerging Frontier. With the widespread adoption of LLMs (LLMs), researchers
have observed that these models often struggle with multi-step problems and abstract logical tasks.
To further enhance their capabilities and move closer to the goal of artificial general intelligence
(AGI), substantial efforts have been made to improve their reasoning abilities. The introduction of
chain-of-thought prompting [60] has emerged as a promising approach to address this limitation.
By enabling models to decompose problems into intermediate reasoning steps, this method mirrors
the way humans tackle complex tasks [61,62]. This paradigm shift has empowered LLMs to handle
tasks requiring sequential logical reasoning, ranging from mathematical problem solving to complex
decision-making processes [62].

The year 2023 saw continued innovation with the release of GPT-4, a multimodal model capable
of processing both text and images, along with Claude (Anthropic), which emphasized alignment
and safety through Constitutional Al, and LLaMA (Meta), which spurred a vibrant open-source LLM
community. Most recently, GPT-40 (2024) introduced real-time multimodal capabilities—integrating
text, vision, and audio—with improved conversational alignment and latency, signaling a new phase
in the evolution of interactive and multimodal Al systems.

Complementing this approach, self-consistency techniques [63] have been proposed to further
refine reasoning performance [62]. These methods sample multiple reasoning paths and select the most
coherent outcome, significantly reducing error rates and enhancing the reliability of model outputs.
Additionally, a variety of reinforcement learning-based strategies have been employed to improve
reasoning capabilities. One notable example is the DeepSeek-R1 [21] model, which contains 671 billion
parameters and is specifically optimized for tasks involving mathematics, programming, and logical
reasoning. It leverages reinforcement learning with a rule-based reward mechanism (rule base reward
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+ RL) to enhance its reasoning proficiency [21]. As models continue to improve in planning and
reasoning over complex problems, humanity appears to be gradually approaching AGI.

2.2. State-of-the-art LLMs
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Figure 3. Chronological display of current SOTA LLMs.
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Table 2. Existing SOTA LLMs on benchmark datasets.

. Model Context Output Input Cost ($/IM Tok)  Infer. Time .
Family X K Strengths Provider
Name Window Size Modal Input Output TPS  TFT
GPT-40 128K 16,384 2.50 10.00 2094 035 High TPS, General-Purpose Tasks
GPT 4[1,64] GPT-40 mini 128K 16,384 0.15 0.60 743  0.35 Fine-tune / Distill, Fgcus?d Tasks OpenAl
ChatGPT-40 128K 16,384 5.00 15.00 2140 0.81 Chat-based Applications
GPT-4.5 128K 16,384 T,1 75.00 150.00 11.5 147 Complex / Creative Tasks
GPT-5 400K 128K 125 10.00 1360 1.03 Coding, Reasoning, and Agentic Tasks.
GPT 5 [65] GPT-5-mini 400K 128K 0.25 2.00 73.0 098  Well-defined Tasks / Precise Prompts. ~ OpenAl
GPT-5-nano 400K 128K 0.05 0.40 210.0 0.86 Summarization / Classification Tasks.
OpenAl ol 200K 100K T 1 15 60 1089 2556 Scalable for Reasoning Tasks
OpenAl OpenAl ol-mini 128K 65,536 T 11 44 221.7 10.30 Affordable Reasoning OpenAl
Reasoning OpenAl ol-pro 200K 100K T, 1 150 600 - - -
[20] OpenAlI 03-mini 200K 100K T 1.1 44 1942 13.95 Func. Call, Batch Process
Claude 3 Opus 4,096 T,I,A 15.00 75.00 26.8 1.22 Multilingual, Tool Use
Claude 3 [66,67] Claude 3.5 Haiku 200K 8,192 TI A 0.80 4.00 65.9 0.62 Fast Response, Multil%ngual Anthropic
Claude 3.5 Sonnet 8,192 TI A 3.00 15.00 78.9 0.87 General Tasks, Coding
Claude 3.7 Sonnet 8,192 T 3.00 15.00 77.7  0.73 Toggleable Extended Thinking
Gemini 2.0 Flash 8,192 T,LA 0.10 0.40 257.0 0.34 High TPS, Long Context Window
Germini 2 [68] Geml:n% 2.0 Flash Lite 1,000K 8,192 T,LLA 0.075 0.30 207.3 0.24 Cost-Efficient, Fast TFT Google
Gemini 2.0 Flash TK 8,192 T,LA 0.10 0.40 - - -
Gemini 2.5 Pro 65,536 T,I,A - - 168.2 33.69 Visual Reasoning
Family Model Name Model Size  Context Window  Input Modal Strengths License Provider
GPT-00S [ CFT-00s208 21B 131K T Reasoning and Agentic Tasks ~ Apache20  OpenAl
GPT-0ss-120B 117B
Qwen 2 0.5B - 72B 131,072 T Previous Flagship Models
Qwen 2 [70-72] Qwen 2.5 0.5B - 72B 128K T General-Purpose Tasks APache Alibaba
Qwen 2.5-1M 7B, 14B ™ T Long Context Tasks License
QwQ 32B 131,072 T Reasoning and QA Tasks
DeepSeek-V3 671B T MoE, Math
DeepSeek [21,73]  DeepSeek-R1 671B 128K T Complex Reasoning Tasks MIT License DeepSeek
DeepSeek-R1 Distill 1.5B - 70B T Efficient Reasoning Inference
Llama 3.1 8B, 70B, 405B T Multilingual, Text Generation
Llama 3 [74] Llama 32 LW 1B, 38 128K T E'fﬁcmnt Inference Custom License ~ Meta Al
Llama 3.2 MM 11B, 90B T 1 Multimodal, Image Tasks
Llama 3.3 70B T -

Notes: T, I, and A denote Text, Image, and Audio, respectively. For time, we report the median time
for 1K tokens prompt length. TPS is the output Tokens Per Second, and TFT is the Time to First
Token, which is also called latency. Gemini 2.0 Flash TK represents Gemini 2.0 Flash Thinking. All the
cost information are collected from LLM provider official websites, and inference time (Infer. Time)
are obtained from Artificial Analysis. The strengths of each LLM are summarized according to the
corresponding model technical report, Vellum LLM Leaderboard, and benchmark reports. Dash
means the information is not available.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://artificialanalysis.ai/leaderboards/models
https://www.vellum.ai/llm-leaderboard
https://doi.org/10.20944/preprints202510.1383.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 October 2025 d0i:10.20944/preprints202510.1383.v1

Table 3. Guidelines for LLMs selection based on tasks and corresponding constraints.

Task Modality | Context Window | Latency | Privacy | Budget | Hardware | Perf. LLMs
T, 1, A) > 200K Yes No Low - Med Gemini 2
Conversational Task T, (I) < 200K Yes No Med - High ChatGPT-40
T < 200K No Yes - Med - Qwen 2.5
T, (I) < 200K No Yes - High - Llama 3.2 MM
T, (L A) > 200K Yes No - - High Gemini 2.5 Pro
Reasoning Task T < 200K No No Med - Med | OpenAl Reasoning
T < 200K Yes Yes - High - DeepSeek-R1
T < 200K Yes No Low - Med Claude 3.5
Coding Task T < 200K No No High - High Claude 3.7
T > 200K No Yes - Med - Qwen 2.5-1IM
T, (L A) > 200K Yes No Low - Med Gemini 2
Open-Domain QA T < 200K Yes No Med - High GPT-40
T < 200K Yes Yes - Med - QwQ 32B
T < 200K Yes No Low - - GPT-40 mini
Focused Tasks (Fine-tune) T, (I) < 200K No Yes - Med - LLama 3.2 MM
T < 200K Yes Yes - Low - DeepSeek-R1 Distill

Notes: T, I, and A denote Text, Image, and Audio, respectively. Brackets surround optional input
modality. In latency, YES indicates the task has a latency requirement. For privacy, YES represents
that the input data may be confidential. For budget, hardware, and performance(perf.), we report
in low, med (median), and high, based on the relative criteria. For example, LOW BUDGET prefers
costs less than $1 per 1M tokens, HIGH HARDWARE indicates a requirement to run LLMs with
model size greater than or equal to 90B. The recommended LLMs are based on the performance,
requirements, and strengths provided in the provider official websites, Artificial Analysis, and Vellum
LLM Leaderboard. These provided LLMs in each scenario are merely for referenes, and are not
guaranteed to be the optimal solutions. Users should consider their application scenarios when
choosing the LLMs.

2.2.1. Overview

Nowadays, a variety of LLMs are available to address different downstream tasks. These models
can be broadly categorized as closed-source (accessed through APIs) or open-source (deployed locally).
Given varied requirements such as latency, performance, and input/output modalities, no single LLM
can simultaneously satisfy all use cases. In general, closed-source LLMs outperform open-source
LLMs due to large model sizes, extensive training corpora, and training recipes. They also tend to
support larger context windows and higher token throughput, enabling more complex and longer
interactions. However, they often require API usage, resulting in high time to first token (TFT), also
called latency, and may incur substantial costs, especially for reasoning models, such as OpenAl
ol-pro. Additionally, off-site inference can raise privacy concerns when handling sensitive data. By
contrast, open-source LLMs typically feature smaller model sizes, allowing cost-effective deployment
on local hardware. Open-source LLMs often yield faster response times (depending on the user’s
infrastructure) and stricter data confidentiality. Aside from the aforementioned basic factors, LLM
capabilities should also be considered. We summarize the key features of SOTA LLMs in Table 2. In
the subsequent sections, we undertake a systematic analysis of each SOTA LLM model family in detail.
Note that with the rapid development of Al technology, LLMs are also evolving quickly. This section
only covers the mainstream SOTA models up to the time of publication. As GPT plays a central and
milestone role in the development of LLMs—Dby establishing the methodological paradigm, advancing
large-scale modeling, and shaping the surrounding application ecosystem—we begin by introducing
and discussing the GPT-series models in the following section (Section 2.2.2).

2.2.2. GPT-series Models

The Generative Pre-training Transformer (GPT) series represents a family of autoregressive
language models based on Transformer architecture [4], introduced by OpenAl !, These models employ

1 https://openai.com/
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a self-supervised learning paradigm that generates contextually coherent text through sequential
token prediction. Due to the excellent performance in generative language tasks, GPT models have
introduced multiple breakthroughs in the NLP community [8,75]. In this section, we will discuss each
GPT model and its contributions in detail.

GPT-1 [5]. Prior to the emergence of GPT, conventional NLP models are trained over large
amounts of task-specific annotated datasets, leading to limited generalization capabilities across tasks
beyond trained datasets. To address this challenge, OpenAl developed GPT-1 in 2018, a decoder-only
transformer architecture with 117 million parameters, and adopts a two-stage training recipe: (i)
unsupervised pre-training on large text corpus; and (ii) supervised fine-tuning. One of the successes of
GPT-1 is the excellent zero-shot performance across multiple downstream tasks, including sentiment
analysis, question answering, etc. Besides the success in model performance, the underlying principle
to model natural language text, i.e., next token (word) prediction, also has a profound influence on
the development of subsequent LLMs [76].

GPT-2 [6]. In late 2019, OpenAl released GPT-2 which employed similar architecture of GPT-1,
with 10 times the size of GPT-1 (117M to 1.5B parameters). The model is trained over a newly collected
webpage dataset, called WebText, which contains slightly over 8 million documents [6]. GPT-2 sought
to perform multi-task via unsupervised learning, without explicit fine-tuning over labeled datasets.
Motivated by existing studies for the probabilistic framework with task condition [77-79], GPT-2
introduces a probabilistic framework for multi-task solving, formulated as

p(Output|Input, Task), (1)

which generates output conditioned on the input and task information. Here, the task information can
be regarded as the pioneer of the concept In-Context Learning (ICL) in the current LLMs community.
Besides the proposed probabilistic model, the success of GPT-2 under the unsupervised multi-task
learning settings is rooted in their training philosophy: the global minimum of the unsupervised
objective is also the global minimum of the supervised objective [6].

GPT-3 and GPT-3.5 [7] . Although GPT-2 has provided significant insights into the LLM com-
munity, the overall performance of GPT-2 is lower than supervised SOTA models. OpenAl extended
GPT-2 to GPT-3 in 2020, which demonstrated incremental performance compared to GPT-2 and super-
vised fine-tuning models, by scaling up the model architectures to 175B parameters, i.e., the largest
language model ever at that time. Although not explicitly stated, the performance gain of GPT-3 over
GPT-2 validates the scaling law [56] that large models, in terms of model parameters, have stronger
capabilities. Another contribution of GPT-3 is the introduction of ICL, which instructs LLMs with
a few demonstrations of the task at inference time. These demonstrations can be viewed as task
conditioning in Equation 1. To enhance the capability over complex tasks, such as code completion and
math problems, OpenAl develops a stronger capability model than GPT-3 in complex problem solving,
by training over code dataset, called GPT-3.5 [49]. In addition to capability improvement, GPT-3.5
is also trained with a three-stage reinforcement learning algorithm from human feedback (RLHF)
(first introduced in InstructGPT [80]), which helps enhance the ability to follow instructions and
ease concerns regarding LLMs producing toxic responses or violation of local policies. The research
contribution of GPT-3.5 and RLHF can be summarized in three directions: training LLMs (i) using
human feedback, (ii) to assist human evaluation, and (iii) to do alignment research [8,81].

ChatGPT. OpenAl launched a conversation model called ChatGPT in November 2022, which
achieves a pivotal milestone in the Al research community. ChatGPT is a sibling model to InstructGPT,
while specially optimized on a human-generated conversation dataset [48]. ChatGPT demonstrates
superior ability in communications with humans, and the additional support of the plugin mechanisms
enables ChatGPT to obtain external knowledge by interacting with plugins, such as a calculator and
web search etc. The plugin support can be viewed as the prototype of MCP [82]. The success of
ChatGPT marks the exploration of LLMs and has a significant impact on future research in the LLM
domain.
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GPT-4* [1,64]. The aforementioned GPT series models only support text input. To extend the
model input from single text to multimodal signals (text and image), OpenAl published GPT-4 in
March 2023. GPT-4 outperforms earlier GPT models, including ChatGPT, in various benchmark
datasets. Moreover, as reported in GPT-4 technical report [1], OpenAl spent six months on human
alignment training in RLHF to alleviate the safety concerns of GPT-4. Besides the remarkable perfor-
mance gain and alleviation of safety concerns, GPT-4 is trained over a new principle called predictable
scaling, which refers to the development of infrastructure that allows for reliable extrapolation of
the performance across scales of compute and model sizes. This approach is adopted by most later
LLMs to minimize the need for extensive model-specific tuning, making the training process more
efficient and systematic. Several GPT-4* models are released in late 2024 or early 2025, i.e., GPT-4o [83],
GPT-40 mini [84], and GPT-4.5 [64], which step further than GPT-4. GPT-40 and GPT-40 mini are
multilingual, multimodal (text, image, audio, and video) models that generate any combination of
text, audio, and image as output. GPT-4.5 emphasizes improved writing capabilities, enhanced world
knowledge, and a refined interaction experience.

GPT-5% [65]. GPT-5 is introduced as a model family with multiple sizes, including GPT-5, GPT-5-
mini, and GPT-5-nano, and two principal configurations: a standard model and a thinking variant
optimized for extended, deliberate reasoning. The release highlights step-change improvements in
core capabilities: stronger multi-step reasoning, more capable multimodality, and more reliable tool
use and orchestration. On the training and alignment side, GPT-5 adopts an expanded RLHF pipeline
and upgraded data curation, which together aim to improve instruction following, factuality, and con-
trollability. Safety systems are deepened with tighter gating and continuous monitoring, particularly
for sensitive domains such as biosecurity, cybersecurity, and model autonomy. Moreover, according to
their report [65], GPT-5 has improved calibration and robustness, enabling more dependable model be-
havior under varied prompts and contexts. Operationally, GPT-5 delivers lower latency and better cost
efficiency than prior GPT-4-class models, supported by serving-side and architectural optimizations.
Taken together, these changes position GPT-5 as a more capable, controllable, and practical foundation
model for both general and high-stakes reasoning use cases, with a specialized thinking configuration
for complex problem solving.

2.2.3. OpenAl Reasoning Models

OpenAl Reasoning Models, such as OpenAl o1 and 03-mini, represent a significant evolution in
LLM design, specifically engineered to address complex, multi-step reasoning tasks [85]. These models,
collectively known as the "o" series, introduce innovations including reasoning tokens and advanced
reinforcement learning techniques. Such features facilitate a structured "chain-of-thought" reasoning
process, wherein the model generates internal reasoning steps prior to producing a final response.
This approach proves particularly effective in domains demanding sophisticated problem-solving,
including advanced programming, scientific inquiry, and strategic planning. Moreover, the models are
available in configurations with varying computational demands, allowing users to balance speed and
accuracy based on application-specific requirements. This emphasis on explicit, structured reasoning
represents a departure from traditional LLM architectures, aiming to generate outputs that are not only
accurate but also traceable through logical inference. OpenAl’s release of its reasoning models marks
the onset of heightened competition among leading technology firms in the realm of reasoning-oriented
artificial intelligence.

2.2.4. Claude 3 Model Family

Claude 3 [66,67] is a family of LLMs developed by Anthropic (https://www.anthropic.com/), a
company founded in 2021 by former OpenAl employees. Claude utilizes Transformer architecture
and has gone through versions Claude 3 Opus, Claude 3.5 Sonnet, Claude 3.5 Haiku, and Claude 3.7
Sonnet from 2024 to 2025. At the heart of Claude, the task is training LLMs to be helpful, honest and
harmless [66]. Claude achieves this by incorporating a Constitution, which contains predefined ethical
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and behavioral guidelines that shape the outputs of LLMs. Most of the principles in the Constitution
are introduced in their earlier post [86], with an additional principle based on feedback from the public
input process that directs Claude to be empathetic and accessible to people with disabilities, thereby
reducing model stereotype bias.

The Claude 3 family offers various models with capabilities to meet specific needs. Claude 3.5
Haiku, the fastest model in the Claude 3 family, is optimized for near-instant responses, which is
suitable for real-time tasks to mimic human interactions, such as customer support, content moderation,
etc. Claude 3.5 Sonnet balances performance and speed, excelling in enterprise workloads like data
processing and code generation at a low cost. Claude 3.7 Sonnet, the latest Claude model, is a hybrid
reasoning model that provides the thinking process in the output. It includes a toggleable "extended
thinking" model in which Claude produces a sequence of tokens as a "thinking process" to work through
complex problems before delivering the final response. This mode, trained through reinforcement
learning, allows for detailed step-by-step reasoning, which can be adjusted by the user to specify a
token limit. Experiments reported in Claude 3.7 Sonnet System Card [67] demonstrate that the "extend
thinking" model is particularly valuable for challenging tasks, such as mathematical problems, complex
analysis, and multi-step reasoning tasks. Overall, the Claude 3 models are distinguished by their multi-
modal capabilities, allowing them to process visual inputs alongside text. They demonstrate SOTA
performance on vision-related benchmarks and quantitative reasoning tasks [87]. Additionally, Claude
3.5 Sonnet stands as the SOTA model in coding benchmarks, and maintains strong performance for
routine programming tasks in practical applications.

2.2.5. Gemini 2 Model Family

Gemini 2.0 represents Google’s latest advancement in multimodal LLMs, encompassing a com-
prehensive suite of models tailored to diverse computational needs [68]. Central to this suite is Gemini
2.0 Flash, a high-performance model optimized for rapid response and efficient handling of general-
purpose tasks. Accompanying this is Gemini 2.0 Flash-Lite, a more cost-effective variant designed
to maintain substantial performance while reducing computational overhead. Additionally, Gemini
2.0 Pro demonstrates particular strengths in code generation, tool use, and the processing of complex
prompts with its 2 million context window. Key innovations in the Gemini 2.0 series include native
tool usage capabilities, image generation, and speech synthesis, all within an expanded multimodal
framework [88]. Enhanced context window size and improved integration of multiple input-output
modalities position Gemini 2.0 as a pivotal tool in the evolution toward agentic Al systems.

2.2.6. Gork Model Family

Grok 3, developed by xAl, integrates extensive pretraining with enhanced reasoning capabilities
enabled by the Colossus supercluster, which offers an order-of-magnitude increase in computational
power over previous state-of-the-art models [89]. Grok 3 exhibits marked improvements in areas such
as logical reasoning, mathematics, coding, factual recall, and adherence to complex instructions. Its
reasoning proficiency is reinforced through large-scale reinforcement learning, enabling the model to
engage in extended problem-solving, correct internal inconsistencies, and explore alternative solution
pathways. This iterative training process yields more accurate and dependable outputs. Benchmark
evaluations reveal that Grok 3 achieves a leading Elo score of 1402 in the Chatbot Arena [89] (the score
may change over time). In addition, xAl has released Grok 3 mini, a more computationally efficient
variant that retains strong reasoning capabilities. However, at the time of writing, APIs for the Grok 3
series remain unavailable to the public.

Next, we provide reviews for open-source LLMs, i.e., GPT-OSS, Llama 3, Qwen, and DeepSeek
Model Family, that the model parameters are available on public platforms, such as Huggingface
(https:/ /huggingface.co/) and Github (https:/ /github.com/). While open-source, the licensing terms
of each model may vary significantly, necessitating careful consideration when deploying them in
research or production environments.
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2.2.7. GPT-0SS

GPT Open-Source Series (GPT-OSS) [69] is a family of open-weight language models released by
OpenAl under the Apache 2.0 license in August 2025, marking a notable shift in the company’s stance
toward open-source Al. The models employ autoregressive MoE transformer architectures and come
in two sizes: gpt-0ss-120b and gpt-oss-20b. Specifically, gpt-0ss-120b consists of 36 layers, with 116.8B
total parameters and 5.1B “active” parameters per token per forward pass, while gpt-0ss-20b has 24
layers with 20.9B total and 3.6B active parameters. Training combines RL with methods informed by
OpenAl’s most advanced internal system, e.g., 03 and related frontier models. The models standardize
on an extended 0200k_harmony tokenizer and a harmony chat schema that encodes role hierarchy
and channels for CoT, tool calls, and final outputs, which support reliable multi-turn, agentic behavior
and seamless interleaving of reasoning with function execution. In evaluation, gpt-oss-120b achieves
near-parity with o4-mini on core reasoning benchmarks, while running efficiently on a single 80 GB
GPU. The gpt-oss-20b model delivers performance comparable to 03-mini on common benchmarks
and can run on consumer devices with just 16 GB of memory, making it ideal for on-device use cases,
local inference, or rapid iteration without costly infrastructure. Both models also perform strongly
on tool use, few-shot function calling, and CoT reasoning. Together, these elements yield an open,
deployable blueprint for long-context, tool-using, and compute-adaptive reasoning systems.

2.2.8. Llama 3 Model Family

Large Language Model Meta Al (Llama) is a family of LLMs introduced by Meta Al (https:
//www.meta.ai/), first released in February 2023. It serves as Meta’s response to OpenAl’'s GPT
models and is designed as a foundational model for various NLP tasks [90,91]. Llama 3 Model
Family [74] has gone through versions Llama 3, to 3.3, with model parameters ranging from 1B to 405B.
All of these models are auto-regressive decoder-only models based on the Transformer with slight
modifications for efficiency purposes. Specifically, Llama 3 leverages grouped query attention [92] with
eight heads to improve inference speed and to reduce the size of key-value caches during decoding.
The performance gain of Llama 3 compared with previous versions, i.e., Llama 1 & 2, is primarily
driven by improvement in data quality and diversity, as well as by increased training scale. Unlike
other LLM model families that employ RLHF for human preference alignment, Llama 3 adopts Direct
Preference Optimization (DPO), which directly optimizes for the policy best satisfying the preferences
with a simple classification object. Meta Al also explores Proximal Policy Optimization (PPO) [93], but
found that DPO requires less computing for large-scale models and performs better. The success of
Llama is rooted in the efficient training recipe and the huge high-quality training data.

2.2.9. Qwen 2 Model Family

Qwen 2 model family is developed by Alibaba Cloud (https://www.alibabacloud.com), also
known as Tongyi Qianwen. These models are designed for a variety of downstream tasks, including
NLP, multimodal understanding, and coding assistance. The first version of the Qwen 2 model family
is Qwen 2 [70] with model parameters ranging from 0.5B to 72B. In September 2024, an extended
version, called Qwen 2.5, was released with more model size options compared to Qwen 2, such as
3B, 14B, and 32B. In earlier 2025, Alibaba Cloude further released an advanced version, Qwen 2.5
Max, and a reasoning model called QWQ-32B. The architecture of Qwen 2 model family is similar to
Llama 3, which adopt Transformer-based decoder architecture with GQA [92] for efficient KV cache,
SwiGLU activation [94] for non-linear activation, and RoPE [95] for encoding position information [71].
All of the aforementioned Qwen 2 models are available at Huggingface. One success of the Qwen 2
model family is relevant to their innovative Mixture of Expert (Moe) [96], which efficiently allocates
computational resources, improving scalability and performance. Moreover, Qwen 2 models support
multilingualism across 29+ languages for global applications.
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2.2.10. DeepSeek Model Family

DeepSeek-V3. DeepSeek-V3, released by DeepSeek in December 2024, employs a Mixture-of-
Experts (MoE) architecture comprising 671 billion parameters, with 37 billion parameters activated
per token [73]. This dynamic routing mechanism allows the model to selectively activate relevant
subsets of parameters based on input characteristics, enhancing both computational efficiency and
model performance. Trained on a vast multilingual dataset totaling 14.8 trillion tokens—primarily in
English and Chinese—over a 55-day period, the training process utilized 2,048 NVIDIA H800 GPUs at
an estimated cost of $5.6 million. This is significantly more cost-efficient than comparable models such
as GPT-4, whose training expenditures are estimated to range between $50-100 million. Benchmark
results indicate that DeepSeek-V3 surpasses models such as LLaMA 3.1 and Qwen 2.5, and achieves
parity with leading models like GPT-40 and Claude 3.5 Sonnet.

DeepSeek-R1. DeepSeek-R1 [21], introduced in January 2025 by DeepSeek, advances the reason-
ing capabilities of its predecessor through an enhanced MoE architecture and a multi-stage training
regimen [21]. Like DeepSeek-V3, R1 consists of 671 billion parameters with 37 billion activated per
token, optimizing the balance between scale and computational efficiency. A defining feature of
DeepSeek-R1 is its emphasis on reinforcement learning (RL) to cultivate advanced reasoning behaviors.
The model was initially subjected to supervised fine-tuning using a curated dataset of chain-of-thought
exemplars—a phase referred to as the "cold start." This was followed by large-scale RL using the Group
Relative Policy Optimization (GRPO) algorithm, which incentivizes autonomous development of rea-
soning strategies, including self-verification and error correction. This robust training strategy enables
DeepSeek-R1 to attain reasoning performance on par with OpenAl’s ol model, while maintaining
significantly lower training costs. Crucially, DeepSeek-R1 has been released under the permissive
MIT License, granting the research community unrestricted access to its model weights and outputs,
thereby fostering transparency and collaborative innovation in Al development.

2.3. Evaluation on LLMs

Understanding the landscape of state-of-the-art (SOTA) LLMs requires not only a grasp of their
architectural innovations, capabilities, and training paradigms, but also a clear evaluation of how these
models perform across real-world tasks. While the previous section outlines the defining characteristics
of leading LLMs—ranging from GPT-4.5 and Claude 3.7 Sonnet to open-source models like Llama 3 and
DeepSeek-R1—this alone does not provide a full picture of their practical effectiveness. In this section,
we shift focus to rigorous evaluation methods and benchmark results that quantify these models’
strengths and trade-offs across diverse tasks such as reasoning, coding, multilingual understanding,
and tool use. By linking architectural design with empirical performance, we aim to guide practitioners

and researchers in making informed decisions when selecting LLMs for specific applications.

2.3.1. Tasks

The core function of LLMs is language modeling—predicting the next token based on the current
input. This inherently requires both understanding and generating human language. Leveraging this
foundational capability, LLMs can perform a wide variety of downstream tasks. We broadly categorize
four key types of tasks that LLMs are capable of performing:

Text Understanding [9,42,97]. Text understanding is a fundamental NLP task focused on identify-
ing the intent, topic, or semantics of a given input, often within a long-context. It answers the question:
"What is this text about?" This category includes several sub-tasks: (1) Sentiment detection determines
the writer’s emotional tone—positive, negative, or neutral. For example, “I like this apple” expresses
positivity, while “This is a total waste of time” conveys a negative sentiment. More nuanced categories
such as anger, joy, or frustration can also be captured. (2) Information extraction involves identifying
specific entities or facts from text, such as names, dates, locations, or actions. From “Apple announced
a new iPhone on March 15,” a model could extract “Apple” (organization), “iPhone” (product), and
“March 15” (date). (3) Relationship understanding tracks how entities are related across sentences. For
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instance, in “Sarah gave the book to Mike. He thanked her,” a model must infer that “he” refers to Mike
and “her” refers to Sarah. (4) Summarization reduces lengthy text to a concise version that preserves the
main ideas. It may also simplify complex language or adjust the tone or style for different audiences.

Text Generation [7,40,98]. Text generation refers to the ability of an LLM to produce coherent,
fluent, and contextually appropriate text. This extends beyond stringing words together—it requires
logic, relevance, and creativity. Key sub-tasks include: (1) Question answering, which involves generat-
ing natural, complete answers based on a question and its context. This is essential in open-domain
systems like digital assistants and educational tools. (2) Style transfer rewrites text in a different tone
or style while preserving its original meaning. For example, the formal sentence “I regret to inform
you” might be rendered more casually as “Just a heads-up.” (3) Text completion involves filling in
or finishing partially written content. It powers autocomplete tools in emails, messaging apps, and
writing assistants. (4) Machine translation converts text from one language to another, not just literally,
but with attention to grammar, idioms, and cultural nuance to preserve meaning and tone.

Complex Reasoning [49,99-101]. Complex reasoning involves deeper cognitive abilities such
as logical inference, problem-solving, and structured thinking that go beyond simple pattern match-
ing. Sub-tasks include: (1) Code generation, where natural language instructions are translated into
executable code. This allows users to generate scripts or programs using plain English descriptions.
(2) Multi-step inference requires synthesizing information across several logical steps. For example,
answering “Which country hosted the Olympics after China in 2008?” requires knowing that China
hosted in 2008 and the UK hosted in 2012. (3) Logical reasoning tests the ability to apply deductive logic
and identify valid conclusions or contradictions. A classic example: “If all cats are animals and some
animals are black, can some cats be black?” (4) Commonsense reasoning leverages everyday knowledge.
For instance, given “He put the ice cream on the table in the sun,” the model should infer that the ice
cream will melt.

Knowledge Utilization [102-105]. Knowledge utilization refers to an LLM’s ability to access,
retrieve, and apply factual or procedural knowledge—either from internal memory or external
sources—to solve tasks accurately. This includes: (1) Open-domain question answering, where models
retrieve and use up-to-date information to answer questions. For example, responding to “What are the
current COVID-19 travel guidelines for Japan?” may require accessing recent data. (2) Tool-augmented
reasoning enhances LLM capabilities by integrating external tools such as calculators, databases, or
code interpreters. For instance, to compute the square root of 41,324, a model may call a calculator tool.
(8) Conversational search and retrieval allows models to engage in interactive, multi-turn queries while
dynamically retrieving and integrating relevant information. For example, answering “What are the
side effects of this medication?” followed by “How does it compare to ibuprofen?” involves iterative
search and context maintenance.

2.3.2. Benchmarks

As LLMs continue to advance, it becomes increasingly important to assess their capabilities across
various domains, tasks, and reasoning skills. To evaluate how well LLMs perform in real-world
scenarios, numerous benchmarks have been proposed across tasks such as mathematical reasoning,
long-context understanding, and tool usage. We collect a selection of these benchmarks and categorize
them by task type in Table 4. Below, we highlight several key benchmarks that are widely used to
evaluate LLMs’ abilities.
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Table 4. Existing benchmarks on evaluating the capabilities of LLMs.

Tasks Subtask Relevant Benchmarks Domain Data Source
SST-2 [106] Movie Reviews Rotten Tomatoes
Sentiment Detection IMDB [107] Movie Reviews IMDB
Yelp Reviews [108] Business Reviews Yelp
CoNLL-2003 (NER) [109] News Articles Reuters Corpus
Information Extraction TACRED [110] Various Domains News and Wikipedia
Text Und s OpenlE [111] General Text Web Sources

Relationship Understanding

Winograd Schema Challenge [112]
Winogrande [113]
SuperGLUE [114]

Pronoun Resolution
Commonsense Reasoning
Various

Constructed Sentences
Crowdsourced Sentences
Multiple Sources

CNN/DailyMail [115]

News Articles

CNN and DailyMail

Summarization XSum [116] News Articles BBC
SAMSum [117] Dialogues SAMSum Corpus
SQuAD v1/v2[118] Wikipedia Stanford QA Dataset
NaturalQuestions [119] Google Search Real User Queries
Question Answering TriviaQA [120] Trivia Trivia Websites
HotpotQA [121] Wikipedia Crowdsourced Questions
. BoolQ [122] Various Wikipedia
Text Generation - -
Style Transferring GYAFC [123] Formality Yahoo Answers
Text Completion LAMBADA [124] Narrative Text BookCorpus
WMT 14 [125] News Articles Various News Sources
Machine Translation IWSLT [126] TED Talks TED
FLORES-101 [127] Low-Resource Languages Wikipedia
HumanEval [49] Programming Handcrafted Problems
MBPP [128] Python Programming Crowdsourced Problems
Code Generation APPS [129] Programming Competitive Programming
CodeXGLUE [130] Programming Multiple Sources
Live Code Bench [131] Programming (multi-language)  Live code execution tasks
HotpotQA [121] Wikipedia Crowdsourced Questions
MuSiQue [132] Wikipedia Crowdsourced Questions
StrategyQA [133] Various Crowdsourced Questions

Complex Reasoning

Multi-step Inference

OpenBookQA [134]

MMLU [135]

BIG-Bench [136]

BIG-Bench Hard (BBH) [137]

Elementary Science
Multidomain (57 subjects)
Multitask

Hard subset of BIG-Bench

OpenBookQA Dataset
Knowledge exams

Collaborative crowdsourced tasks
Hard tasks from BIG-Bench

Logical Reasoning

LogiQA [138]
ReClor [139]
GSMSK [140]
ARC [141]
MATH [142]

Logical Reasoning

Logical Reasoning
Grade-school math
Middle-school science

High school + competition math

National Civil Servants Examination
Standardized Tests

Crowdsourced word problems
Standardized test questions

Math contests and textbook problems

Commonsense Reasoning

CommonsenseQA [143]
HellaSwag [144]

PIQA [145]

SociallQA [146]

Commonsense Knowledge
Commonsense Inference
Physical Commonsense
Social Interactions

ConceptNet

Activity Descriptions
Crowdsourced Scenarios
ATOMIC

Knowledge Utilization

N