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What is 
Language 
Modelling?



Natural Language Processing

• Building computer systems that understand and 
generate natural languages

• Deep understanding of broad language
- not just string processing or keyword matching

• Development of tasks, datasets and methods

Linguistics Computer 
Science

NLP



Very Brief History of NLP

Turing test 
(1949)

The beginnings
(pre 1950s)

First (mostly) rule-
based NLP methods
(1950-1990)

Chomsky 
hierarchy (1957)

Statistical 
NLP (1990s –
2000s)

Machine 
Translation 
(Brown et 
al., 1990)

Deep Learning 
(early 2010s 
onwards)

Word 
embeddings
(e.g. 
word2vec)

Large Language 
Models (2020 
onwards)

Brown et al. 
(2020), LMs as 
few-shot 
learners)

RNN-based
approaches

GPT-3

Dependency
parsing 
(Collins, 1996)

Hidden Markov
Models (late
1960s)

Shanon: 
information 
entropy (1948)

InstructGPT

Warren Weaver 
Memorandum 
on Translation 
(1949)

Brown Corpus 
(1961)

ELIZA (1964)

Syntactic and 
semantic parsing 
(from 1970s)

Many different
ML methods: 
SVMs, Logistic
regression, 
CRFs, …

Sentence
embeddings
(e.g. ELMo, 
BERT)

ChatGPT

Pattern-Exploiting
Training (PET, 
Schick & Schütze, 
2021)



LLM usage is ubiquitous

Write code
25%

Answer questions
19%

Write article 13%

Write a poem
11%

Write story
9%

Write a tweet
9%

Write an essay
8%

Write an email
6%

#TWEETS MENTIONING TASK

Exploding Topics. Number of ChatGPT Users (2025), 25 March 2025. https://explodingtopics.com/blog/chatgpt-users
Filippo Chiarello, Vito Giordano, Irene Spada, Simone Barandoni, Gualtiero Fantoni. Future applications of generative large language models: A data-driven case study on ChatGPT. 
Technovation Volume 133, May 2024, 103002.

Website Total visits

Amazon 3.1 billion

WhatsApp 3.8 billion

X 4.8 billion

ChatGPT 5.2 billion

Wikipedia 7 billion

… …

Google 139.9 billion

https://explodingtopics.com/blog/chatgpt-users
https://explodingtopics.com/blog/chatgpt-users
https://explodingtopics.com/blog/chatgpt-users
https://www.sciencedirect.com/science/article/pii/S016649722400052X
https://www.sciencedirect.com/science/article/pii/S016649722400052X
https://www.sciencedirect.com/science/article/pii/S016649722400052X


It is transforming organisations

McKinksey. The state of AI: How organizations are rewiring to capture value. 12 March 2025. 

https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai


And research itself

Zhehui Liao, Maria Antoniak, Inyoung Cheong, Evie Yu-Yen Cheng, Ai-Heng Lee, Kyle Lo, Joseph Chee Chang, Amy X. Zhang. LLMs as Research Tools: A Large Scale Survey of 
Researchers' Usage and Perceptions. ArXiv, abs/2411.05025. 

https://arxiv.org/abs/2411.05025v1
https://arxiv.org/abs/2411.05025v1
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How does it work? A brief introduction to language modelling

Language Models calculate the probability of seeing a sequence of words

What is the most likely next word?
> I saw a ...

How about now?
> I saw a cat ...

How likely is this sequence?
> I saw a cat on a mat.

Is it more likely than this one?
> I saw a cat outside my house.

Sampling from a language model works iteratively, one word at a time
Given a prompt or the history of generated text, it predicts the next most likely word



How does it work? A brief history of language modelling

Jelinek & 
Mercer (1980)

Count-based
language models

Neural language
models

Bengio et 
al. (2000)

Transformer-
based language
models

Vaswani et 
al. (2017)

Pre-trained
language
models

Devlin et 
al. (2018)

Prompt-
based
learning

Brown et 
al. (2020)

BERT GPT-3TransformersEncoder-decoderN-gram LMs

Conversati
onal
interfaces

InstructGPT

ChatGPT
(2022)



How to achieve good LLM performance? Scaling laws

25/11/2025 11

Kaplan et al. (2020): Scaling Laws for Neural Language Models. ArXiv, abs/2001.08361.  

Performance improves with model size, dataset size, amount of compute used for training, 
which must be scaled up in tandem (Kaplan et al., 2020)

https://arxiv.org/abs/2001.08361


AI Arms Race

12
https://labelyourdata.com/articles/llm-model-size

https://labelyourdata.com/articles/llm-model-size
https://labelyourdata.com/articles/llm-model-size
https://labelyourdata.com/articles/llm-model-size
https://labelyourdata.com/articles/llm-model-size
https://labelyourdata.com/articles/llm-model-size


AI Arms Race

13
https://www.tortoisemedia.com/data/global-ai ; https://hai.stanford.edu/ai-index/2025-ai-index-report

https://www.tortoisemedia.com/data/global-ai
https://www.tortoisemedia.com/data/global-ai
https://www.tortoisemedia.com/data/global-ai
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report


Cost of developing LLMs

Cottier et al. (2024): The rising costs of training frontier AI models. ArXiv, abs/2405.21015.  

https://arxiv.org/abs/2405.21015


Factuality
Challenges of 

Language 
Models



Are we seeing the emergence of AGI?

NO



• LLMs show high performance generally, but display several fundamental shortcomings

• Outperform previous models on various NLP tasks on existing benchmarks
-⚠: high dataset contamination -> most test sets seen at training time 
- Drastic performance drops when performing small alterations to wording

Are we seeing the emergence of AGI?



• LLMs show high performance generally, but display several fundamental shortcomings

• Outperform previous models on various NLP tasks on existing benchmarks
-⚠: high dataset contamination -> most test sets seen at training time 
- Drastic performance drops when performing small alterations to wording

• Poor performance on low- and very low-resource languages
• Poor at most types of reasoning

• Many factual errors due to lack of access to an external knowledge base

• Take-aways:
- LLMs are excellent at recitation, not at reasoning
- LLMs are multi-task learners, but not AGI models

Are we seeing the emergence of AGI?

Bang et al. (2023). A Multitask, Multilingual, Multimodal Evaluation of ChatGPT on Reasoning, Hallucination, and Interactivity. In ICJNLP/AAACL 2023.
Yan et al. (2025). Recitation over Reasoning: How Cutting-Edge Language Models Can Fail on Elementary School-Level Reasoning Problems? Arxiv, 
abs/2504.00509, April 2025.

https://aclanthology.org/2023.ijcnlp-main.45/
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509


LLM Usages – Benefits vs Risks

Zhehui Liao, Maria Antoniak, Inyoung Cheong, Evie Yu-Yen Cheng, Ai-Heng Lee, Kyle Lo, Joseph Chee Chang, Amy X. Zhang. LLMs as Research Tools: A Large Scale Survey of 
Researchers' Usage and Perceptions. ArXiv, abs/2411.05025. 

https://arxiv.org/abs/2411.05025v1
https://arxiv.org/abs/2411.05025v1
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Factuality Challenges of Large Language Models

Table 1. Factuality challenges in LLMs and their implications for fact-checking.

Factuality Constraint Existing Solutions Opportunities

Citation Gaps

• Complex verification needs29, 30

• Potential for misinformation29

• Increased annotation effort29

• Fine-grained factuality annotation benchmarks29, 31

• Incorporating external knowledge bases for
source attributability29

• Source attribution: training data vs.
extrapolation

Grounding
Deficiency

• Hallucinations and
incorrectness32

• Fragmentation of information32

• Lack of dynamic and up-to-
date knowledge33

• Fact-verification via web mining32

• Iterative fact-checking and correction32, 34

• Modular framework (SmartBook35, Knowledge
Card33)
• Dialectical reasoning for reliable deduction32

• Dynamic integration from diverse domains33

• Check-worthiness before fact-checking
• Combining syntactic and semantic analysis
• Domain-specific content generation capability
• Continuous and collaborative updates
• Multi-domain knowledge synthesis

Truthfulness

• Misinformation spread36

• Increased belief in dubious
headlines17

• Decreased trust in true news17

• FACT-GPT: Automating claim matching by
assessing alignment, contradiction or
relevance to the previously debunked claim36

• Synthetic training data for claim-analysis36

• Transparent communication of AI uncertainty17, 37, 38

• Engaging users in verification17

• Enhanced early detection
• Customisation of AI fact-checking based on
user preferences
• Increased sharing intents for true headlines

Confident Tone

• Misleading confidence
• Inherent coherence
misinterpreted as authority39

• Complexity of outputs40

• Awareness39, 41

• Enhanced model documentation39

• Adoption of ethical frameworks11, 39

• Human alignment for balanced response40

• Transparent and trustworthy technologies
• Fostering interdisciplinary collaboration
• Trust enhancement via open-sourcing

Fluent Style

• Generating convincing but
factually incorrect content42

• Increased potential for non-
factual generations43

• Augmenting LLMs with external knowledge
and feedback for accurate responses42

• Dynamic decoding strategies (factual-
nucleus sampling)43, 44

• Factuality-enhanced training43

• Enhancing trust with factually accurate, fluent
responses
• Reducing the trade-off between fluency and
factuality
• Leveraging fluency for real-time fact-checking
in dynamic environments

Halo Effect

• Trust misplacement45 • Integrating explainability for sensitive domains46

• Custom factuality instructions46

• Educational initiatives
• Provenance standards
• Regulatory measures

Outdated
Knowledge

• Static nature of LLMs47

• Hallucinations47

• Inconsistency and
invalid information48

• Prohibitive re-training costs49

• Knowledge editing47, 48, 50–52

• Continual learning47

• Retrieval-enhanced models47

• Dynamic benchmarking48

• Enhanced (real-time) fact-checking tools
• Hybrid approaches (implicit and explicit
knowledge editing)
•Scalable solutions for fact-checking
• Temporal interval estimation of the training
data

Unreliable
Evaluation

• Complexity in assessing factuality53–55

and truthfulness
• Insufficient benchmark datasets56

• Misidentification of emergent abilities57, 58

• Mixed performance on misinformation
detection17

• Development of robust metrics59–61

• Addressing biases and limitations62

• Adapting to data drift63

• Accurate ground-truth references
• Improved LLM factuality assessment
• Reliable fact-checking systems
• Enhanced misinformation detection
in evolving domains

conflicting, and fact-conflicting types, exploring sources, evaluation measures, and mitigation strategies while addressing
ethical implications in domains such as healthcare and law. While these surveys provided extensive coverage, they primarily
focused on broad categorisations, detection, and mitigation of hallucinations without a specific emphasis on the role of LLMs
in fact-checking.

Although existing surveys broadly covered factuality and hallucination in LLMs, our perspective focuses specifically on the
role of LLMs in fact-checking. We address misinformation risks and enhancement opportunities such as citation gaps and
grounding deficiencies. We further discuss advanced methods such as retrieval-augmented generation and knowledge editing.
We also emphasise ethical AI development and literacy, proposing measures to mitigate the risks. By specifically tackling
malicious uses of LLMs, we propose targeted strategies for improving safety and reliability.

In summary, LLMs have the potential to mislead the public at scale due to their (a) accessibility as substitutes for more
traditional and hard-to-reach sources of trusted information, such as physicians, (b) deployment in environments in which users
have come to expect (and assume) factual accuracy such as search engines, and (c) hallucinatory capabilities and prospects for
malicious use.

Moreover, the datasets used to train these models can introduce biases, magnifying specific viewpoints while suppressing
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In summary, LLMs have the potential to mislead the public at scale due to their (a) accessibility as substitutes for more
traditional and hard-to-reach sources of trusted information, such as physicians, (b) deployment in environments in which users
have come to expect (and assume) factual accuracy such as search engines, and (c) hallucinatory capabilities and prospects for
malicious use.
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Persuasive language

Brogaard Pauli et al. (2025). Measuring and Benchmarking Large Language Models' Capabilities to Generate Persuasive Language. In NAACL. 
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Persuasive language

Brogaard Pauli et al. (2025). Measuring and Benchmarking Large Language Models' Capabilities to Generate Persuasive Language. In NAACL. 

Predicted persuasiveness score for 
different LLMs and prompt 
instructions (more persuasive, less 
persuasive, neutral). 

Negative score indicates LLM-
generated text more persuasive, 
and vice versa.
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Persuasive language

Brogaard Pauli et al. (2025). Measuring and Benchmarking Large Language Models' Capabilities to Generate Persuasive Language. In NAACL. 

Predicted persuasiveness score for 
different ‘personas’ in system prompt on 
different prompt instructions of LLaMA3 
(paraphrase same instances as more 
persuasive, less persuasive, or neutral). 

System prompts:
top) “You are a journalist for a 
tabloid/scientific magazine”, 
bottom) “You are an extreme right-
wing/right-wing/centre-right politician”. 

Negative score indicates LLM- generated 
text more persuasive, and vice versa.
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Sycophancy

Sharma et al. (2024). Towards Understanding Sycophancy in Language Models. In ICLR. 

AI Assistants Can Give Biased Feedback (Feedback Sycophancy)
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Sycophancy

Sharma et al. (2024). Towards Understanding Sycophancy in Language Models. In ICLR. 

AI Assistants Can Be Easily Swayed (Are You Sure? Sycophancy)
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Sycophancy

Sharma et al. (2024). Towards Understanding Sycophancy in Language Models. In ICLR. 

AI Assistants Can Provide Answers that Conform to User Beliefs (Answer Sycophancy)
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Sycophancy

Sharma et al. (2024). Towards Understanding Sycophancy in Language Models. In ICLR. 

AI Assistant Responses Sometimes Mimic User Mistakes (Mimicry Sycophancy)
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Sycophancy

Sharma et al. (2024). Towards Understanding Sycophancy in Language Models. In ICLR. 

• Consistent across tasks and LLMs
• Humans prefer responses that match their views
• Humans + LLMs prefer convincingly-worded sycophantic responses over correct ones

Ø General behaviour of AI assistants
Ø Driven partly by human preference judgements favouring sycophantic responses
Ø Can lead to sacrificing truthfulness in favour of sycophancy
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LLM grooming

https://www.newsguardrealitycheck.com/p/a-well-funded-moscow-based-global

• Russian disinformation network Pravda is publishing Russian propaganda at scale
(3,600,000 articles in 2024)

• Targets 49 countries in dozens of languages across 150 domains
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LLM grooming

https://www.newsguardrealitycheck.com/p/a-well-funded-moscow-based-global

• Test of 10 leading AI chatbots: OpenAI’s ChatGPT-4o, You.com’s Smart Assistant, xAI’s Grok, 
Inflection’s Pi, Mistral’s le Chat, Microsoft’s Copilot, Meta AI, Anthropic’s Claude, Google’s Gemini, 
and Perplexity’s answer engine

• Tested with 15 false narratives spread by pro-Kremlin Pravda websites from April 2022 to February
2025
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Factuality Challenges in the Era of LLMs

• Addressing threats:
- Making LLMs safer – data cleansing, watermarking, privacy etc.
- Modularised knowledge-grounded framework
- Retrieval-augmented generation
- Detecting and correcting factual mistakes at inference time
- Better evaluation
- Recognising AI-generated content
- AI regulation
- Public education

Augenstein et al. Factuality Challenges in the Era of Large Language Models. Nature Machine Intelligence, August 2024. 

https://www.nature.com/articles/s42256-024-00881-z
https://www.nature.com/natmachintell/


Retrieval-Augmented Generation

Gao et al. (2023). Retrieval-Augmented Generation for Large Language Models: A Survey. arxiv:2312.10997.  
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Retrieval-Augmented Generation
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Fact Checking of Machine-Generated Misinformation

Wang et al. Factcheck-Bench: Fine-Grained Evaluation Benchmark for Automatic Fact-checkers. In EMNLP 2024, November 2024.
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LLM Prompt Instability

Mizrahi et al. (2024). State of What Art? A Call for Multi-Prompt LLM Evaluation. In TACL. 
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LLM Prompt Instability -> Prompt Tuning

Kwon et al. (2024). StablePrompt : Automatic Prompt Tuning using Reinforcement Learning for Large Language Model. In EMNLP. 

StablePrompt. We formulate prompt tuning as an RL-framework using LLMs. We use the
target LLM and the given dataset as the world model, and the agent LLM as the policy. We use the response of the
target LLM to the prompt generated by the agent LLM as the reward

https://aclanthology.org/2024.emnlp-main.551/
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Evaluation of Benchmark Contamination

Efficient search over LLM pre-training data

Xu et al. (2025). Infini-gram mini: Exact n-gram Search at the Internet Scale with FM-Index. EMNLP 2025, best paper.

, reveals heavy benchmark contamination
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Interpretability

Luo & Specia (2024). From Understanding to Utilization: A Survey on Explainability for Large Language Models. Arxiv 2401.12874.

https://arxiv.org/pdf/2401.12874v1


An Evaluation Framework for Attribution Methods

1) Aligning the Results of Attribution Methods
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Fact Dynamicity and Knowledge Conflicts

Sara Vera Marjanović*, Haeun Yu*, Pepa Atanasova, Maria Maistro, Christina Lioma, Isabelle Augenstein. DYNAMICQA: Tracing Internal Knowledge Conflicts in 
Language Models. In Findings of the 2024 Conference on Empirical Methods in Natural Language Processing (EMNLP 2024), November 2024. 

• Knowledge Conflict
• Intra-memory conflict : Conflict caused by contradicting representations of the fact within the 

training data, can cause uncertainty and instability of an LM

• Context-memory conflict : Conflict caused by the context contradicts to the parametric 
knowledge

We investigate the impact of fact dynamicity on LLM output in question answering

Static

Temporal

Dynamic
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https://2024.emnlp.org/


Intra-Memory Conflict in Output Distribution
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Context-Memory Conflict

If we provide context…
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What impacts Persuasion? Predictors of Persuasion

Number of edits is the strongest,
most consistent nega2ve indicator of model persuasion across models

Logis2c regression model to predict if an instance will be stubborn or persuaded



Implications: Knowledge Conflict and Fact Dynamicity

• Temporal and disputable facts, which have greater historical variability (which is expected to 

be reflected in a training dataset, leading to intra-memory conflict):

• Show lower persuasion scores, fewer persuaded instances, more stubborn instances

Ø Are less likely to be updated with context, instead requiring models to be retrained or 

manually edited to reflect changing information.

• Fact dynamicity (number of edits) has a greater impact on a model's likelihood for 

persuasion than a fact's popularity

• Fact popularity often used to guide RAG in previous literature

Ø Other approaches might be required for retrieval augmentation in low-certainty domains

Sara Vera Marjanović*, Haeun Yu*, Pepa Atanasova, Maria Maistro, Christina Lioma, Isabelle Augenstein. DYNAMICQA: Tracing Internal Knowledge Conflicts in 
Language Models. In Findings of the 2024 Conference on Empirical Methods in Natural Language Processing (EMNLP 2024), November 2024. 
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Benchmarking context usage manipulation techniques

Lovisa Hagström*, Youna Kim*, Haeun Yu, Sang-goo Lee, Richard Johansson, Hyunsoo Cho, Isabelle Augenstein. CUB: 
Benchmarking Context Utilisation Techniques for Language Models. CoRR, abs/2505.16518, May 2025. 
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Context usage manipulation via prompting

● Prompt tuning for different datasets, e.g.
○ “Answer the following ques1ons based on the context below.
○ Ques1on: […]
○ Context: […]
○ Answer:
○ ”

○ “Answer the ques1on. Only answer with the answer. Examples of ques1ons and desired 
answers are given below.

○ […]
○ Now, answer the following ques1on (only with the answer):
○ …
○ “

Lovisa Hagström*, Youna Kim*, Haeun Yu, Sang-goo Lee, Richard Johansson, Hyunsoo Cho, Isabelle Augenstein. CUB: 
Benchmarking Context Utilisation Techniques for Language Models. CoRR, abs/2505.16518, May 2025. 
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Context usage manipulation via mechanistic interventions (PH3)

● 1) identification of attention heads responsible for context or memory reliance via 
path patching

● 2) pruning the identified attention heads for increased memory or context usage 

Zhuoran Jin, Pengfei Cao, Hongbang Yuan, Yubo Chen, Jiexin Xu, Huaijun Li, Xiaojian Jiang, Kang Liu, and Jun Zhao. 2024. 
Cutting Off the Head Ends the Conflict: A Mechanism for Interpreting and Mitigating Knowledge Conflicts in Language Models. 
Proceedings of ACL 2024.

https://aclanthology.org/2024.findings-acl.70/


Overview of context usage manipulation techniques

Lovisa Hagström*, Youna Kim*, Haeun Yu, Sang-goo Lee, Richard Johansson, Hyunsoo Cho, Isabelle Augenstein. CUB: 
Benchmarking Context Utilisation Techniques for Language Models. CoRR, abs/2505.16518, May 2025. 
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Are larger models better at utilising context?

Lovisa Hagström*, Youna Kim*, Haeun Yu, Sang-goo Lee, Richard Johansson, Hyunsoo Cho, Isabelle Augenstein. CUB: 
Benchmarking Context Utilisation Techniques for Language Models. CoRR, abs/2505.16518, May 2025. 

Binary context utilisation (BCU) score:

- For relevant contexts (gold and conflicting) 
the score is 1 if the LM prediction is the same as 
the token promoted by the context, 
and 0 otherwise

- For irrelevant contexts the score is 1 if the LM 
prediction is the same as the memory token 
(i.e. the prediction made by the model before 
any context has been introduced), 
and 0 otherwise

https://arxiv.org/abs/2505.16518
https://arxiv.org/abs/2505.16518


Which context manipulation technique is best on average?

Lovisa Hagström*, Youna Kim*, Haeun Yu, Sang-goo Lee, Richard Johansson, Hyunsoo Cho, Isabelle Augenstein. CUB: 
Benchmarking Context Utilisation Techniques for Language Models. CoRR, abs/2505.16518, May 2025. 
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Factuality Challenges of Large Language Models

Table 1. Factuality challenges in LLMs and their implications for fact-checking.

Factuality Constraint Existing Solutions Opportunities

Citation Gaps

• Complex verification needs29, 30

• Potential for misinformation29

• Increased annotation effort29

• Fine-grained factuality annotation benchmarks29, 31

• Incorporating external knowledge bases for
source attributability29

• Source attribution: training data vs.
extrapolation

Grounding
Deficiency

• Hallucinations and
incorrectness32

• Fragmentation of information32

• Lack of dynamic and up-to-
date knowledge33

• Fact-verification via web mining32

• Iterative fact-checking and correction32, 34

• Modular framework (SmartBook35, Knowledge
Card33)
• Dialectical reasoning for reliable deduction32

• Dynamic integration from diverse domains33

• Check-worthiness before fact-checking
• Combining syntactic and semantic analysis
• Domain-specific content generation capability
• Continuous and collaborative updates
• Multi-domain knowledge synthesis

Truthfulness

• Misinformation spread36

• Increased belief in dubious
headlines17

• Decreased trust in true news17

• FACT-GPT: Automating claim matching by
assessing alignment, contradiction or
relevance to the previously debunked claim36

• Synthetic training data for claim-analysis36

• Transparent communication of AI uncertainty17, 37, 38

• Engaging users in verification17

• Enhanced early detection
• Customisation of AI fact-checking based on
user preferences
• Increased sharing intents for true headlines

Confident Tone

• Misleading confidence
• Inherent coherence
misinterpreted as authority39

• Complexity of outputs40

• Awareness39, 41

• Enhanced model documentation39

• Adoption of ethical frameworks11, 39

• Human alignment for balanced response40

• Transparent and trustworthy technologies
• Fostering interdisciplinary collaboration
• Trust enhancement via open-sourcing

Fluent Style

• Generating convincing but
factually incorrect content42

• Increased potential for non-
factual generations43

• Augmenting LLMs with external knowledge
and feedback for accurate responses42

• Dynamic decoding strategies (factual-
nucleus sampling)43, 44

• Factuality-enhanced training43

• Enhancing trust with factually accurate, fluent
responses
• Reducing the trade-off between fluency and
factuality
• Leveraging fluency for real-time fact-checking
in dynamic environments

Halo Effect

• Trust misplacement45 • Integrating explainability for sensitive domains46

• Custom factuality instructions46

• Educational initiatives
• Provenance standards
• Regulatory measures

Outdated
Knowledge

• Static nature of LLMs47

• Hallucinations47

• Inconsistency and
invalid information48

• Prohibitive re-training costs49

• Knowledge editing47, 48, 50–52

• Continual learning47

• Retrieval-enhanced models47

• Dynamic benchmarking48

• Enhanced (real-time) fact-checking tools
• Hybrid approaches (implicit and explicit
knowledge editing)
•Scalable solutions for fact-checking
• Temporal interval estimation of the training
data

Unreliable
Evaluation

• Complexity in assessing factuality53–55

and truthfulness
• Insufficient benchmark datasets56

• Misidentification of emergent abilities57, 58

• Mixed performance on misinformation
detection17

• Development of robust metrics59–61

• Addressing biases and limitations62

• Adapting to data drift63

• Accurate ground-truth references
• Improved LLM factuality assessment
• Reliable fact-checking systems
• Enhanced misinformation detection
in evolving domains

conflicting, and fact-conflicting types, exploring sources, evaluation measures, and mitigation strategies while addressing
ethical implications in domains such as healthcare and law. While these surveys provided extensive coverage, they primarily
focused on broad categorisations, detection, and mitigation of hallucinations without a specific emphasis on the role of LLMs
in fact-checking.

Although existing surveys broadly covered factuality and hallucination in LLMs, our perspective focuses specifically on the
role of LLMs in fact-checking. We address misinformation risks and enhancement opportunities such as citation gaps and
grounding deficiencies. We further discuss advanced methods such as retrieval-augmented generation and knowledge editing.
We also emphasise ethical AI development and literacy, proposing measures to mitigate the risks. By specifically tackling
malicious uses of LLMs, we propose targeted strategies for improving safety and reliability.

In summary, LLMs have the potential to mislead the public at scale due to their (a) accessibility as substitutes for more
traditional and hard-to-reach sources of trusted information, such as physicians, (b) deployment in environments in which users
have come to expect (and assume) factual accuracy such as search engines, and (c) hallucinatory capabilities and prospects for
malicious use.

Moreover, the datasets used to train these models can introduce biases, magnifying specific viewpoints while suppressing
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Card33)
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• Decreased trust in true news17

• FACT-GPT: Automating claim matching by
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Augenstein et al. (2024). Factuality Challenges in the Era of Large Language Models. Nature Machine Intelligence, August 2024.

https://www.nature.com/articles/s42256-024-00881-z
https://www.nature.com/natmachintell/


Detecting and Mitigating Factuality Issues

Drastic performance drops when performing small alterations to wording

Yan et al. (2025). Recitation over Reasoning: How Cutting-Edge Language Models Can Fail on Elementary School-Level Reasoning Problems? 
Arxiv, abs/2504.00509, April 2025.

https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509
https://arxiv.org/abs/2504.00509


State of the Field of NLP

• Historical turning points in NLP
- Chomsky grammars
- Rule-Based NLP
- Statistical NLP
- Deep Learning
- Now: LLMs

• LLMs have caused major disruptions to the field
- NLP now usable by lay people
- Substantially more resources needed for NLP methodology research
- Speed of research has increased
- More researchers working on LLMs
- More use of LLMs as method in other fields (social sciences, humanities)
- Less research on task-specific, more on general-purpose models
- Many research questions seem answered, traditional tasks seem no longer relevant
- Many core LLM developments by industry
- Highly performant models are closed, leading to reproducibility crisis

Ø Importance of continued investments in open science



Outlook: Open LLMs

https://allenai.org/blog/nsf-nvidia ; https://allenai.org/olmo

https://allenai.org/blog/nsf-nvidia
https://allenai.org/blog/nsf-nvidia
https://allenai.org/blog/nsf-nvidia
https://allenai.org/olmo


Outlook: Open LLMs

European Commission. Commission launches ‘Resource for AI Science in Europe’. 3 November 2025.

https://ec.europa.eu/commission/presscorner/detail/en/ip_25_2578
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