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LLMs need correctness evaluation

• LLMs made (data-to-)text generation much better

• LLM training doesn’t consider correctness explicitly
• pretraining: next-word prediction, low-level data replication

• instruction tuning: same, just better data

• RLHF: global rewards, but only (~ rewards plausible)

• → Still not perfect & errors are more subtle now
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System Output Rank Score

name[Cotto], eatType[coffee shop], near[The Bakers]

TR2 Cotto is a coffee shop located near The Bakers. 1 100

SLUG-ALT Cotto is a coffee shop and is located near The Bakers 2 97

TGEN Cotto is a coffee shop with a low price range. It is located near The Bakers. 3-4 85

GONG Cotto is a place near The Bakers. 3-4 85

SHEFF2 Cotto is a pub near The Bakers. 5 82

(rule-based)

(LSTM-based)

Finding Errors in LLM Outputs

E2E Challenge
(2018)

(Dušek et al., 2018)
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• Default: text (+source/reference) → score
• Surface overlap 

• Semantic similarity

• Trained metrics

• LLM scores

• Survey: overlap rules 
• 2023, now much more LLMs

• Often no stated reason
• why was metric X picked?

• Good for comparison only
• we don’t know why 

the score is low/high

How to evaluate: Metrics
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Skies will be mostly clear, but 
winds will remain strong.

reference:
Skies will be mostly cloudy with rain showers, 
but it will clear up on Tuesday. LLM

BLEU = 0.184

BertScore = 0.916

I'd rate the factual accuracy as a 3 out of 10.

reference:
Skies will be mostly cloudy with rain showers, 
but it will clear up on Tuesday.

NUBIA Contradiction = 0.989

(Schmidtová et al., 2024) 
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• Survey focusing on hallucination

• Mostly labels/Likert
• some span annotation

• Often lacks detail
• quality assurance

• annotator compensation

• interface

• Definitions of hallucination vary
• + more or less precise

• Decline in % papers
• replaced by LLM eval?

• that shouldn’t be the point
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Papers missing information
(out of 64)

Evaluation types

x

Human Evaluation Issues
(Schmidtová et al., 2025) 
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Span annotation

• Find individual errors – mark error spans
• harder to annotate

• more detailed feedback, actionable

• allows similar LLM & human annotation

• no references needed

• Still allows comparing models
• use total number of errors (or some weighting)

• ask for overall score based on the marked errors

• MT: MQM, ESA…
• not so much in data-to-text & elsewhere
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Skies will be mostly clear, but 
winds will remain strong.

LLM

Skies will be mostly clear, but 
winds will remain strong.

incorrect

not checkable



Factgenie: simplifying evaluation

• A tool for efficient span-based evaluation
• data visualization

• annotation

• analysis

• Various input data formats
• JSON, CSV, HTML

• custom (e.g. weather)

• Humans & LLMs
• internal campaigns

• crowdsourcing (Prolific)

• ollama

• LLM APIs
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https://github.com/ufal/factgenie 

https://github.com/ufal/factgenie


• Saturated: models constantly tested on them
• MMLU, GSM8K –  also, not that much generation

• Contaminated: data leaked to model training
• not just pretraining: indirect leakage to closed LLMs

• >200 NLP benchmarks leaked to ChatGPT via web interface in the 1st year of use

What to evaluate on: Benchmarks?
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# leaked benchmarks per task

(Balloccu et al., 2024) 

https://aclanthology.org/2024.eacl-long.5 
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• data from different domains → open LLM → text
• LLMs can read common data formats

• simple prompting, 7B open models

• new data
• from open APIs

• Evaluation via GPT-4 & crowdsourcing
• referenceless, span annotation

• outputs are fluent, but ~80% has errors
• >3 errors per output on average

• depends on the domain

• better with newer LLMs

• worse with non-English

Benchmarks: Using new data
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Domain Source of data Format Target output

Weather openweathermap.org JSON Weather forecast

Technology gsmarena.com JSON Product description

Sport rapidapi.com JSON Sports report

Health ourworldindata.org CSV Time series caption

World facts wikidata.org MD Graph description

(Kasner & Dušek, 2024) 
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Evaluating on new data vol. 2

• Wikipedia tables: new pages & current events
• multilingual

• domain-balanced (sport/culture/politics/other)

• Evaluation via trained metrics, LLMs, humans
• TAPEX / TAPAS: NLI-based consistency

• human & LLM span annotation

• New data is an issue for the trained metrics
• lower scores, not confirmed by humans

• low correlation with humans (0.11 Pearson)

• LLM better but not perfect: 0.53

• Fairly high rate of errors overall
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(Onderková et al., 2025) 
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Human evaluation

https://aclanthology.org/2025.inlg-main.7/
https://aclanthology.org/2025.inlg-main.7/
https://aclanthology.org/2025.inlg-main.7/
https://aclanthology.org/2025.inlg-main.7/


Evaluating on new data vol. 3 – synthetic data

• Rephrase templates, make sure the answer is verifiable (easy extraction)

• Presentation matters
• multi-turn input + assistant role make LLM perform worse
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(Kartáč et al., 2026) 

http://arxiv.org/abs/2603.20133  
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Span annotation with LLMs

• Span annotation with LLMs taken further
• open-source models 

• in an ensemble

• + distilled version (via synthetic data)

• with fine-grained explanations of each error span & overall

• overall score grounded on error spans

• Aim: evaluate any aspect, any NLG task
• 5 tasks, 15 datasets

• summarization, data-to-text, dialogue, story generation, QA

• 40+ aspects
• correctness, informativeness, grammaticality, relevance…

• 23 sources of generated texts to evaluate
• LLMs, older pretrained LMs, RNNs, humans, extractive
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(Kartáč et al., 2025) 
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LLM span evaluation

• Detailed prompts, always aspect-specific

• Find spans & explain

• Provide overall score & explain

12



spearman correlation

Expanding LLM span evaluation

• Ensemble competitive with closed-LLM-based baselines
• comparing on overall scores correlation

• Distilled model weaker but good for its size (8B)

• Performance is task-dependent (in baselines too)
• may depend on human annotation quality

• Our approach has much better detailed outputs
• only 1 baseline has comparable outputs

• we mark >5x more errors, 32% → 83% correctly identified
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LLMs vs humans on error span annotation

• Comparing LLMs vs good humans (carefully selected crowd workers or experts)

• Average human IAA compared to model results

• Overall low agreements
• room for subjectivity in span selection & error category assignment

• Performance is task-dependent
• LLMs surpass average human agreement on data-to-text evaluation

• reasoning models are mostly better
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span F1 score

(disregarding 

error category)
avg. human IAA

data-to-text evaluation machine translation evaluation

(En → Cs/De/Es/Hi/Is/Jp/Ru/Uk/Zh)

propaganda techniques detection

(Kasner et al., 2026) 
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LLMs vs humans on error span annotation

• Detailed analysis of error spans

• Models tend to nitpick

• Error spans ~ 50% correct, but so are human-annotated ones
• the task is hard for humans too

• LLMs beat humans on cost & flexibility
• good alternative to humans

• task-dependent: performance needs to be validated first
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data-to-text



LLM Metrics Caveats – Domains/Tasks

• Unconventional task:
highlight generation
• pick attractive points from long texts

• hotel domain

• Similarity metrics correlate
poorly with humans

• LLMs perform very inconsistently
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Description: Just a 5-minute walk from Mall of the Emirates, 
DoubleTree by Hilton Hotel and Residences Dubai offers 
modern accommodations. [...] The hotel is 7.0 km from 
Dubai Marina and 12.1 km from Dubai Mall. Dubai 
International Airport is 30 minutes away by car.

Highlight: Enjoy breathtaking views across the Hudson River 
to New Jersey and Liberty Island from select suites.

(Schmidtová et al., 2025) 
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LLM Metric Caveats – Consistency

• Are model-assigned scores consistent with error spans?

• What happens to scores when we tamper with the analysis?
• summarization (SummEval), story generation (HANNA), question answering (QAGS)
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Aspect: faithfulness
Errors:
1) Error Span: fell sharply
    Explanation: The stock prices have risen
    Severity: Minor (1 out of 5)
 
2) Error Span: profits soared
    Explanation: In fact, ABC profits plunged
    Severity: Low (2 out of 5)
 
Overall Score: good

Input: On the stock market today [...] XYZ Corp's stock is up 1.3%, surpassing competing 
ABC Inc., whose stock is down 2.5% […]

Summary: Shares of XYZ Corp fell sharply today, trailing behind ABC Inc., whose profits 
soared by 40% this quarter. 

Aspect: faithfulness
Errors:
1) Error Span:  fell sharply
   Explanation: The stock prices have risen
   Severity:  Moderate (3 out of 5)

2) Error Span:  profits soared
   Explanation: In fact, ABC profits plunged
   Severity:  Major (4 out of 5)

Overall Score: very good

Aspect: faithfulness
Errors:
1) Error Span:  fell sharply
    Explanation: The stock prices have risen   
    Severity:  Minor (1 out of 5)
 

[removed an error]

Overall Score: fair

Aspect: faithfulness
Errors:
1) Error Span:  Shares of XYZ Corp fell sharply...
    Explanation: This error completely 
   compromises the faithfulness of this text
    Severity:  Critical (5 out of 5)

Overall Score: good

(Terentowicz et al., 2025) 
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LLM Metric Caveats – Consistency

• Perturbations often have no effect
• removing errors:

18% scores change

• decreasing severities:
12% scores change

• Inconsistent
• removing errors

lowers score
& vice-versa
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General Caveats – Extrinsic Evaluation

• Nutrition counselling chatbot
• Rule-based in the baseline form

• LLM-based answer rephrasing

• LLM-based guided counselling (finetuned)
• strict structure

• data vetted by experts

• Intrinsic eval (metrics + manual) positive

• 7-week controlled trial (82 people across 3 settings)
• No difference w.r.t. baseline
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(Li et al., 2025) 
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Wrap up

• Use new data
• without human references
• real or synthetic (to check specific questions)

• Use error span annotation
• harder & more subjective than scores, but more actionable
• allows both comparisons & analysis

• Use LLMs, but be cautious
• proprietary & reasoning models are better
• ensemble of open models works well too
• performance may depend on the task
• consistency may not be ideal

• Verify performance with humans
• ideally in an extrinsic evaluation 
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