A Tale of Evaluating Factual Consistency:
Case Study on Long Document Summarization Evaluation

Yang Zhong' and Diane Litman'+

" Department of Computer Science, “Learning Research and Development Center
University of Pittsburgh, Pittsburgh, PA, 15213

Motivation Result
Challenge:

Ensuring factual consistency in long-document summarization
IS harder than for short texts due to:

e Nuanced inconsistencies spread across multiple sentences

RQ1: Binary and continuous evaluation settings exhibit
different trends. Continuous summary-level scores offer a
more comprehensive assessment than binary classification.
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RQ4: System performance declines as summarizers evolve,

Datasets: with most models showing sharp drops on closed-source LLMs.

DIVERSUMM, LONGEVAL, RAMPRASAD'24, UNISUMEVAL  Takeaways and Actionable Insights

Labels: binary and continuous (at sentence and summary e The main types of factual consistency errors have shifted

levels) Summaries generated by models from non-LLMs to as summarizer models continue to improve: surface-level /
GPT-4 grammatical — contextual and nuanced one

Systems: e Future work should move beyond overall summary-level

- Specialized fact-checkers: INFUSE, AlignScore, MC-FT5 correlations and focus on pinpointing specific errors.

- LLM-based: GPT40, Gemini, BeSpoke, FineSurk e Future models require deeper reasoning and contextual

- Linguistic-informed: StructS-MC, StructS-BS understanding to detect errors.



