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Motivation
Challenge:
Ensuring factual consistency in long-document summarization 
is harder than for short texts due to:
● Nuanced inconsistencies spread across multiple sentences
● Binary labels masking subtle errors
● Rapid evolution in summarizers (from BART to GPT-4), yet 

outdated benchmarks still dominate.
Limitations of Prior Work
● Binary labeling often fails to capture partial inconsistencies in 

long summaries (100+ words)
● Prior work also lacks consistency in labeling schemes and 

reported evaluation metrics.

Research Questions
RQ1: Binary vs. continuous labels for summary-level evaluation?
RQ2: Do sentence-level predictions transfer to summary-level?
RQ3: How well do systems detect fine-grained errors?
RQ4: How do evaluation systems perform as summarizers 
evolve (from non-LLMs to LLMs)?

Experimental Setup
Datasets: 
DIVERSUMM, LONGEVAL, RAMPRASAD’24, UNISUMEVAL
Labels: binary and continuous (at sentence and summary 
levels) Summaries generated by models from non-LLMs to 
GPT-4
Systems:
- Specialized fact-checkers: INFUSE, AlignScore, MC-FT5
- LLM-based: GPT4o, Gemini, BeSpoke, FineSurE
- Linguistic-informed: StructS-MC, StructS-BS 

Result
RQ1: Binary and continuous evaluation settings exhibit 
different trends. Continuous summary-level scores offer a 
more comprehensive assessment than binary classification.

RQ2: On datasets that are sufficiently large and contain 
summaries with varying degrees of factual inconsistency, there 
exist significant correlations between sent-level and 
summary-level evaluations.

RQ3: LLM-based models (e.g. FineSurE) have higher recall  
but more false positives (Table 5)

RQ4: System performance declines as summarizers evolve, 
with most models showing sharp drops on closed-source LLMs.

Takeaways and Actionable Insights
● The main types of factual consistency errors have shifted 

as summarizer models continue to improve: surface-level / 
grammatical → contextual and nuanced one

● Future work should move beyond overall summary-level 
correlations and focus on pinpointing specific errors.

● Future models require deeper reasoning and contextual 
understanding to detect errors.

 

 


