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• Ubiquitous: Spreadsheets & dashboards power every sector.

• Decision-critical: One row/col error can upend budgets & 
diagnoses.

• LLM workflows: AI now auto-creates tables for insight 
delivery.

• High-stakes fidelity: Tables need exact values—small slips 
echo widely.

• Trust & transparency: Strong table-eval keeps data-driven AI 
safe.

Why Tables—and Table Generation—Matter?



Are Tables same as Text?

“We need a metric which takes semantics and structure both into consideration”

Tables contain both semantic and structural information.
We need to consider various aspects:

• Row / column ordering

• Headers and labels: the meaning of each column / 
row

• Cell values & data types – numbers, dates, strings, 
units

• Missing / extra entries – gaps, duplicate-rows, nulls

• Formatting & units – 1,000 vs 1k, USD vs EUR, %, °C, 
etc.



Gap in Current Evaluation Methods

• Text-only view: BLEU/ROUGE ignore table 
layout

• Semantics-only: BERTScore misses 
row/col swaps

• Black-box scores: P-/H-Score give no 
error trace

• Entailment heavy: TabEval, numeric-blind 
because of use of BertScore





PHASE 1: TabAlign

• Hybrid matcher: exact look-ups augmented with LLM mapping

• Robust alignment: resolves synonyms, merged columns, and transposed layouts

• Gap-aware output: returns a fully aligned table with “–” placeholders for missing cells



PHASE 2: TabCompare

• Cell-wise tuples: create a detailed comparison record for every cell

• Row / column checks: spot missing, extra, and reordered rows or columns

• Delta detection: catch unit swaps, format changes, and numeric shifts



Scoring

βI – weight for each error class (Missing, Extra, Partial)
αE – weight for each entity type (Row, Column, Cell)
fE – # of correctly matched entities
NE – total entities in the ground-truth table
For partial matches at the cell level, the modifier γp is defined as:



TabXBench

• 250 test cases

• 6 diverse sources

• 16 distinct error types

• 3 difficulty tiers

• Balanced stress test



How our Metric is Domain Agnostic

• Domain-agnostic core – outperforms all 
baselines on every corpus without tuning

• Domain-adaptive knobs – re-weight structure 
vs semantics (row/col vs cell) for task focus.

• Balanced ★ config – highest human-
correlaƟon, lowest variance → fidelity + 
flexibility.



Comparison of TabXEval and Other Metrics on TabXBench

• TabXEval +15–20 pp over LLM-prompted 
metrics → best structure + semanƟcs

• P-Score / BLEURT: Plateau despite 
improvements over lexical baselines. 

• TabEval lowest – many false positives on 
numeric / unit errors



Explainable Error Forensics for Text-to-Table Tasks

Our rubric surfaces GPT-4o’s tightest alignment (27% row EM, 0.07% col EI) while pinpointing LLaMA’s
noisy extras and Gemini’s numeric-heavy collapses, turning latent row/column and cell-type faults into
actionable debugging insights.
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Try TabXEval Yourself!

https://coral-lab-asu.github.io/tabxeval/



Thank You


