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Abstract

Evaluating the quality of tables generated by
large language models (LLMs) remains an open
challenge: existing metrics either flatten ta-
bles into text, ignoring structure, or rely on
fixed references that limit generalization. We
present TABREX, a reference-less, property-
driven framework for evaluating tabular gen-
eration via graph-based reasoning. TABREX
converts both source text and generated tables
into canonical knowledge graphs, aligns them
through an LLM-guided matching process, and
computes interpretable, rubric-aware scores
that quantify structural and factual fidelity. The
resulting metric provides controllable trade-
offs between sensitivity and specificity, yield-
ing human-aligned judgments and cell-level
error traces. To systematically assess metric
robustness, we introduce TABREX-BENCH, a
large-scale benchmark spanning six domains
and twelve planner-driven perturbation types
across three difficulty tiers. Empirical results
show that TABREX achieves the highest cor-
relation with expert rankings, remains stable
under harder perturbations, and enables fine-
grained model-vs-prompt analysis establishing
a new paradigm for trustworthy, explainable
evaluation of structured generation systems.

1 Introduction

Structured data underpins critical workflows across
domains such as finance, healthcare, scientific re-
porting, and logistics. Beyond spreadsheets and
relational tables, modern ecosystems rely on JSON
records, knowledge graphs, and visual dashboards.
These formats enable consistent reasoning and ag-
gregation, yet even a single misplaced column, unit
mismatch, or corrupted cell can propagate costly
downstream errors.

As large language models (LLMs) increasingly
generate or transform structured outputs e.g., con-
verting reports into financial tables, synthesizing
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Figure 1: Metric Movements Across Difficulty Lev-
els. Arrows show each metric’s shift from easy (blue)
to hard (red) perturbations. Axes plot specificity (y)
vs. sensitivity (x), with the green region denoting the
balanced ideal zone. The dashed diagonal marks the
optimal trade-off. TABREX stay near this zone, main-
taining right direction even for hard examples.

patient dashboards, or reformatting analytical data
the need for reliable automatic evaluation has be-
come a major bottleneck. Unlike free-form text,
structured generation demands assessment of not
just semantic fidelity but also schema alignment,
syntactic consistency, and cell-level correctness.

Most existing metrics, however, flatten ta-
bles into plain text. N-gram scores like
BLEU (Papineni et al., 2002) and ROUGE (Lin,
2004) ignore row-column structure and unit se-
mantics, while embedding-based metrics such
as BERTSCORE (Zhang* et al., 2020) and
BLEURT (Sellam et al., 2020) capture seman-
tics but miss structural perturbations. Token-level
methods like Exact Match or PARENT (Dhingra
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et al., 2019) cannot distinguish harmless reformat-
ting from genuine factual errors. Reference-less
QA metrics such as DATAQUESTEVAL (Rebuf-
fel et al., 2021) ground evaluation in source ev-
idence but over-penalize layout changes, and re-
cent TABEVAL (Ramu et al., 2024) and TABXE-
VAL (Pancholi et al., 2025) improve explainability
yet remain limited by small, single-pass bench-
marks and one-shot perturbation schemes.

We argue that next-generation evaluation must
be both property-driven and personalizable. Ef-
fective metrics should obey key properties-
permutation and format invariance, schema- and
unit-consistent alignment, monotonic improvement
as errors are fixed, and robustness to outliers
while allowing tunable trade-offs between sensi-
tivity (coverage) and specificity (hallucination con-
trol). Real-world domains differ in their error toler-
ance (e.g., precision in finance vs. recall in clinical
data), requiring metrics that are domain-agnostic
by design yet easily adaptable through interpretable
property weights.

To meet these needs, we propose TABREX, a
graph-based, explainable evaluation framework.
TABREX converts both reference text and gen-
erated tables into structured graphs via a hybrid
pipeline: a rule-based Table2Graph converter and
an LLM-assisted Text2Graph extractor-followed
by an LLM-guided Graph Alignment that identifies
factual correspondences and discrepancies. From
these alignments, a property-driven scoring func-
tion computes interpretable, rubric-aware penalties
capturing both structure and content quality, yield-
ing an explainable, reference-less score.

To stress-test metric reliability, we introduce
TABREX-BENCH, a large-scale benchmark cover-
ing six domains (finance, healthcare, hierarchical
tables, and narratives) and twelve planner-driven
perturbation types across three difficulty levels. Un-
like prior one-shot datasets, TABREX-BENCH sys-
tematically combines factual and structural edits
ranging from benign reformatting to severe seman-
tic corruption enabling robust sensitivity-specificity
analysis under realistic perturbation regimes.

In summary, our contributions are:

- TABREX: a reference-less, property-driven eval-
uation framework that aligns table—text graphs
and computes interpretable, rubric-aware scores.

- TABREX-BENCH: a large, systematically per-
turbed dataset enabling reproducible metric eval-
uation across domains and difficulty levels.

- Empirical results showing that TABREX
achieves strong human correlation and robust-
ness under harder perturbations.

- Rubric-wise analyses demonstrating that
TABREX provides explainable diagnostics at
both table and cell levels for model-prompt
alignment.

2 TABREX
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Figure 2: Tllustration of proposed TABREX. Both
source text and generated tables are converted into
knowledge graphs via Text2Graph and Table2Graph,
aligned through an LLM-guided Graph Alignment, fi-
nally scored by a Property-Driven Scoring function that
aggregates alignment statistics into interpretable, con-
trollable table- and cell-level penalties.

'!i

We propose TABREX, a unified evaluation
framework for tabular generation that converts both
candidate table and reference / source text into
knowledge graphs and scores them through a small
set of property-driven signals. This design yields a
metric that is reference-less, effective in detecting
true discrepancies, and explainable by construc-
tion, best illustrated in Figure 2

2.1 Pipeline Overview

Stage 1: Text2Graph and Table2Graph. To
enable uniform comparison, TABREX represents
both textual summaries and tables as knowledge-
graph triplets [s, p, o].

For text, we use an LLM guided by a strict
entity-centric grammar (Prompt C) to extract min-
imal atomic facts, where the subject is an entity
or time slice, the predicate a normalized prop-
erty, and the object a canonical value. This design
enforces consistent granularity, normalized predi-
cates, and unit-aware values across free-form text:
gs = {(Si,pi,Oi) ’ 1= 1,...,71}.

For tables, we apply a lightweight rule-based un-
rolling. Headers define predicates; each row speci-
fies a subject; every non-empty cell yields a triplet
(Srows Pheaders Ocell)- TO support diverse table for-
mats, we implemented both RuleHTMLConverter
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and RuleMDConverter, and in this work, we use
the latter. This deterministic approach is fast,
schema-aware, and requires no training.

By converting both modalities into a common,
interpretable triplet space, TABREX ensures struc-
tural clarity and prepares them for downstream
alignment and scoring.

Stage 2: Graph Alignment. In our reference-
less setup, we align the graph extracted from the
generated table, G, with that from the source text,
Gs, so the table can be judged directly against the
textual evidence.

Both graphs consist of factual triplets (s, p, o).
The alignment, guided by an LLM prompt
(Prompt D), maps triplets in Gr to their counter-
parts in Gg.

We adopt a two-step procedure: (i) a de-
terministic pass aligns triplets with identical or
schema-normalized subject—predicate pairs; (ii)
an LLM-assisted refinement aligns the remain-
der, resolving paraphrases, abbreviations, and com-
pound attributes (e.g., “GDP growth (YoY)" <
“growth_rate_2021").

Each matched pair is annotated with a difference
vector A recording unit-aware numeric gaps, cate-
gorical mismatches, and whether a fact is missing
in the table or extra relative to the source. The
resulting aligned set A exposes, at the row/colum-
n/cell level, the precise correspondences and dis-
crepancies required for property-driven scoring.

Stage 3: Property-Driven Scoring. The aligned
set A provides structured evidence of matches,
omissions, and numeric deviations between the ta-
ble graph G and the source text graph Gg. From
these alignments, TABREX derives interpretable
statistics counts of missing (MI), extra (EI), and
partially matched triplets aggregated over rows,
columns, and cells. These alignment-derived quan-
tities directly drive two complementary compo-
nents capturing structural and factual quality.

Ny Ne¢
EI EL
+ B (arﬁ: + ac Ncc)a

TablePenalty = Sy (ar ML 1« MIC)

where N, and N, denote the total numbers of rows
and columns in Gg, and M1/ EI count missing and
extra entities, respectively. The cell-level penalty
captures factual fidelity:

Mlcey Elcen
Neen + IBEIO[CQH Neen

r
+ ﬁpartialacellma

CellPenalty = Syrcen

where I is the sum of normalized numeric devia-
tions over partially aligned cells. The final score
combines both components:

Stasrex = TablePenalty + CellPenalty.

The weighting parameters («, 3) provide intuitive
control over the metric’s behavior: increasing St
favors sensitivity (rewarding comprehensive cov-
erage), while increasing Sgp favors specificity (pe-
nalizing hallucinated entries). Because all quan-
tities are derived directly from A, the score re-
mains reference-less, and fully explainable. All
the weight configurations and a walk through ex-
ample is illustrated in Appendix B.

2.2 TABREX-BENCH

Slight Data Differences

\Md—S\I“‘“O\s

Figure 3: Perturbation landscape across difficulty
and type. The radial stacked donut visualizes the dis-
tribution of perturbation types segmented by difficulty:
Easy (green), Medium (blue), and Hard (red). The top
and bottom semicircles correspond to data-altering and
data-preserving transformations, respectively.

TABREX-BENCH is a comprehensive bench-
mark for evaluating tabular metrics under both data-
preserving and data-altering perturbations. Unlike
prior resources such as TABXBENCH (Pancholi
et al., 2025), which includes only 50 reference ta-
bles with 5 perturbations each, TABREX-BENCH
spans six heterogeneous datasets FinQA (Chen
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- #of  #Pert . Avg  Avg  Avg Avg Avg

Dataset Tables /Table "5 Row Col Cell Tokens Num
FinQA 150 12 1950 0555 0247 1322 1195 3355
HiTabQA 150 12 1950 2008 0560 115.1 4348 1027
ToTTo 150 12 1950 2497 0549 1422 3613 69.63
OpenML med 10 12 120 0420 1158 47.94 2109 23.80
MIMIC-TV 100 12 1200 10.58 0394 40.84 1535 2629
RotoWire 150 12 1950 10.18 0586 59.50 146.5 1433
Total 710 9120

Table 1: Statistics of TABREX-BENCH: Datasets, per-
turbation counts, and average table and summary char-
acteristics.

et al., 2021), HiTabQA (Cheng et al., 2022),
ToTTo (Parikh et al., 2020), OpenML-med (Smith
et al., 1988; Centers for Medicare & Medicaid Ser-
vices, 2019), MIMIC-IV (Johnson et al., 2024), and
RotoWire (Wiseman et al., 2017) covering finance,
healthcare, hierarchical tables, and narrative-to-
table tasks. As summarized in Table 1, the bench-
mark comprises 710 source tables, each expanded
with 12 perturbations, yielding 9,120 perturbed in-
stances spanning compact clinical sheets to large
multi-column tables.

Figure 3 illustrates the perturbation composition.
We define two complementary perturbation groups:
Data-Preserving (Group 0) alters layout or pre-
sentation e.g., row or header reordering, unit con-
version, or paraphrasing without changing factual
content; Data-Altering (Group 1) introduces se-
mantic modifications such as adding or deleting
rows/columns, swapping numeric values, or inject-
ing noise and misspellings. Each group is further
stratified into three difficulty tiers (Easy, Medium,
Hard), supporting controlled analyses of metric
robustness as perturbation severity increases.

A key innovation over prior work is our
planner-driven perturbation generation. Rather
than issuing separate LLM calls for each edit,
TABREX-BENCH employs an LLM-based plan-
ner (Prompt B) that generates executable code to
produce all 12 perturbations across both groups
and difficulty levels in a single pass, yielding more
diverse and reproducible variants. Each perturbed
table is also paired with a concise, fact aligned
table-level summary (Prompt A) and stats for the
avg # token and Numerical data present are given
in Table 1, enabling the evaluation of reference-
less metrics assessing factual consistency between
tables and summaries an aspect not present in
TABXBENCH.

All perturbations and summaries were initially
generated through this planner-driven pipeline and
validated on 20% of the data, achieving inter-

annotator agreement of 87% for summaries and
91% for perturbations, ensuring correctness and
diversity. By combining broad domain coverage,
structured perturbation design, paired summaries,
and tiered difficulty, TABREX-BENCH enables rig-
orous evaluation of metric robustness, sensitivity,
and human alignment across both reference-based
and reference-less settings.

3 Experiments

To assess the efficacy of TABREX, we conduct
experiments using our synthetic benchmark
TABREX-BENCH. All results are reported with
GPT-5-nano (Team, 2025b), evaluating both
components of TABREX: Text2Graph and Graph
Alignment using proposed TABREX-BENCH
dataset.

Baselines. We compare TABREX against a
diverse set of automatic evaluation metrics grouped
by methodological design. Deterministic metrics:
Exact Match (EM), cCHRF, and ROUGE-L: com-
pute token- or character-level overlaps, offering
reproducible yet surface-biased comparisons.
Algorithmic metrics such as H-SCORE perform
structured alignment and rule-based matching
without relying on neural embeddings, offering
deterministic, training-free evaluation. Neural
metrics such as BERTSCORE and BLUERT
leverage contextual embeddings to capture seman-
tic similarity but may exhibit variability across
runs. Among recent LLM-based approaches, we
include P-SCORE (an LLM-judged quality metric
producing 0-10 scores) and TABEVAL, which
flattens tables via an LLM and measures entailment
using RoBERTa-MNLI. We also evaluate the
state-of-the-art TABXEVAL, a two-phase rubric-
based framework that first aligns tables structurally
(TabAlign) and then performs semantic and syn-
tactic comparison (TabCompare) for interpretable,
human-aligned evaluation. Finally, we benchmark
the reference-less QUESTEVAL, which generates
question—answer pairs from both the source
and the generated text or table, performs cross-
validation using two LLM calls, and computes F1
scores to measure factual and semantic consistency.

LLMs. We conduct all experiments
using  GPT-5-nano, Gemma-3  (4B/27B-
Instruct) (Team, 2025a), and InternVL3.5 (8B-
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Instruct/Thinking) (Wang et al., 2025). Unless
stated otherwise, we employ uniform decod-
ing settings across models, using their default
temperature, top-k, and top-p parameters. All
gpu-intensive experiments were conducted
on NVIDIA-2xH100s. The full prompts for
Text2Graph (Prompt C) and Graph Alignment
(Prompt D) are provided in Appendix D.

3.1 Correlation Analysis of Metrics Category.

Metric PS T TK T Tw T RBO 1 Cr ¢ it d
Non-LLM Based (w/ Ref)
EM 4588 39.38 39.51 4333 4749 5840
CHRF 41.76 3455 31.61 3939 49.26 01.64
ROUGE-L 31.18 26.69 22.56 37.65 5594 0197
BLUERT 44.66 37.64 36.09 39.57 48.09 00.77
BERTSCORE 3621 30.66 2796 38.11 53.25 00.92
H-SCORE 56.87 4797 51.73 41.11 40.02 00.99
LLM-Based (w/ Ref)
P-SCORE 49.24 40.00 37.43 40.73 4393 07.39
TABEVAL 49.01 39.22 3421 41.11 43.06 00.63
TABXEVAL 80.27 72.37 66.87 47.54 20.94 4533
(w/o Ref)
QUESTEvVAL 6293 5229 51.71 4270 35.04 03.03
TABREX 7451 64.24 62.28 44.85 27.01 13.59

Table 2: Correlation of automatic evaluation metrics
with human rankings across synthetic perturbation sets.
Higher values of Spearman’s rank correlation (pg),
Kendall’s tau (7x), weighted Kendall’s tau (7,,), and
Rank-Biased Overlap (RBO) indicate stronger mono-
tonic and positional agreement with human orderings
(1), while lower values of Spearman’s footrule dis-
tance ((r) and tie ratio (7;) denote better rank stability
and finer discriminative resolution (|.). The proposed
TABREX achieves the best overall consistency with hu-
man judgment.

Table 2 reports the correlation between auto-
matic evaluation metrics and human judgments
over the synthetic perturbation benchmark. Each
ground-truth (GT) table was paired with twelve
systematically perturbed variants six preserving
factual content (labels 0: [-easy, I-medium, I-
hard) and six introducing data alterations (labels
1: I-easy, I-medium, I-hard). Human annotators
ranked these variants by perceived semantic and
factual fidelity to the GT, providing a gold human
order for correlation analysis. Metrics are grouped
by family Non-LLM, LL.M-based, and reference-
less to examine their consistency and robustness
under controlled perturbations.

(a) Non-LLM metrics. such as EM, CHRF, and
ROUGE-L show limited alignment with human
judgment. Their Spearman’s (pg) and Kendall’s
(T7x) values remain low (pg < 0.45, 7 < 0.35),

indicating that rank orderings diverge substantially
from human perception. Sentence-level embed-
ding metrics (BLEURT, BERTSCORE) capture
partial semantic similarity but exhibit modest RBO
(=0.39) and high footrule distances ({r ~ 4553),
reflecting poor rank stability. Their near-zero tie
ratios (my < 2%) further suggest coarse differentia-
tion, failing to separate semantically close variants.

(b) LLM-based metrics. such as P-SCORE,
TABEVAL, and TABXEVAL show notably higher
agreement with human preferences (pg~0.490.80,
T ~ 0.390.72). Among them, TABXEVAL
achieves the strongest overall correlation (pg =
0.80, T =0.72), confirming that instruction-tuned
evaluators capture perturbation sensitivity effec-
tively. However, its elevated tie ratio (m; =45.3%)
and moderate rank dispersion ((r = 20.9) indicate
frequent scoring saturation, where distinct variants
receive identical judgments reducing discrimina-
tive precision even when global trends align.

(c¢) Reference-less metrics. Without access to
reference tables, QUESTEVAL maintains moder-
ate alignment (pg = 0.63, 7x = 0.52) by gener-
ating QA pairs from both the source and system
outputs, yet exhibits instability under data-altering
perturbations. In contrast, our metric achieves
the most balanced performance across all dimen-
sions Spearman’s pg =0.75, Kendall’s 7 = 0.64,
and weighted 7, = 0.62 while also maintaining
competitive RBO (44.9) and low rank dispersion
(Cp = 27.0). Its moderate tie ratio (m; = 13.6%)
indicates finer discriminative granularity, avoiding
overconfidence and reflecting human-perceived dif-
ficulty progression. Together, these findings high-
light that our method preserves ordinal consistency
across perturbation severity while generalizing ro-
bustly in the absence of reference data.

(d) Ensemble of Scores. We further bench-
marked ensemble baselines that aggregate com-
plementary metrics using either simple averag-
ing (Mean) or harmonic averaging (Harmonic).
These ensembles span three families: Lex-
Emb (EM, ROUGE-L, BERTSCORE, BLEURT,
CHRF), LLM (P-SCORE, H-SCORE), and Hy-
brid (TABXEVAL, QUESTEVAL). While the best-
performing ensemble, LLM (Harmonic), achieves
ps = 0.56 and 7 = 0.47, it still lags behind our
TABREX, which attains pg = 0.75 and 75 = 0.64
with lower rank dispersion. This highlights that
naive aggregation of diverse metrics cannot match

47019



Metric psT Tkt Tt RBOT (pl ml
Ensemble Baselines
Lex-Emb (M) 3843 32.65 30.17 3852 52.15 0049
Lex-Emb (H) 29.80 24.00 19.68 37.65 55.04 00.63
LLM (M) 4849 3921 3694 40.56 4438 0042
LLM (H) 56.00 46.93 50.64 40.95 40.63 00.42
Hybrid (M) 32.04 2494 2029 37.03 51.51 O01.13
Hybrid (H) 54.03 4271 32.61 4231 40.11 01.13
TABREX 7451 64.24 62.28 44.85 27.01 13.59

Table 3: Comparison of ensemble baselines with the pro-
posed TABREX. Ensembles combine metric families:
Lex-Emb (lexical + embedding), LLM (LLM-based),
and Hybrid (reference + reference-less) using either
simple Mean (M) or Harmonic (H) aggregation. All en-
semble variants fall short of TABREX, which achieves
the highest correlation with human rankings and better
rank stability.

the targeted, reference-less reasoning of TABREX,
which better aligns with human judgment across
perturbation severities.

3.2 Can TABREX Generalize Across
Perturbation Regimes?

A robust evaluation metric must remain reliable not
only in standard (easy) settings but also under hard
perturbations tables with subtle misalignments, se-
mantic shifts, or fine-grained numeric errors. Us-
ing our proposed TABREX-BENCH, we sample
both easy and hard cases across data-preserving
and data-changing perturbations to compute true-
positive and true-negative rates (sensitivity and
specificity). Figure 1 plots each metric’s trajec-
tfory on the specificity—sensitivity plane as difficulty
increases, revealing whether it remains stable or
degrades under stress.

Embedding-Driven Metrics. Many popular met-
rics (e.g., BERTSCORE, BLUERT, TABEVAL)
rely on neural embeddings rather than surface-level
string matching. For example, TABEVAL first un-
rolls tables into natural-language atomic statements
using an LLM, then applies RoOBERTa-MNLI (Liu
et al., 2019) to score entailment between candidate
and reference statements. Such embedding-based
approaches capture deeper semantics, yet as Fig-
ure 1 shows, they still exhibit large drops in sensi-
tivity or specificity under harder perturbations.

Stability vs. Fragility. Metrics with only short
arrow movements from easy to hard cases (e.g.,
TABXEVAL, TABREX) demonstrate stable trade-
offs and thus robust generalization. Interestingly,
even though TABXEVAL sits in the ideal zone, its

trajectory drifts slightly away from the optimal
direction as difficulty rises. By contrast, metrics
such as EM, H-SCORE, and even the LLM-based
P-SCORE experience sharp drops in sensitivity,
revealing an over-reliance on surface-level cues-
showing that an LLLM backbone alone does not
guarantee proper alignment.

Reference-less Metrics. Both QUESTEVAL and
our proposed TABREX evaluate tables without ex-
plicit references, instead judging how well a candi-
date table supports automatically generated ques-
tions. QUESTEVAL employs an LLM for question
generation and a QA module to assess semantic
fidelity, but its reliance on generic QA signals of-
ten penalizes harmless re-orderings or formatting
changes. In contrast, TABREX tailors question
generation to tabular structure and integrates ex-
plicit reasoning over extracted facts, enabling it to
better separate meaningful discrepancies from su-
perficial variations. As shown in Figure 1, this spe-
cialization helps TABREX stay closer to the ideal
zone even under tougher perturbations, reflecting
stronger alignment with human judgment.

Towards Trustworthy Evaluation. These re-
sults highlight the importance of balanced,
difficulty-robust metrics for downstream evalua-
tion. As generative table models encounter noisier,
real-world data, reliable metrics must reward gen-
uine comprehension rather than superficial matches.
The ability of TABREX to remain in the green
“ideal zone” across difficulty levels-despite being
reference-less underscores its suitability for high-
stakes domains such as scientific reporting and
financial auditing, where both false alarms and
missed discrepancies can be costly.

3.3 Evaluation on Text-to-Table Task

To assess robustness of our method in realis-
tic reference-less settings, we evaluate its perfor-
mance on text-to-table generation across diverse
domains including finance, healthcare, and sports.
Generated tables are produced by strong open
and proprietary LLMs (Gemma-3-(4/27B), and
InternVL-3.5-thinking (on/off)). Humans
ranking generated tables across models and prompt-
ing strategies (zero-shot, CoT, Map&Make).
Expert annotators ranked the model outputs
along three axes structural correctness, factual fi-
delity, and semantic coverage. We then measured
how well automatic metrics correlate with these hu-
man rankings (detailed in Appendix A) using Spear-
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man’s pg, Kendall’s 7, and rank-biased overlap
(RBO).

Table 4: Correlation of automatic metrics with hu-
man rankings on real-world text-to-table generation.
TABREX achieves the highest alignment across all cor-
relation metrics.

Metric ps T 7« T RBO7T
EM —0.01 0.01 0.33
ROUGE-L 0.33 0.25 0.29
BERTScore 0.26 0.19 0.38
BLEURT 0.29 0.20 0.39
CHRF 0.25 0.19 0.36
QuestEval (ref-less) 0.28 0.20 0.39
TabEval (ref-based) 0.25 0.19 0.36
TabXEval (ref-based) 0.24 0.17 0.37
TABREX (ref-less) 0.39 0.30 041

Observations. Surface- and embedding-based
metrics (e.g., ROUGE-L, BERTScore, BLEURT)
exhibit weak correlation with human preferences,
primarily due to their sensitivity to lexical and for-
matting variation. QuestEval performs better but
remains brittle to domain-specific structure shifts
such as nested headers or missing subtables. In
contrast, TABREX achieves the strongest correla-
tions across all measures Spearman’s p = 0.39,
Kendall’s 7, = 0.30, and RBO=0.41 demonstrat-
ing superior alignment with expert judgments. Its
graph-based reasoning captures factual and struc-
tural consistency more effectively, validating its re-
liability as a reference-less evaluator for real-world
table generation systems.

3.4 Rubric-wise Model-Prompt Alignment

TABREX rubric-aware scoring enables coarse
to fine-grained comparison across models (e.g.,
Gemma 8B vs. 27B, InternVL-Thinking On
vs. Off) and prompting strategies (Zero-Shot,
Chain-of-Thought, Map&Make (Ahuja et al.,
2025)), measured at both cell-level and table-level
granularity (Figure 4).

Cell-level alignment (top row). Larger models
(e.g., Gemma 27B) show clear gains in local fi-
delity especially for numeric and structural rubrics
but only modest improvement in semantic consis-
tency. Reasoning-oriented (“Thinking”) variants
improve precision on numeric and structural dimen-
sions yet often underperform on partial or contex-
tual agreement, suggesting over-cautious reasoning
can reduce semantic coverage. Chain-of-Thought
prompting enhances numeric correctness but some-
times amplifies inconsistency, while Map&Make

maintains more balanced yet slightly conservative
performance.

Table-level alignment (bottom row). At a
global scale, model size yields diminishing returns:
Gemma 27B’s advantage narrows, and “Thinking”
variants do not consistently outperform standard
modes. Zero-shot improves row-column coherence
but increases rubric variance. Map&Make achieves
steadier rubric alignment, indicating stronger inte-
gration of local reasoning into structural organiza-
tion.

Insights. Overall, three trends emerge: (1) larger
models enhance fine-grained (cell-level) fidelity
but not global coherence; (2) “Thinking” reasoning
improves precision but limits coverage, favoring
accuracy over breadth; and (3) prompt design par-
ticularly Map&Make contributes as much as model
scale to balanced rubric alignment.

These results illustrate how a referenceless, ex-
plainable evaluation metric can reveal the strengths
and weaknesses of models and prompting strate-
gies across hierarchical levels. Such rubric-aware
scorers enable targeted analysis and can support
verifiable reward modeling (Shao et al., 2024) for
improved alignment.

4 Comparison with Related Work

From Text-to-Table to Structural Benchmarks.
Early text-to-table datasets such as ROTOWIRE
for basketball summaries (Wiseman et al., 2017),
E2E for restaurant descriptions (Novikova et al.,
2017), WIKIBIO for infobox biographies (Lebret
et al., 2016), and WIKITABLETEXT (Pasupat and
Liang, 2015) provided important initial testbeds
but offered limited schema diversity and often en-
couraged hallucinated or under-structured outputs.
Recent resources, including STRUCTBENCH (Gu
et al., 2025) and TANQ (Akhtar et al., 2025), in-
troduced challenging phenomena such as header
permutations, schema reshuffling, and multi-hop
reasoning. These benchmarks exposed fundamen-
tal weaknesses in both generation models and eval-
uation metrics, motivating the need for metrics that
go beyond surface overlap and can reason about
structural and semantic fidelity.

Metric Families: From Overlap to Explain-
ability. Conventional reference-based metrics:
BLEU (Papineni et al., 2002), ROUGE-L (Lin,
2004), METEOR (Banerjee and Lavie, 2005),
chrF (Popovié, 2015), and even embedding-based
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Figure 4: Rubric-wise alignment across models and prompting strategies. Top row: cell-level agreement within
model across prompts. Bottom row: table-level agreement. Model size and reasoning style influence local precision
more than structural coherence, while prompt strategy (like Map&Make (Ahuja et al., 2025)) drives balanced

alignment across rubric dimensions.

BERTSCORE (Zhang* et al., 2020) treat tables as
flat text, often ignoring header alignment, units, or
cell hierarchy. PARENT (Dhingra et al., 2019)
partly grounds evaluation in the input source but
still struggles with schema-level changes. Al-
gorithmic and LL.M-assisted metrics such as H-
SCORE and P-SCORE (Tang et al., 2024) move to-
ward structural sensitivity but differ in design: the
former computes heuristic, rule-based structural
and content similarity, while the latter leverages
LLM judgments; both offer limited interpretability.
TABEVAL (Ramu et al., 2024) improves semantic
coverage by decomposing tables into atomic state-
ments and applying textual entailment, yet incurs
NLI overheads and often over-penalizes harmless
layout differences. The recent TABXEVAL (Pan-
choli et al., 2025) represents a step-change: its
two-phase design TabAlign for structural alignment
and TabCompare for semantic/syntactic checks de-
livers interpretable cell-level diagnostics and con-
sistently balances sensitivity and specificity, achiev-
ing strong human correlation and placing it in the
“Goldilocks” zone for robust evaluation.

Reference-less Evaluation and Remaining
Gaps. Metrics such as QUESTEVAL and Data-
QUESTEVAL (Rebuffel et al., 2021) demonstrate
that reference-less evaluation is viable by generat-
ing and answering questions over the source data,

showing strong alignment with humans in data-
to-text tasks. However, their reliance on generic
QA signals often misses table-specific structural
errors, unit inconsistencies, or localized discrep-
ancies. Despite advances from overlap-based to
LLM-driven and rubric-based methods, most ex-
isting approaches still emphasize either semantics
or structure and condense diverse errors into a sin-
gle opaque score, limiting error traceability and
robustness under realistic perturbations.

5 Conclusion and Future Work

We introduced TABREX, a property-driven,
reference-less framework for evaluating tabular
generation through graph-based reasoning and in-
terpretable, rubric-aware scoring. By unifying
structured alignment, factual comparison, and sen-
sitivity—specificity control within a single pipeline,
TABREX delivers consistent, human-aligned judg-
ments that remain robust under domain shifts and
perturbation difficulty. Our accompanying bench-
mark, TABREX-BENCH, establishes a new stan-
dard for systematic stress testing of table metrics
across six diverse domains and twelve controlled
perturbation types.

Experiments demonstrate that TABREX not only
correlates most strongly with human evaluations
but also provides fine-grained, explainable diag-
nostics at both cell and table levels enabling ac-
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tionable analysis of model and prompt behaviors.
Beyond outperforming reference-based and LLM-
judge baselines, it shows that reliable table eval-
uation is possible without explicit references by
reasoning over grounded factual graphs.

Future work will focus on extending TABREX
to richer structural formats such as hierarchical or
multi-modal tables, and on distilling its LLM com-
ponents into lightweight, domain-adaptive eval-
vators for scalable deployment. We envision
TABREX as a foundation for trustworthy, inter-
pretable evaluation in structured generation sup-
porting better model selection, alignment, and re-
ward learning across real-world applications.

6 Limitations

While TABREX achieves robust and interpretable
evaluation, it has a few limitations. It relies on large
language models for fact extraction and alignment,
which adds computational cost and mild variability
due to model stochasticity. The current implemen-
tation supports only structured digital tables (e.g.,
HTML, Markdown) and cannot yet handle tables
embedded in images or PDFs requiring OCR or
visual parsing. Finally, although TABREX-BENCH
spans six diverse domains, it remains limited to
English and synthetic perturbations, leaving real-
world noise, multilingual data, and complex layouts
for future exploration.

7 Ethics Statement

The authors affirm that this work adheres to the
highest ethical standards in research and publi-
cation. Ethical considerations have been meticu-
lously addressed to ensure responsible conduct and
the fair application of computational linguistics
methodologies. Our findings are aligned with ex-
perimental data, and while some degree of stochas-
ticity is inherent in black-box Large Language
Models (LLMs), we mitigate this variability by
maintaining fixed parameters such as temperature,
topp, and topy,. Furthermore, our use of LLMs, in-
cluding GPT-5-nano, Gemma, and InternVL, com-
plies with their respective usage policies. To refine
the clarity and grammatical accuracy of the text, Al
based tools such as Grammarly and ChatGPT were
employed. Additionally, human annotators who are
also among the authors actively contributed to data
labeling and verification, ensuring high-quality an-
notations. To the best of our knowledge, this study
introduces no additional ethical risks.

Maintenance and Adoption Plan

To support long-term use and community adop-
tion, we release all artifacts under permissive terms
and commit to active maintenance. The TABREX
reference implementation (including Text2Graph,
Graph Alignment, and Property-Driven Scor-
ing) is open-sourced at https://github.com/
CoRAL-ASU/TabReX under the MIT License, and
TABREX-BENCH is hosted on the Hugging Face
Hub with versioned revisions so that published
numbers remain reproducible even as the dataset
SrOws.

Ongoing maintenance is coordinated by Junha
Park (jpark284@asu.edu) as the primary point
of contact, with bug reports, feature requests,
and new-domain contributions handled through
GitHub Issues and Pull Requests. We will pub-
lish tagged releases for breaking changes and
track upstream LLM judge deprecations (e.g.,
swapping gpt-5-nano for successor models) so
that TABREX continues to function as provider
APIs evolve. Contributions of additional evalua-
tion domains, perturbation types, and alternative
judge back-ends (including the embedding-based
matcher described in Appendix C) are explicitly
welcomed via the contribution guidelines in the
repository.
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Appendix
A Human Evaluation Protocol

Human annotators were instructed to evaluate the
similarity of generated tables to the gold (ground-
truth) tables whenever available or against source
text following a consistent rubric. Each annotation
batch contained one gold table and five generated
candidates. Annotators ranked candidates from 1
(best) to 5/12 (depending on task) (worst) based on
their structural and contextual fidelity to the gold
table.

Structural Factors. Annotators prioritized struc-
tural integrity in the following order: (1) Column
Missing - tables omitting columns were penalized
most heavily; (2) Column Extra - extra columns
ranked lower in case of ties; (3) Row Missing and
(4) Row Extra - missing or spurious rows reduced
rank; (5) Cell Missing and (6) Cell Extra - missing
or redundant cells influenced ranking proportion-
ally; (7) Partial Mismatching Severity - deviations
in value accuracy or format were also considered.

Contextual Factors. Within equal structural
quality, contextual accuracy guided ranking: (1)
string-value mismatches, (2) numeric, boolean, or
date-time inaccuracies, (3) inconsistencies in list-
type entries, and (4) deviations in other less com-
mon data types.

Tie-Breaking. In case of ties, rankings were de-
termined by the number of affected cells within
rows and columns. Column headers with seman-
tically incorrect or mismatched meanings were
treated as “wrong columns” and penalized equiva-
lently to missing columns.

This rubric ensured consistent and interpretable
human rankings aligned with the metric’s property-
driven principles.

B Walk-Through Example of TABREX

For full details of the formalism, please refer to
the main paper. Here we provide only the default
hyperparameters and a worked example to show
how the score is computed in the reference-less
setting.

Symbol Meaning Value
Bt Weight for Missing Information (MI) 1.0
155001 Weight for Extra Information (EI) 0.9
Bpartiat ~ Weight for partially correct cell values 0.8
a Row-level (subject) structural weight 0.9
Qg Column-level (predicate) structural weight 1.0
Qigell Cell-level (object) structural weight 0.8
Wp Scaling factor for partial deviation 0.9

Table 5: Default TABREX hyperparameters.

Hyperparameters.

Setup. Let Gg be the source-text evidence graph
and Gr the generated-table graph. All counts below
are measured relative to Gg. Assume

N, =5,

NC = 47 Ncell = 207
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with discrepancies:

MI, = 17 El. = 17 Mlcen = 27 Eleen = 17

and two partially aligned cells with normalized
deviations 0.2 and 0.5.

Step 1: Table-level penalty.
TablePenalty = Syira, hﬁ” + Bmroe %ICC
+ Beray R + Brroety
=1.0(0.9%) + 0.9(1.0%)
= 0.18 + 0.225 = 0.405.

Step 2: Cell-level penalty. Partial-match devia-
tions:

M =wp-0.2=018, 75 =w,-0.5=0.45,

Z,- v = 0.63.

Mlcell

CellPenalty = Byicicen L Elcen

+ /BEIacell Neoll

+ ﬁpartialacellﬁ Zz Vi
2 1
=1.0x0.8x 55 + 0.9%0.8x 55
+0.8x0.8x %3
= 0.08 + 0.036 4+ 0.0202 = 0.1362.

Step 3: Final score.

Stasrex = TablePenalty + CellPenalty
=0.405 + 0.1362 = 0.5412.

Interpretation. The example shows that both
structural discrepancies (missing rows, extra
columns) and factual deviations (partially mis-
matched cell values) jointly contribute to the final
reference-less TABREX score.

C Validation of LLM-based KG
Extraction

A natural concern with TABREX is that the
summary-KG extractor is itself an LLM: if the
extractor is unreliable, every downstream score in-
herits that noise. We address this concern with an
empirical study on a 30-sample stratified valida-
tion set (6 domains x 5 summaries per domain,
sampled uniformly at random).

Gold KG Construction. Human annotators man-
ually authored the gold KG for each of the 30
summaries, producing 364 triples in total (mean
12.1, range 623). Triples follow a (subject,
predicate, object) schema.

Extraction Quality. We compare three extrac-
tors against the gold KG: (i) gpt-5-nano, (ii)
Qwen3.5-27B, and (iii) Gemma-4-26B. We report
micro-averaged triple P/R/F1 under four matchers
of increasing tolerance:

* Exact - normalized string equality on all three
positions.

* Cross - token-bag Jaccard > 0.6 allowing com-
ponents to slide across subject/predicate/object
positions.

* Embed - whole-triple cosine on "s | p | 0" us-
ing BAAI/bge-base-en-v1.5 (L2-normalized),
with greedy 1-to-1 matching at threshold 0.85.
This matcher is LLM-free and therefore indepen-
dent of any judge model.

* Semantic - LLM-judge alignment using the same
Graph Alignment prompt (Prompt D) employed
by TABREX.

Model Exact F1 Cross F1 Embed F1 Semantic F1
gpt-5-nano 0.262 0.450 0.854 0.914
Qwen3.5-27B 0.242 0.450 0.903 0.869
Gemma-4-26B-A4B 0.261 0.361 0.810 0.840

Table 6: Triple-level P/R/F1 of three LLM extractors
against the gold KG under four matchers of increasing
tolerance.

Exact and cross F1 are low because the extrac-
tors paraphrase entities and predicates freely (e.g.
“has_value” vs. “recorded_value”; “Q2 2023” vs.
“second quarter of 2023”)-exactly the kind of vari-
ation TABREX’s alignment stage is designed to
absorb. Under the two paraphrase-tolerant match-
ers, all three extractors recover 0.810.91 F1, and
the two matchers agree within 0.06 F1 on every
model despite being built on independent signals
(LLM judgment vs. dense embeddings). This cross-
check rules out the circularity risk that a single
LLM judge might over-credit its own family’s para-
phrases.

Does Extractor Choice Move the Final TABREX
Score? This is the bottom-line check. For each
of the 30 samples we run the full TABREX pipeline
four times, varying only the summary-KG source:
gold KG, gpt-5-nano KG, Qwen3.5-27B KG, and
Gemma-4-26B KG. The table graph and scoring
rule are fixed; alignments are cached by a hash of
(judge, summary-KG, table-KG).

Mean TABREX scores differ from gold
by less than 1% (gold 39.71; extractors
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Prompt A: Table Summary Generation

# System Prompt

You are a neutral data narrator for arbitrary domains. Write a cohesive, flowing paragraph (4-7 sentences) describing the
< information in a markdown table. Do not ask for additional data or refuse; never mention the table itself or
< formatting. Avoid lists, bullets, colons, or name:value patterns; use full sentences and connect ideas. Summarize
< salient figures, ranges, extremes, comparisons, and notable trends. Light interpretation is allowed if consistent
< with the numbers.Do not mention the table or its structure. Plain text only.

# User Prompt
f"Markdown Table: {markdown_table}"

Model Entity Coverage Faithfulness
gpt-5-nano 0.794 0.884
Qwen3.5-27B 0.866 0.892
Gemma-4-26B 0.808 0.922

Table 7: Auxiliary per-sample metrics (macro-averaged
over 30 samples). Entity coverage is the fraction of
unique gold subjects whose tokens are recovered (by
> 80% token overlap) in the extractor’s subjects or
predicates. Faithfulness is the fraction of extracted-
triple objects whose numeric values (or all non-trivial
tokens) also appear in the source summary, measuring
whether the extractor hallucinates values not grounded
in the input.

LLM-extracted KG Spearman p Kendall 7 p-value (p)

gpt-5-nano +0.822 +0.689  2.5x 1078
Qwen3.5-27B +0.711 +0.571  1.1x107°
Gemma-4-26B +0.830 +0.666 1.4 x 1078

Table 8: Rank correlation between TABREX scores
computed with the gold summary KG and with each
LLM-extracted summary KG across the 30 validation
samples.

39.43/40.04/39.98). Rank correlations are strong
and highly significant for all three extractors, in-
cluding two open-weight models from different
families. The final TABREX score is therefore sta-
ble under extractor choice-the LLM extractor is
a well-controlled component rather than a metric
threat.

D Prompt Templates
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Prompt B: Perturbation Planning

# Allowed Types by Group (overview mapping)

T Tpython
group_to_types = {
"Q": ["header_shuffle”, "reorder_columns”, "reorder_rows"”, "columns_to_rename"”, "rows_to_rename"”, "data_type_change"”, "
< unit_conversion”, "paraphrased_cell_values”,],
"1": ["columns_to_delete”, "rows_to_delete”, "add_columns”, "add_rows”, "column_disintegration”, "columns_merge"”, "
< structure_change"”, "slight_data_differences"”, "precision_change"”, "misspellings”, "data_swap"”, "add_symbols”, "

< remove_symbols"],
3
# System Prompt
You are an expert Python programmer. Generate two outputs - a Python function and a JSON array - separated by a marker. Core
< goal is to produce perturbed tables under two philosophies:

*xGroup @ ("Semantically Identical”)*x - alter presentation without changing facts.

Allowed: “reorder_rows™, “header_shuffle”, “paraphrased_cell_values™, “data_type_change™, “unit_conversion®. Do not add/
< delete rows or columns.

Difficulty levels: [easy --> one simple change, medium --> two combined changes, hard --> three or more complex changes]

**Unit Conversion Rules*x*

- Convert only when the unit is in cell text (e.g., ~~12 km --> 7.456 mi").
- Update headers and recompute totals if affected.

- Ensure |v - fA{-1}(v')| <= max(le-6, 0.001x|v]|).

*xParaphrase & Format Rulesx*

- Preserve meaning, entities, and tokens.

- Format/rounding variation <= 0.1%.

- Totals/percentages must stay numerically identical.

*xGroup 1 ("Semantically Different”)*x - break meaning and falsify facts. Combine weak perturbations (“misspellings™, °
< precision_change™) only with strong ones (“data_swap™, “delete_rows™, etc.).

**Quantified Impactx*

- “slight_data_differences™: +5-10% (easy), +20-50% (hard).
- “data_swap”: swap entire columns.

- “add_rows™ / “delete_rows™: modify >= 20% of rows.

- “delete_columns™: remove key or total column.

## Output Specification

Your output must follow this structure exactly:

1. Python block defining ~apply_perturbations()" (closed by 7).
2. Separator line: ~---JSON---"

3. Raw JSON array (no markdown fences).

### Python Section

Define:

T T python

def apply_perturbations():

It must return a list of dicts with: “{'perturbed_table': <markdown>, 'metadata': <object>}"
**Metadata fields:*x “slot_id™, “group™, “difficulty”, “selected_types™, “applied_order-.
Use helpers only:

“create_markdown_table®, “safe_float™, “add_noise™, “safe_round™, ~parse_markdown_table".

Always use ~parse_markdown_table(markdown_text)™ - never manual "~ |" splitting. Preserve empty headers and columns. Check for
<~ “None™ after “safe_float™ before math.

**x0peration order:*x

1. Structural --> 2. Layout --> 3. Naming --> 4. Content/format

Avoid conflicts: Don't apply ~add_symbols™ + “remove_symbols™ in one slot. Don't rename then delete the same column. Perform
< merges before renames.

**Result Examplexx
* T python
results.append({
"perturbed_table"”: create_markdown_table(headers, data_rows),
"metadata”: {"slot_id"”: slot_id, "group”: group, "difficulty”: difficulty, "selected_types”: selected_types, "applied_order
< ": applied_order}
»

# User Prompt (generation-time wrapper)
Here is the markdown table and the “{len(plan_slots)}" plan slots to implement. Return a list of dicts, each with ~
< perturbed_table™ and “metadata“.

** “markdown
{markdown_table}
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Prompt C: Text2Graph

# System Prompt
You are a precise data structuring agent. Convert information from any source (text or table) into a standardized knowledge
< graph of [subject, property, value] triplets.

--- THE GOLDEN RULE: STANDARDIZED GRAMMAR ---
Follow this strict grammar for every triplet.

1. The subject is the PRIMARY ENTITY:
- Choose the main entity the fact is about (e.g., "aboriginal population”, "non-aboriginal population”)
- ENTITY-CENTRIC MODELING: Prefer specific entities (years, items, categories) over general ones.
- GOOD: "2020", "product_a", "category_x"
- AVOID: "company_data”, "financial_info”
- For time-based data: use the time period as the subject (e.g., "2020", "q1_2021", "january").
- For categorical data: use the category as the subject (e.g., "electronics”, "clothing”, "services")

2. The predicate is a NORMALIZED PROPERTY KEY:

- Combine the core concept and its condition using underscores: concept_condition.

- Use lowercase throughout.

- Maintain consistent patterns for similar concepts (e.g., "revenue_2020", "revenue_2021").

- Do not add prefixes like "total_", "combined_", "gross_".

- Examples:
- Core: "participation rate”, Condition: "married or common-law” --> “participation_rate_married_or_common_law"
- Core: "employment rate difference”, Condition: "single or previously married” --> ~
< employment_rate_difference_single_or_previously_married”

3. The object is the CLEAN VALUE:
- Use the most atomic data point (e.g., "81.9%", "7.0 percentage points").
- Preserve units and formatting.
- Use "-" if missing.

--- EXAMPLE OF APPLYING THE GRAMMAR ---

Source: "For the non-aboriginal population, the unemployment rate for those who are single or previously married was 8.2%."
Step 1: Subject --> "non-aboriginal population”

Step 2: Predicate --> “unemployment_rate_single_or_previously_married”

Step 3: Object --> "8.2%"

Final Triplet--> ["non-aboriginal population”, "unemployment_rate_single_or_previously_married”, "8.2%"]

--— ENTITY-CENTRIC MODELING EXAMPLES ---

GOOD (time-based):
["2020", "debt_amount”, "100000"]
["2021", "debt_amount”, "120000"]

BAD (concept-centric):
["debt_data”, "amount_2020", "100000"]

GOOD (category-based):
["electronics”, "sales_volume”, "50000"]
["clothing”, "sales_volume”, "30000"]

BAD (concept-centric):
["product_sales”, "electronics_volume”, "50000"]
["product_sales”, "clothing_volume", "30000"]

--- STRICT FORMAT CHECKLIST ---
Output ONLY JSON arrays of [subject, predicate, object].
- Each triplet must have exactly 3 elements.
- Do NOT paraphrase, re-case, or stem subjects/predicates - copy labels verbatim from the source.
- Preserve punctuation, spaces, and capitalization.
- Use "-" for unknown values.
- Do NOT invent or omit data.
- Examples:
- GOOD: ["2014", "copenhagen_shipment_volume”, "448.6 million"]
- BAD: ["2014", "copenhagen_shipment_volume"]
- BAD: {"subject”: "2014", "predicate”: "...", "object”: "..."} (wrong format)

# User Prompt
Follow the standardized grammar from the System Prompt to convert the given input into triplets.

CRITICAL REMINDERS:

1. Use ENTITY-CENTRIC modeling make specific years, categories, or items the subjects.
2. For time-based data: use years or periods (e.g., "2020", "q1.2021").

3. For categorical data: use categories (e.g., "electronics”, "clothing").

4. Avoid using one central subject for all facts.

5. Use consistent, minimal predicates (e.g., "amount”, "value"”, "count”).

6. Use "-" for missing data.

Task Input:

Input Summary:

{summary}
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Prompt D: Graph Alignment

# System Prompt
You are a structured reasoning engine comparing two knowledge graphs: **T1 (summary_graph)x* and x*T2 (table_graph)xx.
Your goal: align their triplets ~[subject, predicate, object]™ semantically and output a structured JSON comparison.

### ALIGNMENT PRINCIPLES

Content-first alignment - never by position.

Example: match ~“Product Alpha" <--> “~“Product Alpha" even if order differs.
- Match facts based on meaning (subject/predicate semantics).

- Report unmatched ones as Missing (MI) or Extra (EI)

### OUTPUT STRUCTURE
Each aligned pair becomes:
T json

"aligned_triplet”: ["subject1/subject2”, "predicatel/predicate2”, "objectl1/object2"],

"object_metadata”: {"datatype”: "...", "entitytype”: "...", "unit”: "...", "difference”: "...", "missing_extra_info": "..."}
—
Rules:
- Copy strings verbatim from source (no rephrasing, re-casing, or normalization).
- Always include “/° in each component (use “- for missing).
- Allow cross-component semantic matches (e.g., ~72014" <--> ~“shipment_volume_2014").

- Each source triplet is used once.

### OBJECT METADATA

Compute difference and add context:

- If numeric with scale units (thousand/million/billion) --> convert and return absolute numeric difference.
- ""448.6 million"" vs ~"449 million"" --> ~"difference”: "400000""

- If non-numeric or missing --> ~"difference": "-""

- Mark “"missing_extra_info”" as “"MI"" or “"EI"® when one side absent.

Range Handling: Single vs range --> min distance. Overlapping ranges --> ~"difference”: "@"".

#i## OUTPUT RULES

- Output ONLY JSON matching “FinalComparisonResult-.

- Every “aligned_triplet” has exactly three entries (each with one “/7).
- “difference” is numeric-only (no text, commas, or units).

- Use ~"-"" for truly unmatched components.

### Example

Input:

T json

T1: [["2014", "copenhagen_shipment_volume”, "448.6 million"]]

T2: [["copenhagen"”, "shipment_volume_2014", "449 million"], ["copenhagen”, "average_growth_rate”, "6.96%"]1]

Output:
T json

"aligned_facts”: [

"aligned_triplet”: ["2014/copenhagen”, "copenhagen_shipment_volume/shipment_volume_2014", "448.6 million/449 million"],

< "object_metadata”: {"difference”: "400000", "missing_extra_info": "None"}

3,

{
"aligned_triplet”: ["copenhagen/copenhagen”, "-/average_growth_rate”, "-/6.96%"], "object_metadata”: {"difference”: "-",
— "missing_extra_info": "EI"}

3

# User Prompt

Apply the alignment process above to the following graphs:
Input Graph T1 (summary_graph):

T json

{json.dumps(summary_graph, indent=2)}
Input Graph T2 (table_graph):

T json

{json.dumps(table_graph, indent=2)}
Unit Hints (optional):

TTTjson

{_unit_hints_json}

Use hints only for internal numeric scaling (e.g., "thousand” --> %1,000). Do not modify string outputs.
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