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We project the learned structure (X;) to align with
the serialized textual tokens (X;;) for joint
reasoning:

X5c = MLP (Pooling(Xy X))

p(AIT) = | [ plalXee Xer aco)

fail to capture Permutation
Invariance—swapping rows
or columns shouldn't change
the table's meaning, but it
confuses text-based LLM:s.

1. Hypergraph-Enhanced Table Encoder: Unlike simple embedding, we use a hypergraph
structure where cells are nodes and rows/columns are hyperedges. This naturally enforces
permutation invariance (the graph structure remains the same regardless of input order).

2. Alignment Projector: A learnable MLP layer maps the table structure embeddings (X¢;)
into the LLM's semantic space.

3. LLM Integration: The model receives two inputs: the serialized textual tokens (X;;) for
semantic content, and the table structure embeddings (X,;) for global structural context.

Figure 1: Current tabular LLMs oversimpli-
fies tables into text sequences, ignoring struc-
tured information and hindering basic table
cell localization tasks. This work 1s the first to
direct table structure integration into LLMs.

Motivation and Contribution Experiments with Existing Methods

Robustnhess and Interpretability

* Diagnostic Benchmark: We propose StructQA, a benchmark * State-of-the-Art Performance: Evaluated on 5 benchmarks * Robustness to Permutation:
focusing on tabular structure understanding. As shown in the (StructQA, HiTab, WikiTQ, WikiSQL, FeTaQA). TAMO achieves an * Inreal-world tests (shuffling rows/cols), text-only LLMs show a
chart, leading LLMs fail to maintain robustness when table average relative gain of 42.65%. | massive performance drop. | o
rows/columns are permuted, * TAMO vs. Text-On!y: Significantly outperforms pure text baselines * TAMO maintains high accuracy and consistency, proving 1.t .truly
+ Core Philosophy: We argue for treating tables as a unique (¢.g., +80.06% on HiTab). understands the table structure rather than memorizing position.
. DY L , * TAMO vs. GPT-4: Surpasses GPT-4 on structure-heavy tasks like * Interpretability (Attention Map):
modality—akin to visual encoders—Dby injecting rich, StructQA and HiTab. * Visualizing attention weights reveals that TAMO focuses on the

permutation-invariant structural embeddings to transcend o
the inherent limitations of text serialization.

TAMO vs. Specialist SOTA: Achieves competitive results without
needing task-specific engineered architectures.

correct answer cells ("Canada") and relevant context, whereas
text-only models often get distracted by irrelevant tokens.

* The Solution: We introduce TAMO (T1able as a Modality), a
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in bold and the second best result is highlighted with an underline.
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