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Introduction .
Contribution:

e |dentify key encoding factors that improve model robustness.
e Show that absolute positional encoding is essential for table processing.

e Propose efficient sparse attention masks, reducing computation while
Method: We systematically analyze table encoding techniques and introduce novel preserving structure.

sparse attention masks to enhance both generalization and efficiency.

Problem: Flattening tables breaks their structure, and their size exceeds
what transformers can encode due to quadratic complexity.
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Generalization Results on Synthetic Data ANOVA of all factors on synthetic data Differences structural encoding
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e Absolute encodings (TPE, E) improve performance, TxB 0.00 0.00 0.00 0.00 5 .
outperforming relative ones. TxE 0.00 0.00 0.00 0.00 R '
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Validating Structural Encoding Insights Results on WIKISQL dataset
- MO M1 M2 M3 M4* M5* M6*
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Results: T2 | 26.1 38.6 81.3 81.6 30.2 29.7 580 56.3 299 299 614 575 202 288
e Sparse masks improve generalization, with M1 EO T1|261 266 823 815 30.0 300 571 547
outperforming the baseline (MO). T TO | 22.7 231 79.6 76.8 298 295 36.5 344
.S < (M3 M5S. M6 . - T2 | 75.7 73.0 821 816 785 776 81.8 81.2 79.2 786 819 81.2 29.3 29.6
parser masks (M3, M5, M6) remain competitive, El T1|79.0 79.0 82.2 815 785 780 824 81.4
demonstrating the effectiveness of structured sparsity. TO | 29.8 28.8 792 783 772 780 710 66.2
e Absolute positionning (row/column indices provided by TPE T2 | 794 79.6 820 82.0 789 782 787 79.1 &80.1 80.0 79.0 785 80.5 80.4
or E1) is required for decoding performance E0O T1|795 796 819 824 793 788 792 79.5
s requiredTor &P '_ o R TO | 70.6 714 825 825 79.3 789 753 73.9
* Findings align with synthetic data experiments, reinforcing T2 | 79.4 79.3 822 823 786 780 798 79.4 80.5 805 79.7 79.3 80.4 79.8
the importance of structured encoding. E1 T1|79.6 79.7 819 81.3 79.0 785 79.1 79.9
TO | 77.4 775 82.6 82.6 792 791 772 76.8

An Efficient Sparse Attention Mask for Faster and improved performance
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Results:

e Efficient Sparse Mask: M3 enhances computational efficiency while preserving accuracy.

e Up to 50x Speedup: Achieves significant forward acceleration for long sequences (16,384
tokens).

e Scalable for Large Tables: Handles long table sequences efficiently, overcoming token limits.

e Tested on Real & Synthetic Data: Maintains strong performance across diverse datasets.

e Optimized with Flex & FlashAttention2: Leverages sparse matrix operations for faster execution.
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