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The Synthetic Dataset Odyssey

High-quality datasets were too beautiful. 

The model needed hard negatives “like images with intentionally empty label files” to teach the
model the concept of pure background
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The Synthetic Dataset Odyssey

Dataset Automation Engine

Part 1



The Synthetic Dataset Odyssey

Dataset Automation Engine

Part 2
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Table Detection

Core Philosophy: Robustness Over Sanitized Metrics

The primary objective was to build a production-ready table detector, not a leaderboard-
overfitter. 

Training solely on sanitized, easy datasets (PubTables/FinTabNet) yielded an artificially
high AP > 0.93, but this model acted as a "yes-man" hallucinating bounding boxes on
flowcharts and multi-column text due to the complete absence of hard negatives.



Core Philosophy: Robustness Over Sanitized Metrics

The fix was to inject the noisy, complex Phase 3 dataset (422 images) directly into the
training and validation splits. 
This dropped AP to ~0.89, but fundamentally shifted the model from a naive bounding-box
regressor into a highly discriminative system capable of rejecting false positive grids
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Table Detection

Data Engineering: Global Mixing & Weighted Sampling

Sequential training (Dataset A → B → C) was actively avoided. Neural networks suffer
from catastrophic forgetting; fine-tuning a converged model exclusively on 422 noisy
images would overwrite foundational knowledge.



Table Detection

Data Engineering: Global Mixing & Weighted Sampling

Global Mixing: Merged massive clean datasets (Phase 1, cTDaR) with the small noisy
Phase 3 dataset into a single ~4,000+ image distribution.

Weighted Oversampling: A custom WeightedRandomSampler forced the dataloader to
dynamically oversample the minority dataset (Phase 3 + hard negatives) in every batch
forcing the network to satisfy both simple grids and complex edge cases simultaneously.



Spatial Regularization vs. Positional Memorization

DETR architectures rely heavily on absolute positional embeddings. Trained solely on
full-page images, the model learns to predict from predictable page margins and fails
catastrophically on tightly cropped documents.

Table Detection





Table Detection

TATR TD training "Datasets used: mixed "pubtables + tablebank word + ctdar + hard negatives synthetic



Table Detection

Differential Learning Rates & Surgical Freezing

microsoft/table-transformer-detection is a heavily converged foundation model. Treating it as a
from-scratch training run destroys pre-trained kernels.

Backbone Freezing: Lower-level ResNet layers were frozen, they already possess perfect visual kernels
for lines, whitespace, and text textures.

Top-Layer Tuning: layer4 was unfrozen with a differential learning rate (LR_BACKBONE = 1e-5). With
~4,000 images, sufficient data volume existed to safely update high-level semantic filters without
gradient shattering.

Transformer Restraint: The Transformer Decoder learning rate was capped at 3e-5 (resisting the
standard 1e-4), preventing violent gradient explosions during the Hungarian Matcher's bipartite
assignments.



Table Detection

TATR TD training "Datasets used: mixed "pubtables + tablebank word + ctdar + hard negatives synthetic + Phase3 dataset
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Table Structure Recognition

The TSR journey was the most turbulent part of the project:

SLANet / SLANeXt — tried all variants after painful annotation format conversions.
Didn't impress enough.

TATR TSR v1.1 — emerged as the best fit. Surfed research papers on UniTable,
TableFormer, LORE, Nougat, Donut, Florence2, but TATR struck the best balance
between parameter count and performance.



Table Structure Recognition: The Phase 3 Annotation Disaster



Table Structure Recognition: The Phase 3 Annotation Disaster

Before discovering the annotation issue

model: TATR TSR v1.1 all. 

Datasets used: 3000 pubtables 1M, 4000
Fintabnet.c, 422 phase3 dataset"



Table Structure Recognition: The Phase 3 Annotation Disaster

One-Click Fix:
Using AI-generated annotation app

Deleted 5353 false annotations



Results after dropping projected
row header from classes



Table Structure Recognition: The 125-Query Algorithmic Bypass
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OCR & Heuristics Integration: Not Reinventing the Wheel

After inspecting the full PaddlePaddle Document AI pipeline, ppocrv5_mobile_det
and ppocrv5_mobile_rec were selected. 

Retraining was unnecessary given their quality and speed. 

The det+rec separation also unlocked specific UI/UX goals for the studio editing
experience.
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OCR & Heuristics Integration: Cell Assignment Logic
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Honorable Mention

Evaluating Alternatives: IBM’s Docling TableFormerV2





The Product Experience & Studio
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The Editing Environment

Tool Box
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