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Document Visual Question-Answering (DocVQA)



Patram - India’s First Document VLM



Document VLM Leaderboard: Patram Results

https://huggingface.co/bharatgenai/patram-7b-instruct



WASH Usecase: Compost Pit Pictures

Example 1: Image Blur + Lat Long extraction



WASH Usecase: Compost Pit Pictures

Example 2 - Image is compost pit or not + Lat long extraction



In a Document VQA system,
Answers Must Be Verifiable!

Q What can be inferred from the low values in 
this blood report?

A
≡

The report shows a low MEAN 
CORPUSCULAR VOLUME, MCV of 72.0 fL
which indicates Microcytic anemia

?
"Which line in this 
report does that come 
from? Can you show 
me?"

https://m3grounder.github.io/



Problem with Current DocVQA Approaches

1. Do not ground.

2. Box-based grounding is coarse and fails 

on curved/complex text.

3. Prior approaches lack multi-span and 

multi-granular grounding.

River Thames [x1,y1,x2,y2]

What is the name of the river in the 
map?

Coarse Rectangles, capture 
irrelevant background!

https://m3grounder.github.io/



What M3Grounder Does

https://m3grounder.github.io/

Add a smart highlighter to your VLM !



What M3Grounder Does

https://m3grounder.github.io/



Answering and Locating, Simultaneously

https://m3grounder.github.io/



M3Grounder Architecture

https://m3grounder.github.io/
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M3Grounder Architecture
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Training Strategy







Dataset: GroundingDocQA

Diversity: Charts, Reports, Forms, Tables and infographics etc.

Hierarchy: Phrase, Line, and Block level masks for every span.

https://m3grounder.github.io/
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Benchmarks

DOCUMENTS

2.5K
QA PAIRS

5K

SINGLE-SPAN

2,820
MULTI-SPAN

2,180

STRAIGHT

70%
CURVED/SKEWED

30%

GroundingDocQA-Bench Other Benchmarks
https://m3grounder.github.io/



Quantitative Results

Multi-Granular Performance

https://m3grounder.github.io/



M3Grounder maintains competitive 
general DocQA performance.

https://m3grounder.github.io/



Qualitative Comparison - 1

https://m3grounder.github.io/



Qualitative Comparison - 2







Conclusion
First mask-based grounded DocVQA system — pixel-level segmentation, 
not bounding boxes.

https://m3grounder.github.io/

Code · Dataset · Models · Paper

Future: multi-page grounding · long-context settings · lower compute cost

https://m3grounder.github.io/
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Conclusion
First mask-based grounded DocVQA system — pixel-level segmentation, 
not bounding boxes.

Multi-span grounding — answers linked to multiple distinct regions on the 
page.

Multi-granular hierarchy — phrase ⊂ line ⊂ block, enforced by enclosure 
loss.

GroundingDocQA — 200K documents, 2M QA pairs released.

GroundingDocQA-Bench — first human-verified segmentation grounding 
benchmark.

State of the art across all four benchmarks, including curved-text settings.

https://m3grounder.github.io/

Code · Dataset · Models · Paper

Future: multi-page grounding · long-context settings · lower compute cost

https://m3grounder.github.io/





Can we add grounding to 

chain of thought reasoning 

that leads to the answer ?





















DocLayout-VL

















Encoding data as images

AACS LA DVD Decryption Code







Context (prompt) tokens are expensive !

What if we encoded the prompt as an image?

Vision is all you need ? ☺



ABOUT

- Non-profit AI startup

- 100% Government funded & aligned
- Section 8 company
- Administered by TIH IIT-B with academic 

consortium partners
- In operation for ~2 years

70 bharatgen.comBharatGen



Building foundation models from 

scratch

All models are on Huggingface and on AIKosh:

Huggingface:  https://huggingface.co/bharatgenai

AIKosh:  https://aikosh.indiaai.gov.in/home/models

bharatgen.com

https://huggingface.co/bharatgenai
https://aikosh.indiaai.gov.in/home/models


Vision-LLM (VLM)



DocFM: Foundational Model for Document Understanding

DocFM

Reconstruction

Summarization

Translation

Classification

Retrieval, Grounding

Question Answering

Document

Image(s)

Prompt

Response



A VLM is not OCR + LLM

Pipeline approach 

Image → OCR → Text → LLM → Answer

What breaks:

■ OCR loses layout, tables, figures, stamps

■ LLM can't see — guesses from flat text

■ Errors compound down the chain

■ Can't ground answers in the image



A VLM is not OCR + LLM

Pipeline approach 

Image → OCR → Text → LLM → Answer

What breaks:

■ OCR loses layout, tables, figures, stamps

■ LLM can't see — guesses from flat text

■ Errors compound down the chain

■ Can't ground answers in the image

VLM  (Patram)

Image → Vision-Language Model → Answer

Why it's different:

■ Reads text AND understands layout in one pass

■ Sees stamps, handwriting, tables, figures together

■ Trained end-to-end — no error compounding

■ Can ground answers visually (with bboxes)



Patram-7B-Instruct
India's First Foundational Document VLM

Architecture, training philosophy, and data-centric approach





PixMo: The Dataset by AllenAI
7 datasets, 3 human-annotated + 4 synthetic — all without any VLM distillation

PixMo-Cap

712K images

Dense captions via 60-90s speech recordings; LLM-
cleaned transcripts

PixMo-AskModelAnything

162K QA pairs

Annotators edit LLM answers interactively; no VLM 
used for answering

PixMo-Points

2.3M annotations

2D point grounding for objects; enables pointing & 
counting

PixMo-Docs

2.3M QA pairs

LLM-generated code renders charts, tables, 
diagrams; QA from code

PixMo-Clocks

826K examples

Synthetic watches with 50 bodies × 160K faces; 
clock reading skill

PixMo-Count

36K training

Object detector on web images; points at object 
centers + QA

Innovation — Speech-based Captions:  Asking annotators to speak for 60-90s instead of typing produces far more detailed descriptions, faster. Audio 
receipts prove no VLM was used. Avg. 196 words vs. 11 (COCO) or 37 (Localized Narratives).



BharatDocs: Our Dataset
Real Docs, Synthetic annotations  — all VLM distillation

BharatDocs-VQA

400k images

DocVQA annotations generated through our VLM-
based data engine.

Data Engine — Curated Prompts to Qwen2.5-VL-72B-
Instruct + Verification Stage



Patram - India’s First Document VLM



Core Details

Architecture

Pre-processor

Multi-scale, multi-crop images with overlapping borders
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Core Details

Architecture

Pre-processor

Multi-scale, multi-crop images with overlapping borders

ViT Encoder

Custom Vision Encoder ViT-L/14 336px (also works with MetaCLIP, 
SigLIP)

Connector

2×2 attention pooling + MLP; dual-layer feature concat

LLM Decoder

OLMo-7B



The 4-Stage VLM Training Curriculum

1
Modality Warm-up

ViT & LLM frozen. Only connector trains on low-res image-caption pairs. Aligns visual features to LLM space.

CHEAP & FAST

2
Vision-Language Co-Training

ViT & LLM unfrozen (often with LoRA). Complex interleaved docs + synthetic OCR. Resolution ramps up 
progressively.

HIGH-RES RAMP

3
Supervised Fine-Tuning

Full end-to-end optimization. Curated instruction-following data in ChatML format. Text-only data mixed in to 
prevent forgetting.

INSTRUCTION TUNING

4
Long-Context + RL

32K–256K token sequences. Hour-long videos, full PDFs. Cascade RL (offline MPO → online GSPO) for hallucination 
reduction.

ALIGNMENT

Our Design Choice:  Skip Stage 1 entirely when using PixMo-Cap. Use higher LR + shorter warmup for connector instead. 2-stage pipeline (pre-train on 
captions → fine-tune on mix)



Building Patram: Resources & Pipeline

Training Phase GPUs (H100s) Duration

Synthetic Data Generation 128 (16 Nodes) 23 days

Pretraining (Vision Backbone) 64 (8 Nodes) 12 days

Pretraining (VLM) 64 (8 Nodes) 13 days (incl. experiments)

Instruction Fine Tuning (VLM) 128 (16 Nodes) 20 days (incl. experiments)

What It Took to Build Patram

Data

Large-scale image-text datasets, 
synthetic QA engine for Indian English 
documents

Tooling

Internal tools for data visualization, 
inspection, and quality control

Infrastructure

Distributed training across HPC cluster 
with H100 GPUs

Evaluation

Benchmarks for captioning, QA; 
custom Patram-Bench for Indian docs



Key findings from ablations

✓ What Worked

• Overlapping crops → significant improvement over standard multi-crop

• Text-only dropout in pre-training → better vision reliance, less hallucination

• Length-conditioned captioning → improved both caption quality & downstream tasks

• Attention pooling (2×2 mean-query) → beats simple feature stacking

• Ordered points (top-down, left-right) → 86.3% vs 74.1% (unordered)

• Plain-text coordinates → significantly better than special location tokens

• Adding Indian-only document VQA data boosted performance on not only Patram-Bench, but also on 
other popular English DocVQA benchmarks
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Document VLM Leaderboard: Patram Results



WASH Usecase: Compost Pit Pictures

Example 1: Image Blur + Lat Long extraction



WASH Usecase: Compost Pit Pictures

Example 2 - Image is compost pit or not + Lat long extraction



WHAT WE ARE BUILDING NEXT

Patram 2.0
A multilingual document VLM for India — 22+ languages, one model.

Multilingual by design

Trained natively.

Indian-context native

Code-mixed text, stamps, seals, 
regional form layouts, 
handwriting.

Linguistics in the loop

Makes the model correct, not just 
fluent.
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