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Granite Vision for Enterprise AI

▪ First version more focused on document images, including  plots, charts, flow diagrams, tables, infographics, …

▪ Beyond documents: applications in other domains (semiconductors, insurance, UI screens, etc.)





Is this problem solved???



Convert this chart image to 
CSV format

Qwen3-VL Granite 4.0 Vision



"The chart is titled \"Population by age group, World\" 
and is an area chart that visually represents the 
population distribution across different age groups 
over time. The x-axis represents the years, ranging 
from 1950 to 2023, while the y-axis represents the 
population in billions. The chart is divided into five 
distinct age groups, each represented by a different 
color: \"Under-5s\" in purple, \"Ages 5-14\" in orange, 
\"Ages 15-24\" in green, \"Ages 25-64\" in blue, and 
\"Ages 65+\" in brown.\n\nThe data shows a clear 
trend of population growth across all age groups over 
the years. In 1950, the population for each age group 
was relatively small, with \"Ages 25-64\" having the 
largest share at approximately 1.1 billion, followed by 
\"Ages 5-14\" at around 0.6 billion, \"Ages 15-24\" at 
about 0.5 billion, \"Under-5s\" at roughly 0.4 billion, 
and \"Ages 65+\" at approximately 0.15 billion. By 
2023, the population for each age group has 
significantly increased. \"Ages 25-64\" remains the 
largest group, reaching around 4.0 billion, followed by 
\"Ages 5-14\" at about 1.4 billion, \"Ages 15-24\" at 
approximately 1.3 billion, \"Under-5s\" at roughly 
0.75 billion, and \"Ages 65+\" at around 0.9 
billion.\n\nThe chart effectively illustrates the aging 
population trend, with the \"Ages 25-64\" group 
consistently having the highest population share 
throughout the years. The \"Ages 65+\" group, while 
smaller in comparison, shows a notable increase, 
indicating an aging population. The visual 
representation with distinct colors for each age group 
helps in easily comparing the population growth and 
distribution across different age categories over time."

"This is a stacked area chart titled \"Population by age 
group, World,\" which illustrates the global population 
distribution across different age groups from 1950 to 
2023. The chart is sourced from the UN's World 
Population Prospects (2024) and is presented by Our 
World in Data.\n\nThe horizontal axis represents the 
years, spanning from 1950 to 2023. The vertical axis 
represents the population in billions, ranging from 0 to 
8 billion.\n\nThe chart is divided into five distinct age 
groups, each represented by a different color:\n- 
**Under-5s:** Represented by a purple area.\n- 
**Ages 5-14:** Represented by an orange area.\n- 
**Ages 15-24:** Represented by a light green area.\n- 
**Ages 25-64:** Represented by a blue area.\n- 
**Ages 65+:** Represented by a dark red area.\n\nThe 
data shows a clear demographic shift over time:\n- In 
1950, the population was approximately 1 billion for 
the Under-5s, 1 billion for Ages 5-14, 2 billion for 
Ages 15-24, 3 billion for Ages 25-64, and 4 billion for 
Ages 65+.\n- By 2023, the population has grown 
significantly. The Under-5s group has increased to 
about 1.1 billion, Ages 5-14 to 1.2 billion, Ages 15-24 
to 1.5 billion, Ages 25-64 to 2.5 billion, and the oldest 
group, Ages 65+, has reached approximately 7.5 
billion.\n\nThe chart demonstrates that the proportion 
of the population aged 65 and over has been growing 
steadily, while the proportion of the working-age 
population (Ages 25-64) has also increased. The total 
population, which has grown from about 2.5 billion in 
1950 to over 8 billion in 2023, reflects the trend of an 
aging global population."

Qwen3-VL Granite 4.0 Vision



Positive Feedback

▪ More than half-million downloads (HuggingFace + Ollama), since February 2025

▪ Positive feedback from the community, especially given the size of the model (3B)

Jeffrey Morgan, Co-founder and CEO of Ollama



Training Data

Code-Guided Synthetic Data Generation



Fully-automated code-guided synthetic chart (+attributes) generation 
at scale 

[Jovana Kondik et al, 2025]







Generating Multiple Modality Outputs



Synthetic QA generation: Multi-turn + Chain-of-thought 

Question: In which area type does 
the difference in voting percentages 
between Hillary Clinton and Donald 
Trump show the largest disparity, 
and by how much?



Bounding Box Annotation and Chain-of-thought Reasoning



Q: Which racial minority is most likely to be involved in 

shootings based on the peaks observed in 2020 and 
2021?

A:  XXX

Generate chart images and adversarial questions 
across the following categories:

• Discrimination (Gender, Race)

• Hate, Humiliation, Harassment

• Violence, Harm or Cruelty

• Criminal Planning

• Weapons or Substance Abuse

• Misinformation and Disinformation

• Political Bias

Synthetic QA generation: Safety and Bias



Human Annotation (for fixing model mistakes)

▪ Partnership with Abaka AI



Real Data Subset: Chart Data and Annotations from Abaka AI

Stay Tuned: ChartNet (million-scale dataset) to be released soon!



Training Data

Curated Document Datasets



▪ Scene Text Understanding

▪ Document QA 
▪ Charts 
▪ Diagrams
▪ Flowcharts
▪ Tables
▪ Infographics
▪  Key-value extraction

▪ Text grounding

▪ Structure parsing / Markdown 
▪ Documents
▪ Tables
▪ Charts

▪ Captioning

▪ Code  / UI screens understanding

▪ ~13 million images / 80 million QA pairs

▪ Diverse Tasks (see below)

▪ Both IBM (synthetic) and public datasets

▪ Unified JSON format for all data

Document Understanding Data

Diverse Instruction-following Tasks





General Images

~4 million images / ~ 16 million QA pairs



Data Filtering

▪ Face blurring

▪ License-based filtering
▪ Non-US data filtering
▪ Child Sex Abuse Material (CSAM) detection and removal



Model



Technical Approach: Modality Alignment 

▪ Document and Web Agents Vision 
Encoder (Dave)

▪ Multi-layer feature pooling and 
denser grid in Anyres for high-
resolution image processing

▪ Progressive training / multi-stage 
curriculum

▪ Layerwise variable rank LoRA 
optimization guided by functional 
role priors

DAVE 

Encoder

Granite 

LLM 2B 
Adaptive 

LoRA



Web/UI screen agents DocumentsNatural Images

SigLIP / CLIP - Focus on High level 
Features from Natural Images Our Encoder is Focused on Text-Rich Feature Extraction

Image Encoder Tailored to Documents/Web Agents

[Brandon Huang / Hang Hua et al, 2025]



Encoder Training Instruction Tuning

1 2 3

MAE



Layer 2

Layer 1

Early Layers: 
• Visual Grounding

Layer 10

Layer 9

Early-middle Layers: 
• Multimodal Integration

...

Layer 22

Layer 21

Late-middle Layers: 
• Reasoning

...

Layer 32

Layer 31

Final Layers: 
• Decoding

...

Ongoing Exploration

LLM Tasks

Multimodal 
Interaction

Zhuoran Yu et al., COLM, 2025

Granite 4 Final Layers

Granite 4 Final

Granite 4 Late-middle 
Layers

Granite 4 Early-middle 
Layers

Granite 4 Early Layers

Granite 4 Final Layers [LoRA-R4]

[LoRA-R3]

[LoRA-R2]

[LoRA-R1]

Varying LoRA Ranks

[Shafiq Abedin et al, 2025]



Small Model + SoTA Results





Safety

https://arxiv.org/pdf/2412.00142

Check paper at the main ICCV 2025 conference:

https://arxiv.org/pdf/2412.00142


▪ Apache-2 license (allowing for research and commercial use)

▪ vLLM Integration

▪ Available in Docling !

Granite Vision



1. Granite Vision 2. AI Commentary



90 players

18 holes

   4 days

100s
  hours of footage 





39IBM Research AI



IBM Automatic Highlights @ Wimbledon

40



Multi-modal curation of sports highlights (Wimbledon)



Impact

▪ Our system has been used to produce the official highlights of the 
US Open, Wimbledon, and Masters tournaments

▪ Watched by millions of fans worldwide (mobile app, website, …)

(and many more media outlets)



Our work on AI/ML for auto-curation of sports highlights has been 
selected for a Technology and Engineering Emmy Award !



Issue: No commentary for highlight 
reels. Many courts lacking coverage

Solution: AI Commentary



Sound

Projection into a 
unified 

embedding 
space

(v1: Data to Text)

Granite Language 
Model

▪ Fine-tuned on real and synthetic 
commentary data

After a wide out serve by Peniston, Laaksonen 
returns the service with a short backhand. Peniston 
then approaches the net, hits a forehand, but 
Laaksonen strikes back with a magnificent 
backhand. What a beautiful shot! Peniston makes all 
efforts to save the point but hits the net with a volley 
unforced error. The game is now tied: 30-30

Turning multi-sensory data into fluent commentary using Large Language Models



Play-by-play metadata extraction using computer vision

Understanding every detail of the game in real-time

Serve, Forehand, Volley, …

and pose/keypoint estimation





Metadata from other sensors and modalities

Score information

Ball speed (Radar)

Audio and vision excitement scores

Player information

Rally Length

Winner vs Error

Match analysis



Metadata: Computer vision + other modalities (input to large language model)



Our Layered LoRA Architecture (LaLo)

LaLo can support task modularity & efficient recall of past models

Efficient adaptation: < 3% of all parameters are adapted !

IBM LLM 3B

LoRA 1 LoRA k 

…

Pre-match 
Commentary

Post-match 
Commentary





How about voice-over narration?



Moderate Excitement
Low Excitement

High ExcitementHigh Excitement

Excitement-Driven AI Commentary



Step 1: Use Granite Vision (and audio) to describe and measure the excitement level of the 
crowd and player reaction

Step 2: Adapt the content and prosody/tone of AI commentary based on the excitement 
level 

→ ProsodyLM [Kaizhi Qian, Yang Zhang et al, COLM 2025]

Excitement-Driven AI Commentary



Controlling Expressive Speech Generation

ProsodyLM [Kaizhi Qian, Yang Zhang et al, COLM 2025]



Low Excitement



High Excitement





Ongoing Research: Streaming VLM + Multimodal ProsodyLM

▪ Predicting Text+Prosody from Video Tokens

▪ Real-time, streaming live commentary

▪ Personalized prosody control



Thank you!
(see more at http://rogerioferis.org)
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