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Vision Language Models (VLMs) typically consist of 
three components:

1. Vision Encoder: pretrained on images.

2. LLM: pretrained on text.

3. Connector that maps visual features into the 
LLM’s text space.



Architecture: Vision Encoders

How do vision transformers encode the image?

An Image is worth 16x16 words (Dosovitskiy et al. 2020)



Architecture: Vision Encoders

How to pretrain the ViT?

1. Self-supervised Pretraining
a. Pretrains on images only

2. Language-supervision
a. Pretrains on Image-text pairs

3. Unified Recipes

(Caron et al. 2021)

(Radford et al. 2021)



Architecture: Vision Encoders

How to pretrain the ViT?

1. Self-supervised Pretraining (DINO)

a. Learns visual features by matching different views of the 
same image (no labels)

b. Optimizes cross-entropy between teacher and student 
outputs

c. Produces invariant representations useful for 
vision-centric downstream tasks

(Caron et al. 2021)



Architecture: Vision Encoders

1. Self-supervised Pretraining (DINO)

a. The model learns low-level dense features without any supervisions
b. Useful for vision-centric tasks such as object detection and segmentation

(Caron et al. 2021)



Architecture: Vision Encoders

2.  Language Supervision
1. CLIP (Contrastive Language–Image Pretraining)

a. Learn aligned embeddings for images and text using paired data

b. Train with contrastive loss: 
i. match correct image-text pairs 
ii. push apart mismatched ones

c. The model learns high-level semantics (object categories, text)

(Radford et al. 2021)



Architecture Principles: Vision Encoders
2. Language Supervision

2.    SigLIP (Sigmoid Loss)

a. Replaces softmax contrastive loss with sigmoid (binary) loss

b. Treats each image-text pair as positive or negative independently (no global normalization)

c. More scalable training to larger batch size. 

d. More robust to noise and data corruption. 

(Zhai et al. 2023)



Architecture: Vision Encoders

3. Unified Recipe (SigLIP2)

- Combines Sigmoid, self-distillation, and captioning losses. 

(Tschannen et al. 2025)



Architecture: Vision Encoders

Which ViTs are preferred for VLMs?

1. Cross-modal alignment is critical
a. Vision features must be compatible with language. 
b. Enables seamless fusion in LLMs

2. Language-supervised encoders are preferred
a. Learn a shared vision-text embedding space



Architecture: Connectors
How do we connect vision encoders with LLMs?

Two class of connectors: 

1. Deep Fusion
a. Modifies the LLM’s architecture.

i. Adds new cross-attention layers.
b. Injects visual features across multiple layers

i. Enables deeper vision–language interaction

2. Shallow Fusion 
a. Projects visual features into the LLM input space
b. No changes to LLM architecture

i. Simpler and more efficient
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Architecture: Connectors

Flamingo (Alyarac et al. 2022)

1. Perceiver Resampler: 
a. Uses learnable latent queries to attend over visual features
b. Produces fixed size of visual tokens. 

2. Gated attention layers
a. Combines text and visual features. 

Flamingo (Alayrac et al. 2022)GATED XATTN-DENSE (Alayrac et al. 2022)

1. Deep Fusion



Architecture: Connectors

CogVLM (Wang et al. 2023)

1. Image is encoded by a pretrained ViT and projected into the same 
embedding space as text using an MLP. 

2. Within the Transformer block, image features use separate QKV 
projections and FFN from text features

CogVLM (Wang et al. 2023)
CogVLM Inputs (Wang et al. 2023)

1. Deep Fusion



Architecture: Connectors

Qwen3-VL (Qwen Team 2025)

1. Injects multi-level visual features into multiple LLM layers  (DeepStack)
2. Preserves both low and high-level visual information (from intermediate ViT layers)

Qwen3-VL (Qwen Team 2025)

1. Deep Fusion



Architecture: Connectors

Llava (Liu et al. 2023)

1. Image is encoded by a pretrained ViT and projected into the same embedding 
space as text using either a linear layer or MLP. 

2. Visual features are concatenated with text features as input to the LLM. 

Llava (Liu et al. 2023)

2.  Shallow Fusion



Architecture Principles: Connectors

Q-former (Li et al. 2023)

1. Uses learnable query tokens to attend over image features.

2. Visual features are concatenated with text features as input to the LLM. 

BLIP-2 (Li et al. 2023)

2.  Shallow Fusion



Architecture: Connectors

Ovis (Lu et al. 2024)

1. Aligns vision and text structurally by introducing a learnable visual embedding table. 
2. Mirrors how text tokens use embedding lookups

Ovis (Lu et al. 2024)

2.  Shallow Fusion



Architecture: AlignVLM Case Study

AlignVLM: Bridging Vision and Language Latent Spaces 
for Multimodal Document Understanding

[NeurIPS 2025]



 

● LLM is pretrained to process a discrete set of embeddings 
● Existing connector (e.g., MLP) produce continuous visual features

○ Out-of-distribution (OOD): making the connector data 
hungry!

○ Unconstrained Mapping: They do not enforce any hard 
constraints which makes them prone to noise.

AlignVLM Case Study: Motivation
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Can we exploit the LLM’s inductive bias by aligning 
visual features directly with text embeddings?



AlignVLM Case Study: Solution

● Map visual features to a prob distribution over LLM token embeddings.

● Computes final features as a weighted average of text embeddings.

● Constraints visual inputs to the convex hull of the LLM’s embedding space, making them familiar to the LLM.



AlignVLM Case Study: Training Setup

Stage 1: Natural Image 

Understanding

Data: CC-12M (Image-Caption)

Stage 2: Document 

Understanding

 Data: BigDocs-7.5M

Stage 3: Instruction Tuning for 

downstream tasks

Data: BigDocs-Docdownstream

Model components Evaluation Benchmarks

Training Stages

● LLM: Llama 3.2 Family (1B, 3B, 8B)

● Vision Encoder: SigLip-400m 

Nine document benchmarks, including:

● DocVQA, InfoVQA, ChartQA, TableVQA, etc.



AlignVLM Case Study: Results on Document Understanding

● We compare our Align Module against 
common connectors:

○ MLP, Perceiver Resampler, Ovis

● Trained under similar configurations to ensure 
a fair comparison.

The Align Module outperforms them all 
and achieves better accuracy on diverse 
document understanding tasks.



AlignVLM Case Study: Results on General Vision Tasks

Stage 1: Natural Image Understanding

Data: CC-12M (Image-Caption)

Stage 2: Instruction Tuning

 Data: Mammoth-vl-12M



AlignVLM Case Study: Results in low-resource setup

Stage 1: Natural Image Understanding

Data: Llava-585K (Image-Caption)

Stage 2: Instruction Tuning

 Data: Llava-Next-779K



Training: Alignment and Instruction Tuning 

How do we train the VLMs? 

Two-stage training process: 

1. Alignment:
a. Image-text pairs (e.g., charts + captions). 
b. Freeze vision & LLM. Train the connector only! 

2. Instruction-tuning: 
a. Instruction following (e.g., QA). 
b. Train LLM & Connector. Freeze vision.
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Training: Reinforcement Learning with Human Feedback
Reinforcement Learning with Human Feedback (RLHF)

● Goal: Align model outputs with human preferences (e.g., removes toxicity)
● Key Idea: Learn a reward function from humans, then optimize the model to maximize it.

RLHF Process (Ouyang et al. 2022)



Training: Reinforcement Learning with Verifiable Rewards
Reinforcement Learning with Verifiable Rewards (RLVR)

● Goal: 
○ Improve reasoning capabilities using objective, programmatic rewards

● Key Idea: 
○ Replace human feedback with automatically verifiable signals
○ Reward correctness using rules, programs, or ground truth checks

■ Works for Math, coding, symbolic reasoning, ..etc. 
■ Struggles with subjective tasks (writing, open-ended generation)

PPO vs. GRPO (Deepseek AI 2025)





Training: How to obtain data for training?

Synthetic Generation

Pros

- Highly scalable: LLM/VLM generation can produce 
millions

- Low annotation cost: Reduces reliance on 
expensive human labeling.

Cons

- Quality and collapse issues: Synthetic labels may 
suffer from errors



Training & Data: BigCharts-R1 Case Study

BigCharts-R1: Enhanced Chart Reasoning with Visual 
Reinforcement Finetuning

[COLM 2025]



● Synthetic data for charts are generated from a single modality. 
○ Chart image or underlying data table. 

BigCharts-R1 Case Study: Motivation

 

Prior Works Our Approach



● Chart images that have accompanying data tables/metadata come from few sources:
○ Lack of Diversity
○ Homogenous.

● Most charts on the web do not have any associated data tables/codes
○ Visually diverse

BigCharts-R1 Case Study: Motivation

Real-world chart images
(Diverse Styles)

How can we obtain chart images that are both 
visually diverse and provide underlying metadata?



BigCharts-R1 Case Study: Dataset Pipeline
A dataset creation pipeline that:

● Source real-world charts from multiple online platforms.

● Generates visually diverse chart images by “replotting” real-world chart images. 

Original Image Replotted ImageCode & Data



BigCharts-R1 Case Study: Training Framework

  

RL (GRPO) on human-labeled data to enhance chart visual math reasoning with verifiable rewards 

  



BigCharts-R1 Case Study: Results
Evaluation: average score across five benchmarks (FigureQA, DVQA, PlotQA, ChartQA, CharXiv)



BigCharts-R1 Case Study: Results
Comparison between finetuning on Q/A generated from Original Images vs Replotted Images



Training: Can RLVR improve perception capabilities? 

Can we use RLVR to improve perception as well?

Vision-SR1

- Decomposes reasoning into visual perception + language reasoning  
- Uses self-rewarding via re-prompting (perception -> reasoning)

Vision-SR1 (Li et al. 2025)



Training: Can RLVR improve perception capabilities? 

Can we use RLVR to improve perception as well?

Vision-SR1

- Decomposes reasoning into visual perception + language reasoning  
- Uses self-rewarding via re-prompting (perception -> reasoning)

Vision-SR1 (Li et al. 2025)





Tasks & Benchmarks

 ChartQA (Masry et al., 2022) 

● Real-world charts crawled from 4 online sources 
● 9.6k human-authored and 23.1K Machine-generated question

○ Saturated with Clause Sonnet 3.5 achieving +90%

Question: Which year has the most divergent opinions 
about Brazil’s economy? 
Answer: 2015 

Question: What is the peak of the orange line? 
Answer: 87



Tasks & Benchmarks
ChartQAPro (Masry et al. 2025): 

● 1,341 charts and from 99 diverse sources 
● More diverse chart types including infographics and dashboards 
● 1,948 questions with 8+ question types



Tasks & Benchmarks

● Drop in Performance on ChartQAPro
● Chart Question Answering is far from solved! 



Tasks & Benchmarks

CharXiv (Wang et al. 2024)

● Scientific Charts Question Answering with 2.3K QA pairs



Tasks & Benchmarks: Open-ended Question Answering

 OpenCQA (Kantharaj et al., 2022) 

● 7,724 human-written questions about charts and the associated descriptive 
answers



Tasks & Benchmarks: Document Question Answering

 DocVQA (Mathew et al., 2020) 

● 50K QA on 12K real-world documents 
● Many various types of documents



Tasks & Benchmarks: Infographic Question Answering

 InfoVQA (Mathew et al., 2021) 

● 30K QA on 5.4K real-world infographics.



Tasks & Benchmarks: Mobile Screen Question Answering

 ScreenQA (Hsiao et al., 2022) 

● 86K QA questions on mobile-app screenshots! 



Tasks & Benchmarks: Slide Question Answering

 SlideVQA (Tanaka et al., 2023) 

● 14.5K questions over 54K slides!



Tasks & Benchmarks: Text Generation from Visuals



Tasks & Benchmarks: Text Generation from Visuals

Chart-to-text: 44.1K Chart-summary pairs from Statista and Pew Research Center



Tasks & Benchmarks: Text Generation from Visuals

Chart-to-text: 44.1K Chart-summary pairs from Statista and Pew Research Center



Tasks & Benchmarks: Text Generation from Visuals

● VisText: 12.4K Charts with generated+crowdsourced caption
○ Scene graph a hierarchical representation of a chart's visual elements



Tasks & Benchmarks: Visualization Generation

NL2Vis (Chen et al. 2024): 

● 2,524 queries covering seven chart types. 



Tasks & Benchmarks: Visualization Generation

● Text2Vis (Rahman et al. 2025)
○ Exploratory analysis in Data Science workflow. 
○ 1985 queries covering 20+ chart types. 



Tasks & Benchmarks: Visualization Generation

● Text2Vis (Rahman et al. 2025)



Tasks & Benchmarks: Visualization Generation

● Text2Vis (Rahman et al. 2025)
○ Multi-agent framework for error 

analysis and feedback



Tasks & Benchmarks: Visualization Generation

● Text2Vis (Rahman et al. 2025)



Reasoning Techniques

● Chain of Thought (Wei et al. 2022)

● Program of Thought (Chen et al. 2022)



Reasoning Techniques

● Visual Chain of Thought (Hu et al. 2024)
○ Mimics how human draw to find patterns. 


