
Vision-Language Models

3

Junyi Zhang & Colin Wang
 Nov 13, 2025



What is VLM (from my old presentation 1.5 yrs ago)

● Large Language Models that incorporate visual information, which can be 
natural images, printed documents, UI/Webpage screenshots, figures, etc.

4What is unusual about this image?

LLM Transformer Blocks

Trans-form
ations

Tokenizer

Embedding Layer

“The unusual aspect of this image is a man 
ironing clothes on the back of a minivan or van.”

Image Token

Text Token

LLM Prediction



What is VLM (from my old presentation 1.5 yrs ago)
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Transforma
tions
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Projection

The LLaVA Way The Fuyu Way

Preprocessing

Patchify

Projection

CLIP ViT

Patchify

Preprocessing
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The BLIP Way Not Learned

Usually Frozen

Trained

Learnable Query

Key/Value



What has been changed?

● Input modalities can be more than images and text
● Output modalities can be more than text
● Test-time compute scaling (tho modality agnostic)
● Multi-image conversations
● Multi-turn conversations
● Computer-Use Agent
● Gaming Agent
● Vision-Language Action Models
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VLM Progression
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● Input modalities can be more than images and text
● Output modalities can be more than text



VLM Progression
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● Test-time compute scaling (tho modality agnostic)



VLM Progression
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● Multi-image conversations



VLM Progression
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● Multi-turn conversations



VLM Progression
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● Agents



Emerging Properties in Unified 
Multimodal Pretraining 
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● Introduces BAGEL, a 14B multi-modal foundation model
● Highlights emerging properties of the order of learned 

capabilities in multimodal training

Paper summary

Image 
understanding Image generation Image

editing
Intelligent 

editing
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BAGEL: Scalable Generative Cognitive Model

“Understanding” expert (also generates text)
“Generation” expert (only for 

image/video)

“Mixture of Transformers” (MoT)



How is visual information represented?

SigLIP2-style ViT → tokens FLUX VAE (frozen) → tokens

Rectified flow model



How is visual information represented?

For multiple image inputs, create three sets of tokens:

Noised VAE tokensClean VAE tokensViT Tokens

Used for conditioning for 
multi-image generation

Used for rectified flow 
training

Used for for understanding 
and generating



Mixture of Experts variant (MoE)

QKV



MoT outperforms MoE

Advantage to decoupling 
understanding and generation



Dataset curation

Uses VLM annotation



Interleaved dataset curation: internet videos



Interleaved dataset curation: web image captioning



Interleaved dataset curation: reasoning 
augmented data

Text to image generation Free-form image editing Conceptual editing
Query

Reasoning 
trace

Image

Source Target

Query + reasoning

Sources: OmniEdit, videos

Using VLM:
1. Generate I/O pairs 

from image sequence
2. Generate questions 

aligned with pair



Training

Alignment Pre-training Continued 
training

Supervised 
fine-tuning

Align SigLIP2 encoder by 
training only MLP 
connector to und. expert

Train all parameters except 
VAE gen. encoder

Increase visual input 
resolution

Increase sampling ratio of 
interleaved data → 
cross-modal reasoning

Train on high-quality 
subset from image-text 
pair and interleaved data



Emerging properties
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Emerging properties



Are the emerging properties a result of the 
training schedule?

● Common training pipeline: pre-training → train generative model → 
train on high-quality subset of data

● Emphasizes the “understanding → advanced generation” emergent 
property

● Do all “well-trained” models follow this emergent pattern?
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Motivation

● Interleaved text-and-image generation has been trending, but evals lag 
behind
○ Limited output: existing works for interleaved generation checks 1 image 

output
○ Outdated metrics: BLEU, FID; on the other extreme human eval is costly
○ Distinct aspect important for the task: perceptual quality, coherence and 

helpfulness
● They proposed:

○ InterleavedBench, a dataset
○ InterleavedEval, an eval framework based on GPT-4o
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InterleavedBench

● 2 subsets: context-based and 
context-free
○ Context-based: img+text 

generation continuation 
with img+text context

○ Context-free: img+text 
generation

● 815 instances across 10 use 
cases.



Dataset Curation (context-based)

● Sources: wikihow, vist, 
activitynet (captions), etc

● Then, human selection based on 
quality and diversity

● Finally, humans write 
instructions
○ Article split: pick first k images 

and contexts associated with 
them; 
1 <= k <= max_num_imgs - 1

○ The remaining used as the gold 
reference 34

https://www.wikihow.com/Date
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=10177150


Dataset Curation (context-free)

● Sources: GPT-4o generates 
synthetic instances and 
instructions for marketing 
materials, report, education 
content, etc.

● Then, human selection based on 
quality and reasonableness

● No gold references
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Interleaved Eval

● Traditionally, peopleʼve been using BLUE and FID to compare 
interleaved generation for text and images against gold reference

● But this can be unrealistic because generation can be open-ended
○ For example, there can be 100000000000000 different ways to date

● So reference-free based metrics are preferred
● GPT-4o is used as a judge

○ Text quality, perceptual quality, image coherence, 
text-image coherence and helpfulness
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Interleaved Eval

● During eval, judge takes in instruction, model output, eval criteria, 
and optionally context. Each aspect rated 0-5 w/ explanations
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Experiments

● 2 types of paradigms
○ Integrated text-and-image generation models

■ MiniGPT5, GILL, Emu2: models learn to generate hidden states that 
can be mapped to the embedding space of diffusion models

○ Agentic text and image generation models
■ Emu-2 Gen + Gold Text: combine GT text and let Emu-2 Gen to 

generate images
■ GPT-4o + DALL E3; Gemini 1.5 + SDXL: VLMs generate text and 

captions for T2I models to generate images
○ (BAGEL does not exist at the time of eval)
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Experiments

● Baseline metrics: BERTScore, CLIPScore and DreamSim
○ They validate that their LLM judge setup correlates strongest with 

human eval.
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Experiment

● Results
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Experiment

● Interpretation
○ Agentic models better than integrated models (?)
○ Agentic models are much better in text quality
○ Issues w/ integrated models

■ Empty text or image output
■ Poor quality
■ Duplications

○ Image coherence is the biggest challenge for all models
● (I donʼt know how many of these interpretations are still true…)
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Case Study

42

GILL is not good because 
both text and image are 
not coherent

EMU is more coherent but 
itʼs not very helpful; image 
qualities are poor

Agentic setups are better, 
but DALLE 3 has style bias

Maintaining image 
coherence seems hard



Context-based vs context-free
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Number of steps
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● How number of output steps affect scores compared to gold 
reference w/ gpt4o + dalle3



QA?
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Small-group discussion
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Discussion questions

1. Why would you want a unified (omni model), instead of separate 
models for image understanding and image generation?

2. A Unified Transformers vs. A Mixture-of-Transformers approach?
3. Why would we want interleaved text/image generation?
4. Whatʼs the best way to evaluate interleaved generation (w.r.t. the 

limitations of the second paper)?
5. How could this be extended for other modalities, beyond text and 

vision? (e.g., Pi-0.5 for a Vision-Language-Action model)
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