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Announcements

•Midterm: March 11, 5:40 pm - 7:20 pm
•Sample problems out tonight

•Homework 2: due in a week

•Project information: released 
https://pages.cs.wisc.edu/~fredsala/cs639/files/project_info_639.pdf

•Class roadmap:

Thursday Feb. 26 Multimodal Architectures I

Tuesday March 3 Multimodal Architectures II

Thursday March 5 Prompting, ICL, and Others

Tuesday March 10 Specialization I
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Outline

•Multimodal Models Intro + One-Encoder Models
•Adapting models to incorporate multiple modalities, 
BERT-like vision-language models, ViTs

•VLM Variations and Types
•Multi-encoder setups, contrastive training, CLIP, joint 
training, few-shot models, visual instructions

•Other Modalities and Domains
•Audio, video, RL



Outline

•Multimodal Models Intro (from last time)
•Adapting models to incorporate multiple modalities, 
BERT-like vision-language models, ViTs

•VLM Variations and Types
•Multi-encoder setups, contrastive training, CLIP, joint 
training, few-shot models, visual instructions

•Other Modalities and Domains
•Audio, video, RL



Making LLMs Multimodal

How do we use a language architecture for multiple 
modalities? 

VisualBERT: take all the ideas from BERT, add images

•Use bounding boxes from image detector + image embedder

Li et al ‘19



Making LLMs Multimodal: VisualBERT

VisualBERT: take all the ideas from BERT, add images

•What about training? Recall BERT training…
•Masked language modeling + image (text is masked, image same)
•Sentence-image prediction

•Results (Li et al, ‘19)



How Do We Get Image Embeddings?

Could always use Resnets, etc., but…

•Didn’t Transformers make a big difference for text?

•Can also use for vision: ViT. Just use patches!

Dosovitskiy et al ‘21



Put It Together

Multimodal with language and vision transformers: ViLT

•Kim et al ‘21



Variations…

Lots of different approaches!

•Du et al ‘22, “A Survey of Vision-Language Pre-Trained 
Models”



Datasets

Trained on? Datasets with image-text pairs 

Zhang et al ‘23



Break & Questions
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•Multimodal Models Intro + One-Encoder Models
•Adapting models to incorporate multiple modalities, 
BERT-like vision-language models, ViTs

•VLM Variations and Types
•Multi-encoder setups, contrastive training, CLIP, joint 
training, few-shot models, visual instructions

•Other Modalities and Domains
•Audio, video, RL



Contrastive Vision-Language Models

So far, trained the modalities together

• I.e., text and images were both inputs to a transformer

•This is “fusion”, but we could do it later…

• I.e., produce two representations separately, then produce 
some means of connecting/tying them together

•Contrastive approach

Li et al ‘19



VLMs: Contrastive Training

Training approach: contrastive

•Loss example: InfoNCE (noise contrastive estimation) loss:

•To train a text and image encoder simultaneously, 
symmetrize:



VLMs: CLIP

A simple but easily scalable contrastive VLM

OpenAI



How to use CLIP?

Standard way: use pre-defined templates

•E.g., “a photo of a [X]” 

OpenAI



VLMs: FLAVA

Foundational Language And Vision Alignment Model (FLAVA)

•Combines everything

•Pretrain separately and jointly

Singh et al '22



Few-Shot VLMs

The models we’ve talked about are either meant to
•Do zero-shot prediction, OR
•Be fine-tuned for a particular task

•What about few-shot (like in LLMs) for VLMs?

Alayrac et al '22



Few-Shot VLMs: Flamingo

Flamingo: 80B parameter model (based on an LLM)
•Multi-image!
•More complex interleaved architecture

Alayrac et al '22



Few-Shot VLMs: Flamingo

Flamingo: 80B parameter model (based on an LLM)
•Multi-image!
•More complex interleaved architecture

Alayrac et al '22



Visual Instructions: Llava

Visual instruction tuning 

Goal: achieve close to GPT-4’s multimodal performance

•Simple, scalable architecture:

Liu et al ‘23



Visual Instructions: Llava

Example conversation

Note: challenging out-of-
distribution example

Model designed to handle 
multi-round conversation

Liu et al ‘23



Closed-source Multimodal Models

Now, back to closed-
source models.

Similar capabilities, 
and can be more 
powerful because 
they are trained on all 
modalities jointly.

Downside: expensive!

Gemini Team Google:



Break & Questions
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Other Modalities: Audio

Can do similar things with all sorts of other modalities

•Audio: can always convert to image and apply directly

•Ex: Whisper. 680K hours of audio supervision

Radford et al ‘22



Other Modalities: Audio + Video + Text

Merlot: video + text 

Zellers et al ‘21



Foundation Models in Robotics

Can use language models for planning/robotics, but

•Not “grounded” since not aware of the environment

•Can mix together with RL concepts

Ahn et al ‘22



Foundation Models in Robotics: SayCan

Can use language models for planning/robotics, but

•Not “grounded” since not aware of the environment

•Can mix together with RL concepts

•Basic idea (Ahn et al ’22)

LLM-provided 
prob of next 

step being valid

Prob. of completing 
skill/step from state s



Foundation Models in Robotics: Navigation

For navigation:

•Connect multiple FMs (language, vision, action)

•Inputs: observations, instructions

•Output: plan

Shah et al ‘22



Foundation Models in Robotics: Navigation

For navigation:

•Connect multiple FMs (language, vision, action)

Shah et al ‘22



Thank You!
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