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EECS 230 Deep Learning
Lecture 17: Multimodal Generative Model



Recap: Large Language Model
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Recap: Image Generation Model

JVAE, GAN, Diffusion model
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Multimodal Generative Model

JGenerative model that takes multimodal data input or
produces multimodal output

JModalities: Video, image, text, audio, etc.

JApplications:
Visual Question Answering
dimage Captioning
U Text-to-image
UText-to-video
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https://about.fb.com/news/2024/04/new-ray-ban-meta-smart-glasses-styles-and-meta-ai-updates/

Visual Question Answering

Example of GPT-4 visual input:

User ‘What is funny about this image? Describe it panel by panel.

" R ) DA
Source: https://www.reddit.com/r/hmmm/comments/ubab5v/hmmm/

GPT-4 The image shows a package for a "Lightning Cable" adapter with three panels.

Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin con-
nector typically used for computer monitors) plugged into its charging port.

Panel 2: The package for the "Lightning Cable" adapter with a picture of
a VGA connector on it.

Panel 3: A close-up of the VGA connector with a small Lightning con-
nector (used for charging iPhones and other Apple devices) at the end.

The humor in this image comes from the absurdity of plugging a large,
outdated VGA connector into a small, modern smartphone charging port.

Table 3. Example prompt demonstrating GPT-4’s visual input capability. The prompt consists of a
question about an image with multiple panels which GPT-4 is able to answer.




Multimodal model outperforms unimodal model

gpt-4 |

gpt-4 (no vision)
gpt3.5 W

Exam results (ordered by GPT-3.5 performance)
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List of Multimodal Models

Model
SORA

Gemini V1.5

BLIP2

GPT-4V

LLaVA

FLAMINGO

BEIT-3

CLIP

Year
2024

2024

2023

2023

2023

2022

2022

2021

Developer
OpenAl

Google

Salesforce
Research

OpenAl

Microsoft

DeepMind

Microsoft

OpenAl

Modality
Video,Text

Video,Text,Audio

Image,Text

Image,Text

Image,Text

Image,Text

Image,Text

Image,Text

Architecture

Image Encoder:
Diffusion DiT

Image Encoder:

ViT, Text
Encoder:Transformer
Q-Former: Bridging
Modality Gap,Image
Encoder: ViT-L/ViT-
G,Text LLM Encoder:
OPT/FlanT5

Text Encoder: GPT

Text LLM Encoder:
Vicuna,Image
Encoder:CLIP visual
ViT-L

Gated Cross
Attention,Multiway
Transformer,ViT-giant
Text Encoder:
OPT/FlanT5,Image
Encoder:ViT-L/ViT-g

Text Encoder:
Transformer; Image
Encoder: ResNet/ViT

http://www.deepnlp.org/blog/introduction-to-multimodal-generative-mode

Key Features

Generative

Modeling, Text-to-
Video

Generative
Modeling,Long Context
Window

Generative
Modeling,Image-to-
Text,Visual Question
Answering,Image-to-
Text Retrieval
Generative
Modeling,Multimodal
LLM,Visual Question
Answering

Generative
Modeling,Visual
Instruction Generation

VQA,Interleaved Visual
and Textual Data

Object Detection,Visual
Question
Answering,Image
Captaining

Multimodal
Alignment,Zero-Shot
Learning


https://openai.com/research/video-generation-models-as-world-simulators
https://storage.googleapis.com/deepmind-media/gemini/gemini_v1_5_report.pdf
https://arxiv.org/abs/2301.12597
https://openai.com/contributions/gpt-4v?ref=aiprm.top
https://arxiv.org/abs/2304.08485
https://arxiv.org/abs/2204.14198
https://arxiv.org/abs/2208.10442
https://openai.com/research/clip/
http://www.deepnlp.org/blog/introduction-to-multimodal-generative-models

How to add image as input to LLM?

JLLaVA (Large Language and Vision Assistant)
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LLaVA architecture




Recap: CLIP (Contrastive Language—Image Pre-training)

(1) Contrastive pre-training
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Figure: Contrastive Pre-training of language-image pairs. The text encoder is a
standard transformer encoder. The extracted feature is the embedding of the CLS
token. The image encoder is either a ResNet-50 or a Vision Transformer (ViT).




Multiway-transformer

JA shared Multiway Transformer as the backbone network
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Multimodal Input

https://arxiv.org/pdf/2208.10442



https://arxiv.org/pdf/2208.10442

Multiway-transformer

JA shared Multiway Transformer as the backbone network

V-FFN
Lx 1) L-FFN
Multi-Head Self-Attention Lx 4

TPatch Embeddings Multi-Head Self-Attention

(a) Vision Encoder
Masked Image Modeling
Image Classification (IN1K)
Semantic Segmentation (ADE20K)
Object Detection (COCO)

TWord Embeddings

A baseball player throwing a ball .

(b) Language Encoder
Masked Language Modeling

Image-Text
/ Contrastive Learning \
V-FFN L-FFN
Lx 4 Lx t

Multi-Head Self-Attention Multi-Head Self-Attention

TPatch Embeddings
ERAFNaEEE

(d) Dual Encoder
Image-Text Retrieval (Flickr30k, COCO)

TWord Embeddings

A baseball player throwing a ball .

https://arxiv.org/pdf/2208.10442
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(c) Fusion Encoder
Masked Vision-Language Modeling
Vision-Language Tasks (VQA, NLVR2)
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(e) Image-to-Text Generation
Image Captioning (COCO)

A baseball player is [MASK]


https://arxiv.org/pdf/2208.10442

Multimodal architecture

(dPerceiver and Perceiver |0 as general purpose architecture
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https://deepmind.google/discover/blog/building-architectures-that-can-handle-the-worlds-data/
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https://deepmind.google/discover/blog/building-architectures-that-can-handle-the-worlds-data/

Flamminggo

def gated_xattn_dense(
y, # input language features

x, # input visual features

alpha_xattn, # xattn gating parameter - init at 8.

alpha_dense, # ffw gating parameter - init at 8.

“““Applies a GATED XATTN-DENSE layer.""’

# 1. Gated Cross Attention

y = y + tanh(alpha_xattn) * attention(g=y, kv=x)
# 2. Gated Feed Forward (dense) Layer

y = y + tanh(alpha_dense) * ffw(y)

# Regular self-attention + FFW on language

y = y + frozen_attention(g=y, Kv=y)

cross attention R s o i)

return y # output visually informed language features

K=v=[X]

Vision Language
E X \ AP
input input

Figure S | GATED XATTN-DENSE layers. We insert new cross-attention layers, whose keys and values are
obtained from the vision features while using language queries, followed by dense feed forward layers in
between existing pretrained and frozen LM layers in order to condition the LM on visual inputs. These layers
are gated so that the LM is kept intact at initialization for improved stability and performance.

https://slds-Imu.github.io/seminar multimodal dl/c02-00-multimodal.html#c02-05-text-pl



https://slds-lmu.github.io/seminar_multimodal_dl/c02-00-multimodal.html

