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Multi-modal data

• Multimodal data:
– Input and output from different modalities (e.g. text-to-image, image-to-text)
– Inputs are multimodal (e.g. a system that can process both text and images)
– Outputs are multimodal (e.g. a system that can generate both text and

images)
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Awais et al., “Foundational Models Defining a New Era in Vision: A Survey and Outlook”, 2023
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Vision-language models: Contrastive learning

• Contrastive training to bridge the image and text embedding spaces

• Making embedding of (image, text) pairs similar and that of non-pairs dissimilar

• This embedding space is super helpful for performing searches across modalities
– Can return the best caption given an image
– Has impressive capabilities for zero-shot adaptation to unseen tasks, without the need for

fine-tuning

A. Radford, J.W. Kim, et al., “Learning Transferable Visual Models From Natural Language Supervision”, 2021
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CLIP (OpenAI)

• Caption as a weak supervision
• Learns a multi-modal embedding space by jointly training an image encoder and

text encoder
– maximize the cosine similarity of the image and text embeddings of the 𝑁 real pairs in the

batch while minimizing the cosine similarity of the embeddings of the 𝑁! − 𝑁 incorrect pairs.

Positive pairs: 
Images and corresponding texts

Negative pairs:
Random pairs

A. Radford, J.W. Kim, et al., “Learning Transferable Visual Models From Natural Language Supervision”, 2021
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CLIP: Contrastive Learning
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• Training batchsize: 32,768

• Training time:
• RN50x64: 18 days on 592 V100 GPUs
• ViT-L/14: 12 days on 256 V100 GPUs

A. Radford, J.W. Kim, et al., “Learning Transferable Visual Models From Natural Language Supervision”, 2021
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CLIP: Architecture and training

• Uses only a linear projection to map from
each encoder’s representation to the
multi-modal embedding space

• A random square crop from resized images
is the only data augmentation used during
training

A. Radford, J.W. Kim, et al., “Learning Transferable Visual Models From Natural Language Supervision”, 2021
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• Text encoder:
• 12-layer Transformer with causal mask

• Image encoder:
• ResNet families: RN50, RN101, RN50x4,

RN50x16, RN50x64
• ViT families: ViT-B/32, ViT-B/16, ViT-L/14

CLIP: Models and Training Complexity

A. Radford, J.W. Kim, et al., “Learning Transferable Visual Models From Natural Language Supervision”, 2021
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CLIP for zero-shot learning

encodes all the text labels and compares 
them to the encoded image

A. Radford, J.W. Kim, et al., “Learning Transferable Visual Models From Natural Language Supervision”, 2021
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CLIP’s features outperform the features of the best ImageNet model on a wide variety of datasets.

Zero-shot CLIP is competitive with a fully 
supervised linear-probing ResNet50

Linear-probing CLIP outperforms the linear 
probing Noisy Student EfficientNet-L2

Zero-shot CLIP outperforms a supervised 
linear classifier fitted on 16 out of 27  
datasets including ImageNet.

A. Radford, J.W. Kim, et al., “Learning Transferable Visual Models From Natural Language Supervision”, 2021
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Robustness to distribution shift

• Zero-shot CLIP is much more robust to distribution shift than standard ImageNet
models

A. Radford, J.W. Kim, et al., “Learning Transferable Visual Models From Natural Language Supervision”, 2021
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CLIP: Results

A. Radford, J.W. Kim, et al., “Learning Transferable Visual Models From Natural Language Supervision”, 2021
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Image Captioning Text-to Image
Retrieval

Image-to-Text
Retrieval

VQA Text-to-Image
Generation

Input

Image: Query:
A couple of zebra
walking across a

dirt road.

Query: Image:

Q: why did the zebra cross
the road?

Text:
A couple of zebra 

walking across a dirt 
road.

Output
A couple of zebra 
walking across a

dirt road.

A couple of zebra 
walking across a

dirt road.

A: to get to the other side

(Selected from a pool of 
3,129 answers in VQAv2 or 

generate answer)

Generation Understanding Understanding Understanding/Generation Generation

A pool of
images

A pool of
texts

Source: P. Zhang and L. Zhang, A Tutorial On Vision Language Intelligence

Vision Language Tasks
Large Multi-modal Models (LMMs) in their current form 
primarily generate a text sequence.
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CLIP: Summary

üCLIP improved open-vocabulary visual recognition capabilities through
learning from Internet-scale image-text pairs.

✗CLIP doesn’t go directly from image to text or vice versa. It just
connecting the image and text embedding spaces

– CLIP can only address limited use cases such as classification
– It crucially lack the ability to generate language which makes them less suitable

to more open-ended tasks such as captioning or visual question answering
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CLIP Variants

• Objective function or pretraining
– Combining CLIP with label supervision
– Contrastive + self-supervised image representation learning

• Contrastive + Self-supervlised methods like SimCLR
• Contrastve + Masked Image Modeling (EVA, EVA-02)

– Fine-grained matching loss or Region-level pretraining
– …

16/38



Learning to Prompt for VLMs

Zhu et al., “Learning to Prompt for Vision-Language Models”, 2021
17



Learning to Prompt for VLMs

Zhu et al., “Learning to Prompt for Vision-Language Models”, 2021
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EVA-CLIP

• Simply regressing the masked out image-text aligned vision features (i.e., CLIP
features) scales up well (to 1.0B parameters) and transfers well to various
downstream tasks.

He et al., “Masked Autoencoders Are Scalable Vision 
Learners”, 2021

Fang et al., “EVA: Exploring the Limits of Masked Visual Representation Learning at Scale”, 2022.
19/38



EVA-CLIP

• Simply regressing the masked out image-text aligned vision features (i.e., CLIP
features) scales up well (to 1.0B parameters) and transfers well to various
downstream tasks.

Fang et al., “EVA: Exploring the Limits of Masked Visual Representation Learning at Scale”, 2022.
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EVA-CLIP

• The merged dataset for pre-training has 29.6 million images in total
• The output feature of EVA is first normalized and then projected to
the same dimension as the CLIP feature via a linear layer.

– negative cosine similarity as the loss function
– The CLIP features used as MIM prediction targets are trained on a 400 million

image-text dataset
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Vision-Language Models: Toward generative models

• Architecture
– Dual encoders
– Encoder-decoder
– Fusion decoder

CLIP & its mentioned variants
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Representations: Fusion
Early fusion concatenates raw inputs before any processing (max interaction, but struggles with 
heterogeneity),

Late fusion keeps modalities entirely separate until the final output (scalable but misses cross-
modal interactions)

Middle fusion encodes each modality independently first then fuses via cross-attention or gating 
(best balance, dominant in modern systems like LLaVA and BLIP-2)

23
Source: Prof. Paul Liang, MIT Media Lab - How to AI (Almost) Anything



Architecture of Multimodal Models 

24
Source: Prof. Paul Liang, MIT Media Lab - How to AI (Almost) Anything



CoCa: Contrastive Captioner

Yu et al., “Coca: Contrastive captioners are image-text foundation models”, 2022

• Use mixed image-text and image-label (JFT-3B) 
data for pre-training

• A generative branch for enhanced performance 
and enabling new capabilities (image captioning 
and VQA)

• CoCa aims to learn a better image encoder from 
scratch

Multi-modal 
fusion

25



CoCa: Contrastive Captioner

Yu et al., “Coca: Contrastive captioners are image-text foundation models”, 2022

• Use mixed image-text and image-label (JFT-3B) 
data for pre-training

• A generative branch for enhanced performance 
and enabling new capabilities (image captioning 
and VQA)

• CoCa aims to learn a better image encoder from 
scratch
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CoCa: Contrastive Captioner

Yu et al., “Coca: Contrastive captioners are image-text foundation models”, 2022
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CoCa Architecture: Summary

• Unified single-encoder, dual-encoder, and
encoder-decoder paradigms

– one image-text foundation model with the
capabilities of all three approaches

• Cross-attention is omitted in unimodal decoder
layers to encode text-only representations

• Multimodal decoder cross-attending to image
encoder outputs to learn multimodal
representations.

Yu et al., “Coca: Contrastive captioners are image-text foundation models”, 2022
28



SimVLM

• PrefixLM
Chunyuan Li's CVPR 2023 
Tutorial: Large Multimodal Models

Wang et al., “SimVLM: Simple Visual Language Model Pretraining with Weak Supervision”, ICLR 2022 29



Yu et al., “Coca: Contrastive captioners are image-text foundation models”, 2022
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Architecture of Multimodal Models

Li et al., “Multimodal Foundation Models: From Specialists to General-Purpose Assistants”, 2023
31



Image-Text Models: Summary 

• CLIP bridges the vision and language spaces

• It showcases impressive capabilities for zero-shot adaptation to unseen tasks and
image2text and text2image retrieval tasks

– However, it does not utilize for tasks like image captioning and VQA

• Encoder-decoder and fusion-decoder architectures provide ability of generating
text

32



Architecture of Multimodal Models

Li et al., “Multimodal Foundation Models: From Specialists to General-Purpose Assistants”, 2023
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LLMs as a Universal Interface for Multi-modal Systems

• Multimodal systems can provide a more flexible way of interaction
– typing, talking, or pointing your camera at something can be used throughout the question

• In the previous part, the interface had limited interactivity and adaptability to the user’s
instructions

• How can we utilize the potentials of LLMs for creating a general-purpose assistant?
– various tasks can be explicitly represented in language

• They must be able to ingest a multimodal prompt containing images and/or videos
interleaved with text.

34/46



Large Multi-modal Models (LMMs)

• Equip LLMs with eyes to see the world
– by training them on vision-conditioned language generation tasks
– and so use LLMs as a general interface for other modalities
– and thus make use of facts that it has learned during language-only pre-training

• Multimodal In-Context Learning (M-ICL)
– use demonstrations of some examples to conduct few-shot learning

• Multimodal Instruction-Tuning (M-IT)
– Finetune the model on instruction-following & use task instructions to repurpose the model

35/46



GPT 4: Example

https://openai.com › gpt-4
36/46

https://openai.com/gpt-4


https://huyenchip.com/2023/10/10/multimodal.html
37/46

https://huyenchip.com/2023/10/10/multimodal.html


Frozen LM Prefix

NF-ResNet-50

Tsimpoukelli et al., “Multimodal Few-Shot Learning with Frozen Language Models”, ICLR 2022 38/46



Frozen LM Prefix

• Frozen: Visual modalities are incorporated as input of LLMs without
needing to update LLMs weights

• Concatenated textual and visual embeddings are fed to the decoder
of the LLM, which generates a textual output autoregressively

• Finetunes an image encoder whose outputs are directly used as soft
prompts for the LLM.

Tsimpoukelli et al., “Multimodal Few-Shot Learning with Frozen Language Models”, ICLR 2022 39/46



Frozen: Multimodal few shot learning

Tsimpoukelli et al., “Multimodal Few-Shot Learning with Frozen Language Models”, ICLR 2022 40/46



Architectures

• Dual-encoder
• Encoder-decoder
• Fusion-encoder
• Unified transformer

41/46



BLIP-2

Aligns pretrained and frozen image encoders and language models by a lightweight Q-Former

Li et al., “BLIP-2: Bootstrapping Language-Image Pre-training with 
Frozen Image Encoders and Large Language Models”, ICML 2023

42
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BLIP-2: Q-former

a set of learnable query vectors to extract 
visual features from the frozen image encoder

Li et al., “BLIP-2: Bootstrapping Language-Image Pre-training with 
Frozen Image Encoders and Large Language Models”, ICML 2023

44



BLIP-2: Emerging capabilities

• Powered by LLMs (e.g. OPT and FlanT5), BLIP-2 can be prompted to
perform zero-shot image-to-text generation

– follows natural language instructions
– enables emerging capabilities such as visual knowledge reasoning and visual

conversation

Li et al., “BLIP-2: Bootstrapping Language-Image Pre-training with 
Frozen Image Encoders and Large Language Models”, ICML 2023
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Li et al., “BLIP-2: Bootstrapping Language-Image Pre-training with 
Frozen Image Encoders and Large Language Models”, ICML 2023
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Zero-shot Results on Various Tasks

Li et al., “BLIP-2: Bootstrapping Language-Image Pre-training with 
Frozen Image Encoders and Large Language Models”, ICML 2023
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LLaVA: Large Language-and-Vision Assistant

• The available multimodal instruction-following data is limited
– time-consuming collection
– less well-defined when human crowd-scouring is considered.

• LLaVA is the first visual instruction-following method

• LLaVA fine-tunes the whole LLM on 150K high-quality multi-modal instruction
data generated by GPT-4.

– expanding the original captions of COCO with handwritten seed instructions using GPT-4 to
provide descriptions and multi-round conversations.

Liu et al., “Visual Instruction Tuning”, NeurIPS 2023
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LLaVA: Architecture

The vision encoder converts input images into features 
Linear projection layer convert these features into a space compatible with the LLM. 

Liu et al., “Visual Instruction Tuning”, NeurIPS 2023

CLIP

Vicuna

49



LLaVA: Training

Two-stage Training
•Stage 1: Pre-training for Vision-language Alignment.

Only the projection matrix is updated, based on a subset of CC3M.

•Stage 2: Fine-tuning End-to-End. Both the projection matrix and LLM are finetuned on curated dataset

•Visual Chat: Generated multimodal instruction data for daily user-oriented applications.

•Science QA: Multimodal reasoning dataset for the science domain.

Liu et al., “Visual Instruction Tuning”, NeurIPS 2023
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Example 1: Extreme Ironing

Strong Visual Reasoning Ability

Liu et al., “Visual Instruction Tuning”, NeurIPS 2023
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Example 2: Chicken Nugget Map

Strong Visual Reasoning Ability

Liu et al., “Visual Instruction Tuning”, NeurIPS 2023
52/65



Example 3: LLaVA

Strong OCR Ability

53/65
Liu et al., “Visual Instruction Tuning”, NeurIPS 2023



Results

Liu et al., “Visual Instruction Tuning”, NeurIPS 2023
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InstructBLIP

• Multitask Instruct with Established Datasets

Dai et al., InstructBLIP: Towards General-purpose Vision-Language Models with Instruction Tuning, 2023 55



InstructBLIP: Architecture

56Dai et al., InstructBLIP: Towards General-purpose Vision-Language Models with Instruction Tuning, 2023



Zero-shot results on the held-out datasets

57Dai et al., InstructBLIP: Towards General-purpose Vision-Language Models with Instruction Tuning, 2023



Qwen-VL

58
Bai et al., Qwen-VL: A Versatile Vision-Language Model for 
Understanding, Localization, Text Reading, and Beyond, 2023



Pretraining Data

59
Bai et al., Qwen-VL: A Versatile Vision-Language Model for 
Understanding, Localization, Text Reading, and Beyond, 2023



Results on Image Captioning & General VQA

60
Bai et al., Qwen-VL: A Versatile Vision-Language Model for 
Understanding, Localization, Text Reading, and Beyond, 2023



Text-to-Image Generation
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Impressive conditional diffusion models

• Text-to-image generation
DALLE 2 IMAGEN

Ramesh et al., “Hierarchical Text-Conditional Image Generation with CLIP Latents”, arXiv 2022.
Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022.

62

https://arxiv.org/abs/2204.06125
https://arxiv.org/abs/2205.11487


Text-to-Image Generation

“Hierarchical Text-Conditional Image Generation with
CLIP Latents” Ramesh et al., 2022

“a teddy bear on a skateboard in times square” A group of teddy bears in suit in a corporate office celebrating 
the birthday of their friend. There is a pizza cake on the desk.

“Photorealistic Text-to-Image Diffusion Models with Deep
Language Understanding”, Saharia et al., 2022

ImagenDALL·E 2

63

Impressive conditional diffusion models

https://arxiv.org/abs/2204.06125
https://arxiv.org/abs/2205.11487


Text-to-Image Generation

Stable Diffusion Applications: Twitter Mega Thread

“High-Resolution Image Synthesis with Latent Diffusion Models” Rombach et al., 2022

Stable Diffusion

64

Impressive conditional diffusion modelsv

https://arxiv.org/abs/2112.10752


GLIDE

• Guided Language to Image Diffusion for Generation and Editing

• Text-conditional image-generation using diffusion models

• Guidance strategies:

• Classifier-free (superior in terms of photorealism and caption similarity)

• CLIP

• Powerful tool for image inpainting: interactive image refinement!

Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021 65



GLIDE: Training process

• train a 3.5 billion parameter diffusion model that uses a text encoder to condition
on natural language descriptions

66
Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021
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Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021



GLIDE: Classifier-free Guidance

• It allows a single model to leverage its knowledge during guidance

– Instead of relying on a separate classifier

• It simplifies guidance for other conditions like text

68Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021



GLIDE: CLIP Guidance

• Instead of 𝛻#! log 𝑝(𝑦|𝑥$), it uses 𝛻#!𝑓 𝑥$ . 𝑔(𝑐) where 𝑓 is the image
encoder and 𝑔 is the text encoder

• Guiding using the public CLIP model adversely impacts sample quality
– the noised intermediate images encountered during sampling are out-of-

distribution for the model

• Noised CLIP is proposed

69Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021



GLIDE: Architecture

• Text encoding transformer

• Base model: a diffusion model for low resolution image generation
conditioned on the text encoding

• Supper-resolution model: a diffusion model for high resolution image
generation conditioned on the low-resolution image and the text
encoding

70Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021



Cascaded generation

• Pipeline

Similar cascaded / multi-resolution image generation also exist in GAN (Big-GAN & StyleGAN)

Ho et al., Cascaded Diffusion Models for High Fidelity Image Generation, 2021 

𝑝*(𝑥,-(|𝑥, , 9𝑥) additionally conditions on the 
downsampled input 9𝑥 (bicubic upsampled version 
of 9𝑥 is concatenated in the channel dimension)

71



Cascaded generation: Super-resolution

• Conditioning Augmentation: training each super-resolution model
using data augmentation on its low resolution input.

72
Ho et al., Cascaded Diffusion Models for High Fidelity Image Generation, 2021 
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Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021



GLIDE: Failure Cases

• When prompted with unusual objects or scenarios

74
Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021



Image inpainting

• Fine-tune model to perform inpainting
• 4 additional channels (including RGB of remaining portions along with the mask)

are fed as additional conditioning information
• For upsampling, a full low-resolution is fed but unmasked regions of high-

resolution image

75
Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021
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Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2021



OpenAI DALL-E 2

A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022
77



OpenAI DALL-E 2

78
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



OpenAI DALL-E 2

Teddy bears shopping for groceries in ancient egypt What does the OpenAI office look like?
79

A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



OpenAI DALL-E 2

• CLIP text embedding is first prepared (from a frozen CLIP)

• It is fed to a diffusion (or autoregressive) prior to produce an image embedding

• This embedding is used to condition a diffusion decoder which produces image

a diffusion decoder to invert 
the CLIP image encoder

A  prior to generate possible CLIP image 
embeddings from a given text caption

80
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



OpenAI DALL-E 2

• A decoder (of CLIP image embedding) is combined with a prior model
– The produced image embedding is used to condition the diffusion decoder

• Decoder is non-deterministic
– can produce multiple images corresponding to a given image embedding

• The presence of an encoder and its approximate inverse (the decoder) allows for
capabilities beyond text-to-image translation

– E.g., using the CLIP latent space provides the ability to semantically modify images by moving
in the direction of any encoded text vector

81
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



Image manipulations: Interpolations

82
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



Encoding with clip + decoding with a diffusion model

83
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



Probing the CLIP Latent Space

84
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



Image manipulations: Text diffs

85
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



“A green vase filled with red roses sitting on top of table.”

86
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



Quantitative analysis

87
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



Quantitative analysis

88
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



Failure cases
“A red cube on the top of a blue cube.”

89
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



90
A. Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, 2022



Architecture of DALL-E 2 & Imagen

• Pixel-based Diffusion (No encoder-decoder) 
• pre-trained text encoder (CLIP, T5)
• Diffusion model + classifier-free guidance
• Cascaded models: 64->128->512 

https://cdn.openai.com/papers/dall-e-2.pdf

https://arxiv.org/abs/2205.11487 91



DALL-E 3

• Using a Large Language Model to encode the prompt, and directly condition the 
image generation process

• DALL-E 3 represents a leap forward in the ability to generate images that exactly 
adhere to the text

– avoid the tendency to ignore words or descriptions

92



Stable Diffusion

93

• A diffusion-based model for generating high-quality, diverse images from text
prompts.
• Built on the Latent Diffusion Model (LDM) framework.
• Performs the diffusion process in a compressed latent space rather than pixel

space, significantly reducing memory and computation.
• Widely adopted for tasks beyond generation, including inpainting and image

editing.

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022



Latent Space Diffusion Models

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022
94



Stable Diffusion: Main Components

95

• VAE (Encoder + Decoder)
• Text Encoder
• Denoiser Network
• Scheduler

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022



Stable Diffusion: VAE

96

• The VAE encoder maps images to low-dimensional latent space, enabling efficient
forward process with reduced memory/compute.
• The VAE decoder reconstructs images from noise-free latent representations.
• Both encoder and decoder are frozen during training.
• During inference, only the decoder is used to convert denoised latents back to

images.

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022



Stable Diffusion: Text Encoder

97

• Maps input tokens to dense text embeddings using a frozen transformer-based
encoder (typically CLIP).
• Remains frozen during training to leverage pre-trained language understanding.
• Text embeddings are fed into the U-Net denoiser via cross-attention, guiding the

image generation process.
– Enables prompt-conditioned generation, aligning outputs with user instructions.

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022



Stable Diffusion: Denoiser Network

98

• Operates in latent space to progressively remove noise.
• Conditioned on text embeddings via cross-attention to align generation with

prompts.
• Uses a U-Net architecture with residual blocks and attention mechanisms.

– Receives as input: noisy latent, timestep, and text embeddings.
– Outputs a denoised latent, which is refined over multiple steps.

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022



Stable Diffusion: Scheduler

99

• Determines the noise schedule across timesteps (e.g., linear, cosine, or learnable
schedules).
• Provides the timestep embedding input to the U-Net during training and

inference.
• Used in both training (forward + reverse) and inference (reverse only).
• A training-free component

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022



Stable Diffusion: Training Configurations

100

• Dataset: LAION-5B, a large-scale text-image pair dataset.
• Image Resolution: 512×512 or 1024×1024
• Latent Dimension: Usually 64×64 or 32×32
• Text Encoder: Frozen CLIP (ViT-L/14)
• Loss Function: Mean Squared Error (MSE) between predicted and true noise.

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022



Stable Diffusion: Examples

101



Text-to-Image Models: Challenges

102

• Compositional Generation: Struggles to accurately render prompts with multiple
distinct objects, complex scenes, or spatial relationships

– e.g., “a red cube on a blue sphere next to a cat”

• Bias: May reflect biases from training data and text encoder

• Prompt Sensitivity: Small changes in phrasing can lead to drastically different
results



Text to Image Generation: Summary

• Diffusion-based models (Classifier-guided)
– GLIDE
– DALL-E2

• Latent space diffusion models
– Stable Diffusion

• Cross-attention on embedding of text tokens

103


