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• Schedule out, please sign up if you haven’t done so by Friday!

• Sessions are around “topics” so feel free to suggest additions to paper list for that topic. 

• First job is to define main paper (that will be reviewed) and will make up majority of 
presentation details

• Other auxiliary/context papers should be covered more concisely (e.g. a few slides)

• Reminder:

• 15% Class Participation – Attendance and participation in-class/Ed

• 20% Paper Reviews – Due night before paper presentation 

• First one due Monday Aug 2 11:59pm

• 15% Paper Discussion - Presentation

• 50% Project

• Pick teams by Sept 11

• Proposal (~5 min presentation) to be presented Sept 18

• All deliverables to be submitted on Canvas, see instructions/rubrics there

• Attendance sheet being passed around 
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• Several different flavors of multi-modal models

• Training of aligned encoders (CLIP)

• Text-conditioned image generation (flow-based, 
diffusion, GANs, VAEs)

• Image-conditioned text generation (captioning, 
vision-question answering)

• Specialied captioning/VQA models (more engineered 
encoders, e.g. object detection, etc)

• Full-fledged any-input (text or image) -> language 
generation

• My hope: Any to any models!
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Leveraging Large Language Models
• MLLMs: Combining LLMs with other modalities (e.g., 

vision)
– Key capabilities:

– Writing stories from images

– OCR-free math reasoning

– Decision-making

– Embodied/Robotics

– Rapid development since 2022

• Some concepts for today:
– How can we leverage pre-trained MLLMs (early proof of 

concepts – Frozen)

– How should modalities interact? (BLIP-2: Q-former, 
Flamingo: Perceiver-I/O and cross-attention)

– Can we support interleaved inputs and hence few-shot 
prompting (in-context learning)?

Yin et al., A Survey on Multimodal Large Language Models

GPT4-V Demo



Early Vision-Language



Vilbert

Interaction/Fusion: Cross-AttentionTraining: Masked Prediction + Alignment

Lu et al., ViLBERT: Pretraining Task-Agnostic Visiolinguistic Representations for Vision-and-Language Tasks



Frozen: Approach



Architectures

• Language model: GPT-like ~7B model trained on C4

– C4: Cleaned up version of common crawl by Google/Meta

• Vision Model:  NF-ResNet-50 architecture 



Frozen: Supports Interleaved Inputs!



Frozen: Supports Few-Shot Learning!





BLIP-2
Slide by Chunyuan Li



Problems With Current Vision-Language Pretraining

• No unified architecture for multi-task vision-language pre-training
o Encoder only models

▪ CLIP, ALBEF

▪ Not directly applicable to text generation tasks

o Encoder-Decoder models
▪ VL-T5, SimVLM

▪ Can't perform image-text retrieval

• Noisy image captions are suboptimal for vision-language pretraining

• High computational costs during pre-training

• Pre-trained encoders experience catastrophic forgetting

BLIP

BLIP 2
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BLIP 3Diffusion Transformer



Proposed Solutions

• BLIP: Bootstraping Language Image Pretraining
o Multimodal mixture of Encoder-Decoder (MED)

▪ Unimodal encoder

▪ Image-grounded text encoder

▪ Image-grounded text decoder

o Captioning and Filtering (CapFilt)

• BLIP 2: BLIP with Frozen Unimodal Models
o Modality bridge with Q-Former

o Frozen Unimodal Encoders

▪ Compute Efficient

▪ Very less forgetting

23
Li et al., BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-Language Understanding and Generation

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



BLIP Model Architecture

1. Unimodal Encoder (Image & Text Encoder)

2. Image-Grounded Text Encoder

3. Image-Grounded Text Decoder

Each block color represents

a unique weight parameters

ViT-B/16 or ViT-L/16

24



BLIP Text Encoder/Decoder Parameter Sharing

25

Shared Bi Self-Att Layer

Shared Feed 

Forward Layer

Shared Cross-Att Layer

Sharing parameters reduces model size



Pre-training Loss Function (ITC & ITM)

Image-Text Contrastive Loss (ITC) [1]

Align the feature space of the visual 
transformer and text transformer

Encourage positive image-text pairs, 
having similar representation 

Image-Text Matching Loss (ITM) [1]

Capture the fine-grained alignment b/w 
vision & language

Binary classify of whether an image-text 
pair matched or unmatched

[1]Li, et al.  Align before Fuse: Vision and Language Representation Learning with Momentum Distillation, NeurIPS21

Bi-directional self-attention block -> 

build representations of current 

tokens

26



Pre-training Loss Function (LM)

Language Modeling Loss (LM)

Generate text captions given an image

Maximize the likelihood of the caption in an autoregressive 
manner

Enables generalization capability of converting vision into 
coherent caption

Causal self-attention block -> predict next tokens

27



Captioning and Filtering (CapFilt)

Create synthetic captions & filter out noisy captions

Gap: Image-text pairs from web data are noisy -> suboptimal performance in VLM

28

Captioner: Decoder Finedtuned with LM Loss.

Filter: Encoder Finetuned with ITC and ITM Loss. Filter text (both from web and synthetic data) 

if ITM is 0. 



Diversity is The Key

Nucleus Sampling (Stochastic Search) for Caption Selection

Each token is sampled from a set of tokens whose cumulative probability mass 
exceeds a threshold p (0.9).

Noisier data, but better performance.

More diverse and surprise data for better robustness?

29



Pre-training & Finetuning Procedure

30

web-data & 
human-annotated 

data

Pretrained 

Unimodal Encoder Finetuned CapFilt

Filtered web-data 

& synthetic data

N times



Experiments and Results

• Image Transformer
ViT-B/16 or ViT-L/16 architecture pre-trained on ImageNet

• Text Transformer
BERTbase 

• Pre-training Dataset (14M, 129M Images)
2 human-annotated datasets: COCO & Visual Genome

3 web datasets: Conceptual Captions, Conceptual 12M, SBU captions

• Finetune to downstream datasets

• Image Resolution (384 x 384)

31



Effect of CapFilt

The use of captioning or/and filtering improves the performance across all tasks 

Performance scales with more data (14M -> 129M) and more parameters (ViT-B/16 -> 
ViT-L/16)

Metrics

TR: Image-text retrieval

IR: Image caption

B@4: BLEU

Settings

FT: Finetuning

ZS: Zero-Shot
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Sharing Parameters Results

Sharing all parameters except for self-attention (SA) in the text encoder and 
decoder -> best performance & reduce model size

Reasoning: Sharing SA layer would degrade performance due to conflicting 
objective between the encoder and decoder.
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Image Text Retrieval

• Evaluate BLIP for both image-to-text retrieval (TR) and text-to-image retrieval (IR), 
fine tuned on image-text contrastive loss (ITC) and image text matching loss (ITM).

• Select k candidates based on the image-text feature similarity, and then rank the 
selected candidates based on their pairwise ITM scores.
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Image Captioning

• Similar as Simvlm (Wang et al. (2021)), add a prompt “a picture of” at the 
beginning of each caption, which leads to slightly better results.
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Visual Question Answering

• An answer generation task, which enables open-ended VQA.

• During finetuning, they rearrange the pre-trained model, where an image-
question is first encoded into multimodal embeddings and then given to an 
answer decoder. The VQA model is finetuned with the LM loss using ground-truth 
answers as targets.
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Natural Language Visual Reasoning

• NLVR (Suhr et al., 2019) asks the model to predict whether a sentence describes 
a pair of images.

• Make a "simple" modification to our pre-trained model -> a more computational-
efficient architecture.
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Visual Dialog

• VisDial (Das et al., 2017) extends VQA in a natural conversational setting, where 
the model needs to predict an answer not only based on the image-question 
pair, but also considering the dialog history and the image’s caption.

• Follow the discriminative setting where the model ranks a pool of answer 
candidates.

38



Zero-Shot Transfer to Video Language

• Perform zero-shot transfer to text-to-video retrieval and video question answering, 
where we directly evaluate the models trained on COCO-retrieval and VQA, 
respectively.

• To process video input, we uniformly sample n frames per video(n = 8 for retrieval 
and n = 16 for QA) and concatenate the frame features into a single sequence. 
Note that this simple approach ignores all temporal information.
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BLIP-2

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

BLIP2: Introduces Q-Former
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BLIP2: Q-Former



BLIP2 Test Results

42



Summary of Strengths, Weaknesses, Relationships

• New pre-training (fine-tuning) 
techniques

• Synthetic data (less noise/variance)

• Scalability (In terms of performance)

• Network architecture is modular

• Very specific finetuning procedure

• Introduced new architectures after 
pre-training

• Very specific testing setup with a lot of 
model changes

• Synthetic data (more bias) 

43



Flamingo
Slide by Chunyuan Li



Problem Statement

Goal: Few-shot learning to perform novel multimodal tasks

Implications

• Key element of human intelligence

• Don’t need to fine-tune models

• Resource intensive

• Task-specific annotated data

Contributions

• Flamingo: family of VLMs [1]

• Connect frozen vision-only and language-

only models

• Interactive, generates open-ended text

• State-of-the-art learning on 16 tasks (Q)

• Using just examples

• VQA, captioning, visual dialogue, etc.

Q: Can it localize objects? 4

5

Flamingo: a Visual Language Model for Few-Shot Learning (Alayrac et al.)



Related Works

Partial Fine-Tuning

• Adapter modules [2]

• Few trainable parameters per task

• Original network parameters stay fixed

• BitFit [3]

• Only modifies bias term

• Competitive performance to fine-tuned 

models

Prompt-Based Approach

• GPT-3 [4]

• Show in-context examples within prompt

• Scaled-up language model

• Prompt-Tuning [5] (Q)

• Prompt optimization through gradient 

descent

• Learn “soft prompts” to influence frozen 

LM to perform tasks

Adapting models to novel tasks

Q: Since prompt-tuning achieved better few-shot learning performance than GPT-3, could it also achieve better 

performance in multimodal space? 4
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Related Works

• SOTA accuracy on MMLU

• MMLU: Exam-like questions on 

academic subjects

• Scaled training tokens at same rate 

as model size

• Trained on MassiveText [7]

Chinchilla: Base Language Model [6]

4

7



Training:

Zero to Few-Shot
Slide by Vicente Ordóñez 



• Three challenges for training with image/video and text.

• Supporting both images and videos

–  Images /videos :2D structure with high dimensionality. 

– Text: 1D sequence

– Sol.: Introduce Perceiver Resample module.

• The interaction with image/video and text

– keep the pretrained model’s language understanding and generation capabilities fully intact

– Sol.: Interleave cross-attention layers with frozen self-attention. gating mechanism.

• Obtaining multimodal dataset to induce good generalist capabilities

– Dataset with weak matching problem

– Sol.: combine dataset with standard strong related paired image/text and video/text datasets

Flamingo VLM

Slide by Azade Farshad and Mei Sun



• Overview of the Flamingo Model

• Each image is 

encoded individually

Slide by Azade Farshad and Mei Sun

Flamingo VLM



August 28, 
2025

• Model structure - Supporting both images and videos 

Maps a variable size grid of visual features from the 

Vision Encoder to a fixed number of output token (5 in the 

figure.)

• Using pre-trained ResNet to get visual features 

Xf

• Compress the encode image into R tokens

• Core of this module : Attention .

– Query: the learned latent token X

– Key=Value: the concatenation of  Xf, and the 

learned latent token X

– Better performance by concatenating keys 

and values obtained from latent

• If the input is video

–  Xf will add time embeddings

Flamingo VLM

pseudo code

fixed #

Slide by Azade Farshad and Mei Sun



Perceiver-IO
Slide by Azade Farshad and Mei Sun



• Model structure - The interaction with image/video and text

A Gated Cross attention mechanism is proposed to fuse images and text.
Slide by Azade Farshad and Mei Sun

Flamingo VLM



• Model structure - The interaction with image/video and text

• Frozen LM layers

– LM: 70B parameter Chinchilla 

– keep pretrained LM’s language understanding 

• Gated Cross Attention:

– Query: Y,   Key=Value: X

– Tanh Gating:  Initialized with 0 then gradually increases

– Transitions from a  fully trained text-only model to a visual 

language model.

• The LM can generate text conditioned on the above visual 

tokens

Slide by Azade Farshad and Mei Sun

Flamingo VLM

https://www.deepmind.com/publications/an-empirical-analysis-of-compute-optimal-large-language-model-training


• Model structure - Interleaved visual data and text support

• Multi-visual input support: per-image/video attention masking

• During Cross-attention, 

– each text can only focus on one image before it.

– Function 𝜙 : for each token what is the index of the last preceding image 

• During final prediction,

– each token can focus on all the previously text and image

non 

masked

masked

Slide by Azade Farshad and Mei Sun

Flamingo VLM



Flamingo VLM

• Model structure - Obtaining multimodal dataset to induce good generalist capabilities

• M3W: Scrapping 43 million webpages from the Internet

• Training on a mixture of vision and language datasets 

– M3W(185M images+ 182G text)

– ALIGN(1.8B images with alt-text)

– LTIP (312M images/text) 

–  VTP(27M short video/text)

Slide by Azade Farshad and Mei Sun



• Result: Overview of the results of the Flamingo models

• Larger model sizes and 

more few-shot examples 

lead to better performance

•  Performance of Flamingo model using different numbers of shots and of different 

sizes,(without fine-tuned) in comparison with SoTA fine-tuned baseline.
Slide by Azade Farshad and Mei Sun

Flamingo VLM



Flamingo In-Context
Slide by Vicente Ordóñez 



Approach

Training on a mixture of vision and language datasets

• Datasets
• M3W:Interleaved image and text dataset.
• ALIGN: 1.8B text-to-image
• LTIP: 312M long-text and image
• VTP: 27M short-video and text

• Multi-objective training and optimisation strategy. 
• Tuning the per-dataset weights 𝜆𝑚 is key to performance.
• Below weights were obtained empirically at a small model scale and kept fixed afterwards.

59

Dataset M3W ALIGN LTIP VTP

𝜆m 1.0 0.2 0.2 0.03



Experiments and Results

Zero/Few-shot Performance

60



Experiments and Results

Fine-Tuning Performance
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Experiments and Results

Ablation Study

62



Limitations

Functional Limitations

• Hallucinations (Q)

• Poor generalization for long 

sequences

• Worse than contrastive models in 

classification

• Sensitivity to examples

Practical Limitations

• Text interface inconvenient for some 

tasks

• Expensive to train

Q: Is the model simply inferring answers through the prompts without using images?
63



Limitations

Learning new task or identifying trained task?

• Performance plateaus as number of examples 

reach 32

• Non-trivial performance without images (Q)

• Examples may be locating task in memory (Q)

• “Task Location” [8]

Q: Is the model learning a new task at inference or just identifying a task learned during training?

Q: Is it possible that the model’s success is just due to the capabilities of the LM?
64



Strengths

Reusability

• Repurpose pretrained frozen models

• Practical and environmental benefits

• New modalities can be introduced

• Only used 5 datasets for design 

decisions

Accessibility

• Few-shot task learning

• Chat interface

• Non-expert use

• Handles open-vocabulary prompts

• Explainability and interpretability

65



Weaknesses

Performance Dependencies

• Weights of mixture dataset

• Large model size and large 

pretraining dataset size

Minor Issues

• Lack of detailed settings on 

downstream tasks, e.g. will <image> 

token also cross-attend to visual 

conditions?
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• Please do the reading and paper reviews!
• First one due Monday Sept 1 11:59pm
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