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Very Rapid Evolvement of Language-based LLMs

3

[1] A Survey of Large Language Models. https://github.com/RUCAIBox/LLMSurvey , 2023

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://github.com/RUCAIBox/LLMSurvey
https://mllm2024.github.io/CVPR2024/


Expanding to Multimodality
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[1] A Survey of Large Language Models. https://github.com/RUCAIBox/LLMSurvey , 2023

This world we live in is replete with multimodal information & signals, not just language.

…

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://github.com/RUCAIBox/LLMSurvey
https://mllm2024.github.io/CVPR2024/


Building Multimodal LLMs

5

Can we transfer the success of LLMs to MLLMs, enabling LLMs to comprehend multimodal
information as deeply as they understand language?

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

Perceiving and interacting with the world as HUMAN BEINGs do, might be the key to achieving
human-level AI

https://mllm2024.github.io/CVPR2024/


Building Multimodal LLMs

6

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] A Survey on Multimodal Large Language Models. https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models , 2023.

https://mllm2024.github.io/CVPR2024/
https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models


Key Aspects for Building Powerful MLLMs
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://mllm2024.github.io/CVPR2024/
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Architecture MLLMs
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

Nearly all CURRENT MLLMs are built based on language-based LLMs as the core decision-making module 
(i.e., the brain or central processor).

By adding additional external non-textual modality modules, LLMs are enabled with multimodal abilities.

https://mllm2024.github.io/CVPR2024/


[Arch] LLM as Discrete Scheduler/Controller

10

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

The role of the LLM is to receive textual signals and instruct textual commands to call downstream modules

https://mllm2024.github.io/CVPR2024/


[Arch] LLM as Discrete Scheduler/Controller
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

• Quick to build (without training), flexible extension to many tool features
• Information loss in text medium, the bottle-neck

https://mllm2024.github.io/CVPR2024/


[Arch] LLM as Joint Part of System
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

The role of the LLM is to perceive multimodal information, and react by itself, in a 
structure of Encoder-LLM-Decoder.

https://mllm2024.github.io/CVPR2024/


[Arch] LLM as Joint Part of System

13

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

• > 90% MLLMs belong to this
category.

• Higher upper-bound, better
integrated into a unified
model

[1] A Survey on Multimodal Large Language Models. https://github.com/BradyFU/Awesome-Multimodal-LargeLanguage-Models , 2023.

https://mllm2024.github.io/CVPR2024/
https://github.com/BradyFU/Awesome-Multimodal-LargeLanguage-Models
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Multimodal Encoding: Visual Encoder
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[CLIP]
• CLIP-ViT is the most popular choice for vision-language models.
• SigLIP is gaining increasing popularity (smaller and stronger)

[High Resolution MLLMs]
• GPT-4V, LLaVA-NeXT, MiniCPM-V 2.0/2.5, LLaVA-UHD,

mPLUGDocOwl 1.5, SPHINX, InternLM-XComposer2-4KHD,
Monkey

https://mllm2024.github.io/CVPR2024/


Multimodal Encoding: Visual Encoder
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[High Resolution MLLMs]
• Dual Branches Encoders
• CogAgent, Mini-Gemini, DeepSeek-VL, LLaVA-HR

https://mllm2024.github.io/CVPR2024/


Multimodal Encoding: Visual Encoder
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[High Resolution MLLMs]
• ViT-free: linear project pixel-patches into tokens
• Representatives: Fuyu, OtterHD
• A potential unified way for MLLMs, getting rid of ViTs
• More costly to train, produce lengthy visual tokens

https://mllm2024.github.io/CVPR2024/


Multimodal Encoding: Non-Visual Encoder
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

• Audio:
Whisper
AudioCLIP
HuBERT
BEATs

• 3D Point:
Point-BERT

https://mllm2024.github.io/CVPR2024/


Unified Multimodal Encoding

19

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[ImageBind]
• Embedding all modalities into a joint representation space of Image.
• Well aligned modality representations can benefit LLM understanding

[1] ImageBind: One Embedding Space To Bind Them All. 2023

https://mllm2024.github.io/CVPR2024/


Unified Multimodal Encoding

20

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[LanguageBind]
• Embedding all modalities into a joint representation space of Language.
• Well aligned modality representations can benefit LLM understanding

[1] LanguageBind: Extending Video-Language Pretraining to N-modality by Language-based Semantic Alignment. 2023

https://mllm2024.github.io/CVPR2024/


Multimodal Signal Tokenization

21

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

AnyGPT

[1] AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023

https://mllm2024.github.io/CVPR2024/


Multimodal Signal Tokenization

22

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[Tokenization in codebook]

Represent multimodal signals as discrete tokens in a codebook

• Advantages: support unified multimodal signal understanding and generation in an auto-
regressive next-token prediction framework

• More commonly used in image synthesize
Parti
Muse (parallel)
MaskGIT (parallel)

• Representative Multimodal LLMs
Gemini
CM3
VideoPoet

https://mllm2024.github.io/CVPR2024/


Methods to Connect Multimodal Representation with LLM

23

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

Projecting multimodal (e.g., image) representations into LLM semantic
space

• Q-Former: BLIP-2, InstructBLIP, VisCPM, VisualGLM

• Linear projection: LLaVA, MiniGPT-4, NExT-GPT

• Two-layer MLP: LLaVA-1.5/NeXT, CogVLM, DeepSeek-VL, Yi-VL

• Perceiver Resampler: Flamingo, Qwen-VL, MiniCPM-V, LLaVA-UHD

• C-Abstractor: HoneyBee, MM1

https://mllm2024.github.io/CVPR2024/
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Multimodal LLM Functionality

25

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://mllm2024.github.io/CVPR2024/
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MLLM Functionality: Image Perception – Contrastive 
Learning - CLIP (Radford et al. 2021)

27

Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

Contrastive loss, but.. Transformers and *web data*!

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


MLLM Functionality: Image Perception – Contrastive 
Learning

28



MLLM Functionality: Image Perception – Contrastive 
Learning

29



MLLM Functionality: Image Perception – Contrastive 
Learning
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MLLM Functionality: Image Perception – Contrastive 
Learning
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MLLM Functionality: Image Perception – Contrastive 
Learning - CLIP
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MLLM Functionality: Image Perception – Contrastive 
Learning - CLIP
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MLLM Functionality: Image Perception – Contrastive 
Learning - CLIP

i
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Vision and Language 743

51.3 Learning Visual Representations from Language
Supervision

In chapter 30, we saw that one approach of learning visual representations is to set up a
pretext task that requires arriving at a good representation of the scene. In this section we
will revisit this idea, using language association as a pretext task for representation learning.

In fact this is not a new idea: historically, one of the most popular pretext tasks has been
image classification, where an image is associated with one of K nouns. In a sense, this
is already a way of supervising visual representations from language. Of course, human
languages are much more than just a set of K nouns. This raises the question, could we use
richer linguistic structure to supervise vision?

The answer is yes! And it works really well. Researchers have tried using all kinds of lan-
guage structures to supervise vision systems, including adjectives and verbs [231], words
indicating relationships between objects [277], and question-answer pairs [17]. What seems
to work best, once you reach a certain scale of data and compute, is to just use all the struc-
ture in language, and the simplest way to do this is to train a vision system that associates
images with free-form natural language.

This is the idea of the highly popular CLIP system [394]. The idea of visual
learning by image
captioning actually has a
long history before CLIP.
One important early paper
on this topic is [365].

CLIP is a contrastive method
(see section 30.10) in which one data view is the image and the other is a caption describing
the image. Specifically, CLIP is a form of contrastive learning from co-occurring visual and
linguistic views that is formulated as follows:

CLIP

Objective
⇣

– log ef`(`)Tft(t+)/⌧

ef`(`)Tft(t+)/⌧ +
P

i ef`(`)Tft(t–
i )/⌧ +

– log eft(t)Tf`(`+)/⌧

eft(t)Tf`(`+)/⌧ +
P

i eft(t)Tf`(`–
i )/⌧

⌘
/2

Hypothesis space

f` : R3⇥N⇥M ! Sdz

ft : RT⇥dt ! Sdz

Data

{t(i), `(i)}N
i=1 ! f`, ft!

where ` represents an image, t represents text, Sdz represents the space of unit vectors of
dimensionality dz (i.e., the surface of the [dz – 1]-dimensional hypersphere), f` is the image
encoder, ft is the text encoder, image inputs are represented as [3 ⇥ N ⇥ M] pixel arrays, text
inputs are represented as dt dimensional tokens, and dz is the embedding dimensionality.
Notice that the objective is a symmetric version of the InfoNCE loss defined in equation



• Instead of directly querying
class category names, can
we use descriptions to
improve the classification
for vision language models?

• Can we use language
modality as the internal
representation for vision
task to enhance
interpretability?

Haolin Zhang

35

MLLM Functionality: Image Perception – Improving CLIP 
with Descriptions



𝑠 𝑐, 𝑥 : computed as the addition of all the descriptors pertains to image
- x: image
- d: descriptor
- D(c): descriptors for class c
- phi: dot product using CLIP

Haolin Zhang
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MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models


Prompt 
Structure

Adding “-” help elicit LLMs to output in a bulleted list

Haolin Zhang; Menon and Vondrick, ICLR 2023

37

Generating Descriptors from Large Language Models (LLMs)

MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models


Computed by CLIP similarity

Haolin Zhang; Menon and Vondrick, ICLR 2023
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Classification by Description

MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models


• Descriptors are generated by prompting GPT3
• Category Specific
• Or general description 

Haolin Zhang; Menon and Vondrick, ICLR 2023
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Generating Descriptors from Large Language Models (LLMs)

MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models


Adapted from Haolin Zhang; Menon and Vondrick, ICLR 2023

Dosovitskiy et al., ICLR 2021
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Classification by Description (Results)

MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models
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Classification 
by Description 

(Results)

MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models


Capability in acquiring and utilizing novel information

• Add two new categories to the validation dataset of ImageNet

Descriptors generated by GPT 3

Recall: 100% Recall: 10%

Recall: 0%Recall: 100%

Haolin Zhang; Menon and Vondrick, ICLR 2023
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MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models


Correcting failures induced by bias
• Both foundational models (CLIP and GPT 3) have bias for certain categories ---- e.g. 

“Wedding”

Manually corrected description

Haolin Zhang; Menon and Vondrick, ICLR 2023
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MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models


Analyzing the failure modes
• Failure in descriptor creation

Not visual descriptors

Vespa from ImageNet

From GPT 3

Haolin Zhang; Menon and Vondrick, ICLR 2023
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Classification by Description (Results)

MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models


Influences of language model choices
• Small LLMs degrade the performance 

Haolin Zhang; Menon and Vondrick, ICLR 2023
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Classification by Description (Results)

MLLM Functionality: Image Perception – Visual Classification via
Description from Large Language Models (Menon and Vondrick, ICLR 2023)

Visual%20Classification%20via%20Description%20from%20Large%20Language%20Models


MLLM Functionality: Image Perception – Contrastive 
Learning - ALIGN (Jia et al., 2021)
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

Same idea of CLIP, but EVEN MORE data (JFT at 1.8B image-text pairs vs CLIP’s 300m).

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


MLLM Functionality: Image Perception

47

Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

FLAVA (Singh et al., 2021)

Holistic approach to multimodality.
One foundation model spanning V&L, CV and NLP.

Jointly pretrained on:
• unimodal text data (CCNews + BookCorpus)
• unimodal image data (ImageNet)
• public paired image-text data (70M)

All data/models are publicly released.

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


MLLM Functionality: Image Perception - FLAVA
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

The PMD dataset

• 70M image-text pairs from public sources

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


MLLM Functionality: Image Perception - FLAVA
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

Problems to Solve

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


MLLM Functionality: Image Perception - FLAVA
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

How does FLAVA work?

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


MLLM Functionality: Image Perception - FLAVA
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

How does FLAVA work?

On average, over 35 tasks,
FLAVA obtains impressive
performance

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


MLLM Functionality: Image Perception - FLAVA
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

How does FLAVA work?

On average, over 35 tasks,
FLAVA obtains impressive
performance

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/
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MLLM Functionality: Image Perception - SimVLM (Wang et 
al., 2022)

54

Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

Slowly moving from 
contrastive/discriminative to generative.

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


MLLM Functionality: Image Perception - CoCa Contrastive 
Captioner (Yu et al., 2022)
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

Best of both (contrastive and generative) worlds.

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

Kind of like MMBT* but with a better LLM (T5) and a
better vision encoder (NF-ResNet).

Multi-Modal Few-Shot Learners!

MLLM Functionality: Image Perception - Frozen
(Tsimpoukelli, Menick, Cabi, et al., 2021)

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

80b param model based on Chinchilla.

Multi-image.

MLLM Functionality: Image Perception -
Flamingo (Alayrac et al., 2022)

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

Freeze it all (CLIP-ViT / OPT decoder / FlanT5 encoder-decoder)

MLLM Functionality: Image Perception - BLIP/BLIP2 (Li et al., 2023)

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


BLIP2: Bootstrapping language-image pre-training with frozen 
image encoders and large language models

Kyle Buettner

59



• Extracts fixed # of features from image encoder
• Has image and text transformers with same self-attention layers
• Learnable query embeddings (Z) are inputs to image transformer

• 32x768; can interact with each other, text, and frozen image features
• Goal: Extract visual info most relevant to the text

• Initialized with BERTbase weights
• 188M parameters

Kyle Buettner
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BLIP2 Architecture: Q-Former 



Goal: Alignment
Task: Contrastive learning with in-
batch negatives (original BLIP uses
momentum queue)
Masking: Text only attends to text and
queries to queries to avoid info leak

Goal: Fine-grained alignment
Task: Binary classification if
image-text pair is matching
Masking: All queries/text can
attend to each other

Goal: Generate text conditioned on image
Task: Decode text
Masking: Queries can attend to each other
but not the text tokens. Text can attend to
queries and previous text tokens.

Kyle Buettner
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BLIP2 - Stage 1 Training: Representation Learning
• Three objectives are jointly optimized using different self-attention masking 

strategies to control query-text interaction



• Query embeddings Z projected into LLM embedding space and prepended to input text 
embeddings

• A soft visual prompting mechanism for the LLM
• Different loss forms are used for different LM architectures 

• Decoder – language modeling loss over the queries
• Encoder-decoder – prefix pretrained with LM loss; suffix used as generation target 

Kyle Buettner
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BLIP2 - Stage 2: Generative Learning



Kyle Buettner
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BLIP2 - Instructed Zero-Shot Image-to-Text 
Generation (1/2)



Kyle Buettner
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BLIP2 - Instructed Zero-Shot Image-to-Text 
Generation (2/2)



BLIP2 - Example Issues

Kyle Buettner
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

Providing a rationale helps give the right answer.

MLLM Functionality: Image Perception - Multimodal “Chain of Thought”
(Zhang et al., 2023)

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/
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Stanford CS224N - Douwe Kiela - Multimodal Deep Learning – https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/

LLMs => MLLMs == Foundation Model

MLLM Functionality: Image Perception - KOSMOS-1 (Huang et al., 2023)

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/


• Instruction tuning in multimodal space
• Contributions

• 1) Data creation strategy to create instruction-following multimodal data (from
image-text pairs)

• 2) Large multimodal model – LLaVA – open-set visual encoder of CLIP connected
with language decoder LLaMA, finetuned end-to-end

• State-of-the-art performance on ScienceQA dataset
• 3) Open-source assets – multimodal instruction data, codebase for data

generation/training, checkpoint, visual chat demo

Kyle Buettner
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MLLM Functionality: Image Perception - LLaVA: 
Large Language and Vision Assistant (Liu NeurIPS’23)



MLLM Functionality: Image Perception - LLaVA
GPT-Assisted Visual Instruction Data Generation
• Amount of multimodal instruction-following data is limited, but image-text 

pairs are widely available
• Conceptual Captions, LAION 

• Approach: Use ChatGPT/GPT-4 to create instruction data
• Create set of questions Xq  with intent to instruct assistant to describe image content 
• Input: Image Xv, Caption Xc

• Use simple/cheap idea to expand <Xv, Xc> 
• XqXv<STOP>\n Assistant: Xc<STOP>\n.

• But lacks diversity and in-depth reasoning…

Kyle Buettner
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GPT-Assisted Visual Instruction Data Generation
• To expand data, use two symbolic representations for image and input into LLM

(ChatGPT/GPT-4)
• Captions
• Bounding boxes for each object in the scene

• Use these (from COCO images) to generate 3 types of instruction-following data with
LLMs

• Conversation – QA about object types, counts, actions, locations, etc.
• Detail description – detailed/comprehensive text
• Complex reasoning – more complex QA

• For each type, a few manually designed examples are used to seed in-context learning
• Only human annotations in data collection

• 158K unique samples created overall
Kyle Buettner
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MLLM Functionality: Image Perception - LLaVA



Kyle Buettner
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MLLM Functionality: Image Perception - LLaVA

GPT-Generated “Brief” Instructions



Kyle Buettner
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GPT-Generated “Detailed” Instructions

MLLM Functionality: Image Perception - LLaVA



Kyle Buettner
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Example Context to Prompt LLMs

MLLM Functionality: Image Perception - LLaVA



Kyle Buettner
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Example Responses from LLM

MLLM Functionality: Image Perception - LLaVA



Kyle Buettner
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Conversation Generation

MLLM Functionality: Image Perception - LLaVA



LLaVA Model
• How can visual instruction data be used? 
• LLM = LLaMA
• Vision encoder = CLIP ViT-L/14

• Features linearly projected into word embedding space (layer trainable)
• Lightweight vs. gated cross-attention of Flamingo/Q-Former in BLIP-2

Kyle Buettner
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MLLM Functionality: Image Perception - LLaVA



LLaVA Training
• For each image Xv, multi-turn conversation data is generated -> (Xq1, Xa1, …, XqT,

XaT); T = # of turns
• Goal is to learn probability of generating answers based on previous conversation

text and image

Kyle Buettner
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MLLM Functionality: Image Perception - LLaVA



Two-Stage Instruction Tuning
• Stage 1: Pretraining for Feature Alignment

• Conceptual Captions 3M filtered to 595K image-text pairs for efficiency
• Converted to instruction-following data using simple expansion strategy 

• Each sample treated as single-turn conversation 
• Question Xq randomly sampled, Xa original caption 
• Visual encoder and LLM weights frozen, projection layer trained
• “Training a compatible visual tokenizer for the frozen LLM” 

• Stage 2: Finetuning End-to-End 
• Visual encoder weights frozen, projection layer and LLM updated
• Use cases

• Multimodal chatbot – 158K unique language-image instruction-based data
• Science QA

• Context can be image/language 
• Answer from multiple choices, along with reasoning 

Kyle Buettner

78

MLLM Functionality: Image Perception - LLaVA



Evaluation: ScienceQA (Lu et 
al., NeurIPS 2022)
• 21k multimodal multiple-

choice questions

Kyle Buettner

79

MLLM Functionality: Image Perception - LLaVA



Kyle Buettner
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Evaluation: Multimodal Chatbot
• Example from GPT-4 paper
• Describing image vs. intent
• Small (~80K unique image) 

data of LLaVA effective

MLLM Functionality: Image Perception - LLaVA



Quantitative Evaluation
• Use GPT-4 to measure the quality of

model’s responses
• Randomly sample 30 images from

COCO val
• Generate each question type; GPT-4

serves as reference
• After getting GPT-4/LLaVA predictions,

question/visual info/responses fed into
GPT-4

• GPT-4 evaluates helpfulness,
relevance, accuracy, and level of
details; scale 1->10; results explained

Kyle Buettner
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MLLM Functionality: Image Perception - LLaVA



Kyle Buettner
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LLaVA in Action

MLLM Functionality: Image Perception - LLaVA



Kyle Buettner
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LLaVA in Action

MLLM Functionality: Image Perception - LLaVA



Kyle Buettner
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LLaVA in Action

MLLM Functionality: Image Perception - LLaVA



Kyle Buettner
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LLaVA in Action

MLLM Functionality: Image Perception - LLaVA
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LLaVA in 
Action

MLLM Functionality: Image Perception - LLaVA
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LLaVA in 
Action

MLLM Functionality: Image Perception - LLaVA



https://llava.hliu.cc/
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LLaVA in 
Action

MLLM Functionality: Image Perception - LLaVA

https://llava.hliu.cc/


MLLM Functionality: Image Perception

89

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] Flamingo: a Visual Language Model for Few-Shot Learning. 2022
[2] BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models. 2023
[3] Visual Instruction Tuning. 2023
[4] A Survey on Multimodal Large Language Models. https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models , 2023.

https://mllm2024.github.io/CVPR2024/
https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models


MLLM Functionality: Video Perception
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] Video-ChatGPT: Towards Detailed Video Understanding via Large Vision and Language Models. 2023
[2] Video-LLaVA: Learning United Visual Representation by Alignment Before Projection. 2023
[3] Video Understanding with Large Language Models: A Survey. https://github.com/yunlong10/Awesome-LLMs-for-Video-Understanding , 2023

https://mllm2024.github.io/CVPR2024/
https://github.com/yunlong10/Awesome-LLMs-for-Video-Understanding


MLLM Functionality: 3D Perception
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] 3D-LLM: Injecting the 3D World into Large Language Models. 2023
[2] PointLLM: Empowering Large Language Models to Understand Point Clouds. 2023

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Audio Perception
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] SpeechGPT: Empowering Large Language Models with Intrinsic Cross-Modal Conversational Abilities. 2023
[2] SALMONN: Towards Generic Hearing Abilities for Large Language Models. 2023
[3] Sparks of Large Audio Models: A Survey and Outlook. https://github.com/EmulationAI/awesome-large-audio-models , 2023

https://mllm2024.github.io/CVPR2024/
https://github.com/EmulationAI/awesome-large-audio-models


MLLM Functionality: BioMedical Perception
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] BioGPT: Generative Pre-trained Transformer for Biomedical Text Generation and Mining. 2022
[2] DrugGPT: A GPT-based Strategy for Designing Potential Ligands Targeting Specific Proteins. 2023
[3] MEDITRON-70B: Scaling Medical Pretraining for Large Language Models. 2023
[4] HuaTuo: Tuning LLaMA Model with Chinese Medical Knowledge. 2023
[5] AlpaCare:Instruction-tuned Large Language Models for Medical Application. 2023
[6] A Survey of Large Language Models in Medicine: Progress, Application, and Challenge, https://github.com/AI-in-Health/MedLLMsPracticalGuide . 2023.

https://mllm2024.github.io/CVPR2024/
https://github.com/AI-in-Health/MedLLMsPracticalGuide


MLLM Functionality: Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

Often, MLLMs need to not only understand the input multimodal
information, but also to generate information in that modality.

• Image Captioning
• Visual Question Answering
• Text-to-Vision Synthesis
• Vision-to-Vision Translation
• Scene Text Recognition
• Scene Text Inpainting
• …

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Image Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] Generating Images with Multimodal Language Models. 2023
[2] Generative Pretraining in Multimodality. 2023

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Video Generation

97

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] GPT4Video: A Unified Multimodal Large Language Model for lnstruction-Followed Understanding and Safety-Aware Generation. 2023
[2] VideoPoet: A Large Language Model for Zero-Shot Video Generation. 2023

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Audio Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] SpeechGPT: Empowering Large Language Models with Intrinsic Cross-Modal Conversational Abilities. 2023
[2] AudioGPT: Understanding and Generating Speech, Music, Sound, and Talking Head. 2023

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Text+Image+Video Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] Chat-UniVi: Unified Visual Representation Empowers Large Language Models with Image and Video Understanding. 2023

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Text+Image+Video+Audio Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] Macaw-LLM: Multi-Modal Language Modeling with Image, Audio, Video, and Text Integration. 2023

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Fine-grained Capabilities
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[Pixel-level Vision MLLM]
The vision MLLMs described above generally only support coarse-grained, instance-level visual
understanding. This can lead to imprecise visual interpretations. Also due to the lack of visual
grounding, these MLLMs will potentially produce hallucinations.

• Visual Grounding
• Visual Segmentation
• Visual Editing
• Visual Inpainting

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Fine-grained Capabilities
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Image Fine-grained Capabilities

103

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/
[1] NExT-Chat: An LMM for Chat, Detection and Segmentation. 2023
[2] GLaMM: Pixel Grounding Large Multimodal Model. 2023

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Video Fine-grained Capabilities
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] PG-Video-LLaVA: Pixel Grounding in Large Multimodal Video Models. 2023
[2] Video-of-Thought: Step-by-Step Video Reasoning from Perception to Cognition. 2024

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Unified Fine-grained Capabilities

105

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. 2024

[Vitron]

Users input either an image or video (potentially specifying a
region), and the LLM outputs content based on its
understanding, generating, grounding or tracking the content to
specific pixel-level regions of the image, video.

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Unified Fine-grained Capabilities
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. 2024

https://mllm2024.github.io/CVPR2024/


MLLM Functionality: Unified Fine-grained Capabilities
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. 2024

Project: https://vitron-llm.github.io/
Paper: https://is.gd/aGu0VV
Code&Demo: https://github.com/SkyworkAI/Vitron

https://mllm2024.github.io/CVPR2024/
https://vitron-llm.github.io/
https://is.gd/aGu0VV
https://github.com/SkyworkAI/Vitron
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1. Intro to Multimodal Large Language Models (MLLM)

2. Architectures

3. Encodings

4. Functionality
Contrastive Learning Models
Generative Models

5. Multimodal Instruction Tunning

6. What’s Next?

Plan for this lecture



Multimodal Instruction Tuning
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

Why Multimodal Instruction Tuning?

https://mllm2024.github.io/CVPR2024/


Multimodal Instruction Tuning
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[Wang et al. 2022] GIT: A Generative Image-to-text Transformer for Vision and Language
[Li et al. 2023] Blip-2: Bootstrapping language-image pre-training with frozen image encoders and large language models
[Alayrac et al. 2022] Flamingo: a visual language model for few-shot learning

• Pretrained models aligns multiple modalities, can understand basic information from different 
modalities, and sometimes perform simple question-answering.

• Cannot follow complex instructions, and often require task-specific fine-tuning for it to perform well 
on downstream tasks.

https://mllm2024.github.io/CVPR2024/


Why Multimodal Instruction Tuning?
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

From Single-Purpose to General-Purpose

• Traditional vision models are task-specific, which
requires training and using multiple models for different
tasks and restrict the potential synergies from diverse
tasks;

• These vision models typically have a pre-defined and
fixed interface, leading to limited interactivity and
adaptability in following users’ task instructions.

• Multimodal Instruction Tuning allows multimodal models
to generalize to unseen tasks by following new
instructions, thus boosting zero-shot performance.

https://mllm2024.github.io/CVPR2024/


Instruction Tuning is NOT multitask learning
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

Multitask learning (with task tokens)

Instruction tuning (with natural language task instructions)

https://mllm2024.github.io/CVPR2024/


Why Multimodal Instruction Tuning?
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] Visual Instruction Tuning towards General-Purpose Multimodal Model: A Survey. 2023
[2] A Survey on Multimodal Large Language Models. 2024

From Single-Purpose to General-Purpose

https://mllm2024.github.io/CVPR2024/


MLLM Instruction Tuning Framework
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

Popular MLLMs: LLaVA, MiniGPT4, LLaVA-NeXT, ViP-LLaVA, LLaVA-UHD, MiniCPM, Qwen-VL,
CogAgent, InternVL, mPLUG-OWL, Monkey, MiniGemini, LLaVA-HR, SPHINX, DeepSeek-VL, MoAI

https://mllm2024.github.io/CVPR2024/


Training Paradigms

115

Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] MMC: Advancing Multimodal Chart Understanding with Large-scale Instruction Tuning. NAACL 2024.
[2] Visual Instruction Tuning. NeurIPS 2023.

https://mllm2024.github.io/CVPR2024/


Multimodal learning as a translation problem
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

LLM “learns” a visual foreign language efficiently.

https://mllm2024.github.io/CVPR2024/


Multimodal Instruction Tuning Data Generation -
Pretraining Data
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://mllm2024.github.io/CVPR2024/


Multimodal Instruction Tuning Data Generation -
Pretraining Data
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] A Survey on Multimodal Large Language Models. 2024

[Coarse-gained Image-text]
Data volume is large, the captions
are shorts and noisy.

[Fine-gained Image-Text]
High quality, longer and more
accurate descriptions, fine-gained
alignment between different
modalities.

https://mllm2024.github.io/CVPR2024/


Multimodal Instruction Tuning Data Generation -
Pretraining Data
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] ShareGPT4V: Improving Large Multi-Modal Models with Better Captions. 2023.

https://mllm2024.github.io/CVPR2024/


Multimodal Instruction Tuning Data Generation - Instruction 
Data Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://mllm2024.github.io/CVPR2024/


Multimodal Instruction Tuning Data Generation - Instruction 
Data Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[1] Visual Instruction Tuning. NeurIPS 2023.

https://mllm2024.github.io/CVPR2024/


Multimodal Instruction Tuning Data Generation - Instruction 
Data Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

Self Instruction
First, Translate images into dense captions and bounding boxes. Second, prompt text-only GPT-4.

https://mllm2024.github.io/CVPR2024/


Multimodal Instruction Tuning Data Generation - Instruction 
Data Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://mllm2024.github.io/CVPR2024/


Multimodal Instruction Tuning Data Generation - Instruction 
Data Generation
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/
[1] Improved Baselines with Visual Instruction Tuning. CVPR 2024.

https://mllm2024.github.io/CVPR2024/


Instruction Tuning Dataset
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

https://mllm2024.github.io/CVPR2024/


Summary
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Multimodal Large Language Models (MLLM) – Tutorial - https://mllm2024.github.io/CVPR2024/

[How we teach multimodal models]

• Pretraining:
A dictionary to teach LLM to understand (vocabularies from) a new modality

• Instruction tuning (short answer VQA):
Small puzzles to effectively/efficiently injects new domain knowledge

• Instruction tuning (natural conversation VQA):
Real-world applications to practice the skills

https://mllm2024.github.io/CVPR2024/
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Tutorials
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• Introduction to Vision-Language Models in Python [link]

• Vision-Language Models [link]

https://github.com/xbeat/Machine-Learning/blob/main/Introduction%20to%20Vision-Language%20Models%20in%20Python.md
https://colab.research.google.com/github/khipu-ai/practicals-2025/blob/main/notebooks/Vision_Language_Models.ipynb


Visual Programming (Gupta & Kembhavi, CVPR 2023)
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Visual Programming (Gupta & Kembhavi, CVPR 2023)
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LLMs contain large amounts of commonsense 
knowledge

OpenAI. “GPT-4 Technical Report.” ArXiv (2023).
Huang, Wenlong et al. “Language Models as Zero-Shot Planners: Extracting 
Actionable Knowledge for Embodied Agents.” ICML (2022)

Can this be harnessed by an embodied 
agent?

Arushi Rai
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Do As I Can, Not As I Say: Grounding Language in Robotic 
Affordances (SayCan) (Ahn et al., CoRL 2023)



1. Doesn’t know which actions are doable for an physical agent
2. Doesn’t know about physical state of environment
3. Or Physical State of Agent

Arushi Rai

132

LLMs are not grounded in the real world



1. Score likelihood: a skill will make progress towards goal or high
level instruction

2. Affordance function: likelihood of successfully completing a skill
from current state

a. Uses reinforcement learning (RL) to learn language-conditioned
value functions that simulate affordance modeling

Arushi Rai

133

SayCan Method



Probability of completing skill given state and language 
description of skill (affordance fn; Q fn)

Probability of skill as a valid next step for 
a given instruction and current sequence

= completion = language description of skill
= high-level instruction 
(“How can I clean up 
this mess”)

Arushi Rai

134

SayCan: Language x Affordance



Arushi Rai
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Constraining output to sequences of primitive skills



1. Prompt engineering

2. Use model output probabilities

a. “language model represents a distribution over 
potential completions p(wk|w<k), where wk is a 
word that appears at a kth position in a text.” 

b. given a set of low-level skills Π, their language 
descriptions `Π and an instruction i, we 
compute the probability of a language 
description of a skill `π ∈ `Π making progress 
towards executing the instruction i: p(`π|i),

c. Optimal skill `π = arg max`π∈`Π p(`π|i).

Arushi Rai
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Constraining output to sequences of primitive skills



SayCan Algorithm

Arushi Rai
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SanCay Example Output

Arushi Rai
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