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Plan for this lecture
1. Intro to Multimodal Large Language Models (MLLM)
2.

3.



Very Rapid Evolvement of Language-based LLMs
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[1] A Survey of Large Language Models. htips:/github.com/RUCAIBox/LLMSurvey , 2023
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Expanding to Multimodality

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

oo
ses?
.
oo
.
.

heat map cﬂﬁ is) inFrared/rada{F'-._
P

|anguage . \ x / / - /:'(

image @ —_—

: — <l> code
sound '||||I|' m—

/ '/}(3 graph
video 5 / \ \ @ ‘

@S

o~ 5
+—  document/table ';

Autonomous Driving Systems

In this application, vehicles
use a combination of visual
data (cameras), spatial data
(LiDAR), and auditory signals
(sonar) to navigate safely.

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

Multimodal Large Language Models (MLLM) — Tutorial -

Healthcare Diagnostics

Medical imaging tools like
MRI, C1'scans, and X-rays,
along with patient history
and verbal symptoms, ate
used to diagnose discases.

https://mlim2024.github.io/CVPR2024/
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Building Multimodal LLMs

Can we transfer the success of LLMs to MLLMs, enabling LLMs to comprehend multimodal
information as deeply as they understand language?
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Perceiving and interacting with the world as HUMAN BEINGs do, might be the key to achieving
human-level Al
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Building Multimodal LLMs
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[1] A Survey on Multimodal Large Language Models. https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models , 2023.
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Key Aspects for Building Powerful MLLMs
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Plan for this lecture
1.

2. Architectures

3.

4.



Architecture MLLMs

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.
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[Arch] LLM as Discrete Scheduler/Controller

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

downstream @ downstream

Text Text module

|
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downstream @ downstream
module module
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[Arch] LLM as Discrete Scheduler/Controller

Quick to build (without training), flexible extension to many tool features
« Information loss in text medium, the bottle-neck
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[Arch] LLM as Joint Part of System

The role of the LLM is to perceive multimodal information, and react by itself, in a
structure of Encoder-LLM-Decoder.
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[Arch] LLM as Joint Part of System

« > 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-LargelLanguage-Models , 2023.
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Plan for this lecture
1.
2.

3. Encodings



Multimodal Encoding: Visual Encoder

82.0

[CLIP]

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

[High Resolution MLLMs]
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Multimodal Encoding: Visual Encoder
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| Task: How can I find an
| apartment that offers free
[ Wi-Fi?

Plan: 1.Locate and select
| the price filter option.
I
)

Low-resolution
Image Encoder

2.Select the 'Free Wi-Fi'
option. 3. Apply the filters

to update the search
[ [ results, and choose one

satisfying apartment.
Action: Move the cursor
to the 'Price filter' on the
left sidebar where it says
'Your previous filters’, and
click on the 'Free Wi-Fi'
checkbox.

Input Image (1120x1120) Input Image (224x224) Input Text

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Encoding: Visual Encoder

[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
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Input image
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Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Encoding: Non-Visual Encoder

Sequence-to-sequence learning

Audio:
Whisper
AudioCLIP
HuBERT
BEATs

3D Point:
Point-BERT

Transformer

Encoder Blocks

Sinusoidal
Positional @—)é
Encoding 4

=

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Unified Multimodal Encoding

[ImageBind]
« Embedding all modalities into a joint representation space of Image.
« Well aligned modality representations can benefit LLM understanding
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[1] ImageBind: One Embedding Space To Bind Them All. 2023
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Unified Multimodal Encoding

[LanguageBind]
« Embedding all modalities into a joint representation space of Language.

« Well aligned modality representations can benefit LLM understanding
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[1] LanguageBind: Extending Video-Language Pretraining to N-modality by Language-based Semantic Alignment. 2023
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/



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

T
Multimodal Signal Tokenization
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[1] AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Signal Tokenization

[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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Methods to Connect Multimodal Representation with LLM

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 LLM
[ —
« C-Abstractor: HoneyBee, MM1 i

_____________

............

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Plan for this lecture
1.
2.
3.

4. Functionality



I .
Multimodal LLM Functionality

Modality (w/ Language)
Image Video Audio 3D
Flamingo, Kosmos-1, Blip2, mPLUG-Owl,  VideoChat, Video- AudioGPT, SpeechGPT,  3D-LLM, 3D-GPT,
Mini-GPT4, LLaVA, InstructBLIP, ChatGPT, Video- VIOLA, AudioPalLM, LL3DA,
VPGTrans, CogVLM, Monkey, Chameleon, LLaMA, PandaGPT, SALMONN, MU- Spatial VLM,
Otter, Qwen-VL, GPT-4v, SPHINX, Yi-  MovieChat, Video- LLaMA, .. PointLLM, Point-
VL, Fuyu, ... LLaVA, LLaMA-VID, Bind, ...
Momentor, ...

Input-side [Pixel-wise] GPT4RoI, LION, MiniGPT-  [Pixel-wise] P6-

Perceiving v2, NExT-Chat, Kosmos-2, GLaMM, Video-LLaVA, Merlin,
LISA, DetGPT, Osprey, PixelLM, ... MotionEpic, ...

Video-LLaVA, Chat-UniVi, LLaMA-VID

Panda-GPT, Video-LLaMA, AnyMAL, Macaw-LLM, Gemini, VideoPoet, ImageBind-LLM,
LLMBind, LLaMA-Adapter, ...

GILL, EMU, MiniGPT-5, DreamLLM, GPT4Video, Video- AudioGPT, SpeechGPT,
o LLaVA-Plus, InternLM-XComposer2, LaVIT, VideoPoet, ... VIOLA, AudioPalL M, ...
Perceiving SEED-LLaMA, LaVIT, Mini-Gemini, ...
+

Generating [Pixel-wise] Vitron

NExT-GPT, Unified-IO 2, AnyGPT, CoDi-2, Modaverse, ViT-Lens, ...

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Plan for this lecture
1.
2.
3.

4. Functionality
Contrastive Learning Models



MLLM Functionality: Image Perception — Contrastive
Learning - CLIP (Radford et al. 2021)

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

1. Contrastive pre-training 2. Create dataset classifier from label text
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plane —
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— I Ln LT, IiTs I Ty
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a photo of
adog.

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



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

MLLM Functionality: Image Perception — Contrastive
Learning

Data space Representation space

»-< Pull together
R > Push apaI't

\
f
x

Encoder

Foundations of Computer Vision Torralba, Isola, Freeman . 2024 ...
p L



MLLM Functionality: Image Perception — Contrastive
Learning

Constrastive learning (transformations)
Objective
Data > DE(T(D)), £(x))
x0T — -D(f(x), fx) —f

Hypothesis space
f:RN 5 RM

Matching views Unmatching view

.. Foundations of Computer Vision ” ..m_. . . Torralba, Isola, Freeman . 2024 ..i



MLLM Functionality: Image Perception — Contrastive

Learning

o)

2
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y® y)

Matching views Unmatching view

Constrastive learning (co-occurrences)
Objective
> DA D), fo(y®))
-D(fi(x?), £y ")) — Ji.l2

Hypothesis space
f1 ,f2 : RV — RM

HEN EEEEENEEN

.. Foundations of Computer Vision

. Torralba, Isola, Freeman . 2024 ...




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

* Image classification: given an image, predict its class name
* Image captioning: given an image, predict its caption

e Contrastive learning: align image and text embeddings that describe the same thing

[Radford*, Kim* et al., ICML 2021]

i. Foundations of Computer Vision = [0 [ 0 . . Torralba, Isola, Freeman . 2024 ..i



MLLM Functionality: Image Perception — Contrastive

Learning - CLIP
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.. Foundations of Computer Vision . |_l. .. i

® Positive pairs: image and its caption.

® Negative pairs: image and a different
image’s caption.

® | earn a representation in which positives
are pulled together, negatives are

pushed apart.

[Radford*, Kim* et al., ICML 2021]

. . Torralba, Isola, Freeman . 2024 .._



MLLM Functionality: Image Perception — Contrastive
Learning - CLIP

CLIP
Objective
| o ® Sty
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MLLM Functionality: Image Perception — Improving CLIP
with Descriptions

Our top prediction: Hen
and we say that because...
Average

—= two legs

—= red, brown, or white feathers

—= a small body

—= a small head

—= two wings

—= a tail

—= a beak

« Can we use language ¥ achicken
modality as the internal
representation for vision

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

ves” Kj Q
task to enhance ® - A
. “shells £ " tl er O
interpretability? “beach” O ® *beach’ o "85
| ® syringe” ©
“sand” O O
© o)

@)

Haolin Zhang



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

s(c,x) =

deD(c)

s(c,x): computed as the addition of all the descriptors pertains to image

for

Haolin Zhang

X: image

d: descriptor

D(c): descriptors for class ¢
phi: dot product using CLIP

i, (k, v) in enumerate(description_encodings.items()): # You can also vectorize this; it wasn't muc

dot_product_matrix = image_encodings @ v.T

image_description_similarity[i] = dot_product_matrix
image_description_similarity_cumulative[i]l = aggregate_similarity(image_description_similarity[il])


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

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

Generating Descriptors from Large Language Models (LLMs)

Q: What are useful features for distinguishing a {category Prompt
name} in a photo? Structure
A: There are several useful visual features to tell there is a
{category name} in a photo:
Adding “” help elicit LLMs to output in a bulleted list

Q: What are useful visual features for distinguishing a lemur in a photo?

A: There are several useful visual features to tell there is a lemur in a
photo:

- four-limbed primate

- black, grey, white, brown, or red-brown

- wet and hairless nose with curved nostrils

- long tail

- large eyes

- furry bodies

— clawed hands and feet

Haolin Zhang; Menon and Vondrick, ICLR 2023


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

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

Classification by Description

arg max s(c, x)
ceC

s(e,x) = =~ Z ¢(d,z) |» Computed by CLIP similarity
deD(c)

Our top prediction: Hen CLIP’s top prediction: Dalmatian
g and we say that because... but we don't say that because..
Average

two legs

red, brown, or white feathers

a small body

a small head

two wings

a tail

a beak

a chicken

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)

Descriptors are generated by prompting GPT3

Generating Descriptors from Large Language Models (LLMs) 8ftggﬁé¥alsggggi?pﬁon

%
o)
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o
o
e
w
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Barber shop iolin

oe store
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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)

Classification by Description (Results)

ImageNet ImageNetV2 CUB EuroSAT
Architecture for ¢ Ours CLIP A Ours CLIP A Ours CLIP A Ours CLIP A
ViT-B/32 62.97 5846 451 5552 5190 3.62 5257 5195 0.62 4894 4384 5.10
ViT-B/16 68.03 64.05 398 61.54 5788 366 5775 5635 140 48.82 4336 5.46
ViT-L/14 75.00 7158 342 693 6533 397 6346 63.08 038 48.66 4148 7.18
ViT-L/14@336px 76.16 7297 3.19 7032 66.58 3.74 65257 6341 1.847 4874 4480 3.94

Places365 Food101 Oxford Pets Describable Textures
ViT-B/32 3990 3737 252 83.63 7931 432 8346 7994 352 4426 4138 2.87
ViT-B/16 40.34 3827 2.07 8850 8561 290 8692 81.88 504 4559 4372 1.86
ViT-L/14 40.55 39.00 1.55 9244 91.79 0.65 92.23 88.25 398 5436 5133 3.03

ViT-L/14@336px 41.18 39.58 1.59 9326 9223 1.03 91.69 8820 349 5495 5239 255

Model Variants. We base ViT configurations on those used for BERT (Devlin et al., 2019), as

summarized in Table|1| The “Base” and “Large” models are directly adopted from BERT and we
add the larger “Huge” model. In what follows we use brief notation to indicate the model size and
the input patch size: for instance, ViT-L/16 means the “Large” variant with 16 x 16 input patch size.
Note that the Transformer’s sequence length is inversely proportional to the square of the patch size,
thus models with smaller patch size are computationally more expensive.

Dosovitskiy et al., ICLR 2021

Adapted from 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)

Our top prediction: Airliner CLIP’s top prediction: Albatross
and we say that because... but we don’t say that because...
Average Average

slow, powerful flight

long, hooked bill

long, narrow wings

black wingtips

large, long-winged bird

white or grey plumage

webbed feet

Our top prediction: Valley CLIP’s top prediction: Alpine ibex
and we say that because... but we don’t say that because...
Average
four-limbed mammal
long, curved horns
hooves
black, grey, or brown fur
short tail

Average

Classification
by Description
(Results)

Our top prediction: Goldfish CLIP’s top prediction: Ibizan hound
and we say that because... but we don’t say that because...
Average
long, thin legs
a lean, athletic build
a short, smooth coat ...
along, narrow head
large, pointy ears
a medium-sized dog
brown or hazel eyes

Average

Our top prediction: Cloak CLIP’s top prediction: Southern Black Widow
and we say that because... but we don’t say that because...
Average

Average
a small head
black with a red hourglass

long, black legs
a round, bulbous abdomen



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

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

Capability in acquiring and utilizing novel information

+ Add two new categories to the validation dataset of ImageNet

Recall: 100% Recall: 10%

Query Descriptors Ours

a large container ship
. red, white, and green
Ever Given the name “EVER GIVEN" written on I
the side of the ship
a stack of containers on the deck of the ship I

id of letter til % .
Wordle game gi?frelz-re?\t 2olg|r'slfz$different letters I
L)
| nitee ?
T Recall: 100% Recall: 0%

Descriptors generated by GPT 3

Haolin Zhang; Menon and Vondrick, ICLR 2023


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

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

Correcting failures induced by bias

Both foundational models (CLIP and GPT 3) have bias for certain categories ---- e.g.
“Wedding”
Subgroup Descriptors
Wedding
I: a groom wearing a tuxedo Sub-group Ours CLIP
OR Western African  100% 40%
I: a groom wearing a dashiki Chinese 100% 20%
Japanese 100% 0%
o8 North Indian 100% 60%

I: a groom wearing a kimono

|

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)

Classification by Description (Results)

Analyzing the failure modes

* Failure in descriptor creation

Jackfruit, which (has/is/etc)
- |arge, round fruit

—a green or yellow skin

—a white flesh with black seeds

—=sweetandsticky taste o Not visual descriptors
—a strong smell

<«—— Vespa, which (has/is/etc)
Vespa from ImageNet a a type of wasp

—a black and yellow stripes

—a a stinger

—a two pairs of wings From GPT 3
= six legs

= a narrow waist

Hair spray, which (has/is/etc)
-a aerosable product

—a aerosable product

—a aerosable product

f

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)

Classification by Description (Results)

Influences of language model choices

Small LLMs degrade the performance

3.00
095 L 4 V!T—L/14@336px

a & ViT-L/14
g 150 | @ ViT-B/16
5 4 ViT-B/32
> 075
2 N
£ 000
£
g -075
o
Q  _
g -1%0

-2.25

-300

(0] 200 400 600 800 1000 1200 1400
Size of LLM

Haolin Zhang; Menon and Vondrick, ICLR 2023
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MLLM Functionality: Image Perception — Contrastive

Learning - ALIGN (Jia et al.

1 2021)

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

Pre-training

Contrastive Learning

-

Noisy Image-Text
Data

Text
Encoder

Imago
Encoder

-------- (Zero-shot) Visual Tasks — TRy
3 R A
/ wp, = 2\
% —_— r, N \
% - o Adapton D, Test \! 8, ‘k

,,,,,, te ner s| T scooter _E :" ‘\ ———— — \
= Al EE-
— e 2 ._:':: "“m /—-_-_\ //'- — ' ‘1 l J |

= S~ 1 § e e e el .

| Upstream 2l i S | :

Data CLE », - 000

= AR
L v-u ‘maric [ e Model g E e e S o s e o e 4 . ‘
o ' ™™ gl 3\ =Ry
— ] ey :,mww nmm:_;

ImageNet (Deng et al. 2009)

Visual Task Adaptation Benchmark (VTAB)

figure credit to (Krizhevsky et al. 2012) (Zhai et al. 2019)

\ Fine-grained Image-Text Retrieval /

Flickr30k (Plummer et al. 2015), MSCOCO(Chen et al. 2015), ...

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

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.

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

The PMD dataset
+ 70M image-text pairs from public sources

Localized

Visual Genome SBU captions ;
7 narratives

CCIi2M YFCC filtered

A close up view of a a lenovo laptop Front view of basket The womanis  Typocerus Deigdoh falls in Jumping girl  In the kitchen at the
pizza sitting on a rebooting 13, from the sidewalk  touching a balteatus, india in a green Muse Nissim de
table with a soda in in front of the basket.  utensil in front ~ Subfamily: Flower summer Camondo
the back. of her on the Longhorns dress stock

grill stand. illustration

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

Problems to Solve
multimodal and unimodal pretraining data

unpaired unpaired
images | text

>

image-text
pairs

FLAVA for multi-domain joint pretraining

(global contrastive, MMM, MIM, MLM, ...)

visual language multimodal
recognition understanding reasoning
(e.g. ImageNet) (e.g. GLUE) (e.g. VQA)

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

How does FLAVA work?

” o /
> -
s Hateful Memes
7
7’

we=P gt €=wa,_

-~

-
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-
~

~

multimodal task heads

~
~
~
~
~
~
N
N
N
N
N\

vision task heads 4
E i Lvmm, Litm < - multimodal encoder : NLP task heads
iy 4 - - - - \ MNL R
hCLSM
/ \
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Lmim <. o \
>
EEE \
 \B¥ | \ P
\ 1
. | textencoder

image encoder

O B

|
58
(s ) 1 (501 20 - EEED

This cat was wonderful! He
was making his daily cleaning
on an ancient grave as to say

“I am the boss here!”

input
text

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

STSB 69.69
How does FLAVA work? MNLI 46.81

QNLI 36.78

coLA

On average, over 35 tasks, aop PERY)

FLAVA obtains impressive s 17.66

performance Hateful Memes
SNLIVE
CLEVRCounts
SST2
RTE

@“@@m%\"

CIFAR10 £2.06]
Food101 £3.05]
CIFAR100 £3.42]
FGVCAircraft
OxfordPets -6.83]
FER2013
GTSRB [-9.14 |
COCO-Ret
Flickr30k-Ret

st.cars  EEEEXEEN
ssT -17.57

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

Eval method | PMD  PMD PM (PMD+IN-1k+CCNews+BC)  PMD | 400M [ ]

MNLI[ 1] finetuning | - 7323 70.99 76.82 78.06 8033 3285 | 3352

CoLA[1] fine-tuning - 3955 17.58 38.97 4422 50.65 1102 | 2537

H oW d oes F L AV A WO rk') MRPC ] fine-tuning | - 7324 7631 79.14 7891 8416 6874 | 6991
! QQP[ ] finetuning | - 8668 8594 88.49 98.61 8874 5917 | 6533

SST2[] fine-tuning | - 8796 8647 89.33 90.14 9094 8349 | 8819

QNLI[ 1] finetuning | - 8232 7185 84.77 86.40 8731 4946 | 50.54

RTE (7,25, 36,40] finetuning | -  S0.54  51.99 51.99 54.87 5776 5307 | 5523

On averaqge. over 3 5 ta SkS STS-B[ ] fine-tuning - 7889 5728 84.29 8321 8567 1370 | 1598
g ’ ’ NLP Avg. | - 7155 6480 7422 75.55 7819 4644 |  50.50
F L AV A 0 bta| ns | m p reSSive ImageNet [*] lineareval | 4179 - 74.09 7434 73.49 7554 7295 80.20
Food101 [11] lincareval | 5330 - 87.77 87.53 87.39 8851 8549 | 9156

CIFARIO[ ] lineareval | 7620 - 93.44 9237 92,63 9287 9125 | 9493

pe rfO rmance CIFARI00 [ '] lineareval | 5557 - 78.37 78.01 76.49 7768 7440 | 8LI10
Cars[*] lineareval | 1471 - 72.12 72.07 66.81 7087 6284 | 8592

Aircraft [ ] lineareval | 1383 - 49.74 48.90 4473 4731 4002 | 5140

DTD[ ] lineareval | 5553 - 76.86 76.91 75.80 7729 7340 | 7846

Pets [ 7] lineareval | 3448 - 84.98 84.93 8277 8482 7961 | 9166

Caltech101 7] lineareval | 67.36 - 94.91 95.32 94.95 9574 9376 | 9551

Flowers102 [ ] lineareval | 67.23 - 96.36 96.39 95.58 9637 9494 | 9712

MNIST [-] lineareval | 9640 - 98.39 98.58 98.70 9842 9738 | 99.01

STLI0[ 1] lincareval | 80.12 - 98.06 98.31 98.32 9889 9729 | 99.09

EuroSAT [ 1] lineareval | 9548 - 97.00 96.98 97.04 9726 9570 | 95.38

GTSRB [ ] lineareval | 63.14 - 78.92 77.93 7.7 7946 7634 | 8861

KITTI[ ] lineareval | 8603 - 87.83 88.84 88.70 89.04 8489 |  86.56

PCAM[11] lineareval | 8510 - 85.02 85.51 85.72 8531 8399 | 8372

UCF101 (7] lineareval | 4634 - 82.69 82.90 81.42 8332 7785 | 8517

CLEVR[ '] lincareval | 6151 - 79.35 81.66 80.62 7966 7364 | 7589

FER 2013 [ ] lineareval | 50.98 - 59.96 60.87 58.99 6L12 5704 | 6836

SUN397 [ 1] lineareval | 5245 - 8127 81.41 81.05 8217 7996 | 8205

SST[] lincareval | 5777 - 56.67 59.25 56.40 ST11 5684 | 74.68

Country211 [+1] lincareval | 887 - 27.27 2675 27.01 2892 2502 | 30.10

Vision Avg. | 5746 - 79.14 79.35 78.29 7944 7612 | 8257

VQAV2 [ ] fine-tuning - - 67.13 71.69 7129 7249 5981 | 5483

SNLI-VE [/ 1] fine-tuning | — N 7327 78.36 78.14 7889 7353 | 7427

Hateful Memes [ '] fine-tuning - - 55.58 70.72 7745 76.09 56.59 63.93

Flickr30K [ /] TRR@1  zero-shot * = 68.30 69.30 64.50 6770 6090 | 8220

Flickr30K [ /] TR R@S zero-shot = N 9350 92.90 90.30 9400 8890 | 96.60

Flickr30K [ /] IRR@1  zero-shot = Z 60.56 63.16 60.04 6522 5648 | 6208

Flickr30K [ ] IRR@5  zero-shot = = 86.68 87.70 86.46 8938 8360 | 85.68

COCO[]TRR@l  zero-shot L = 4308 43.48 39.88 4274 3702 | 5248

COCO[ "] TRR@S  zero-shot - = 75.82 76.76 72.84 7676 6948 | 7668

COCO[“]IRR@1  zero-shot - = 37.59 38.46 3495 3838 3329 | 33.07

COCO[]IRR@5  zero-shot - - 67.28 67.68 64.63 6747 6247 | 5837

Stanford CS224N - Douwe Kiela - Multimodal Deep Learning — https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/
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Plan for this lecture
1.

2.

3.

4. Functionality

Generative Models



MLLM Functionality: Image Perception - SimVLM (Wang et
al., 2022)

Slowly moving from
contrastive/discriminative to generative.

running happily on a dirt road </s>

rTr Tt T *+ 1+ 1T 7

Transformer Encoder - Transformer Decoder
re =% T T FE¥ TTTTT T 1 T T T T i
E] E] E] @ E] E] @ <s>  running happily on a dirt road
T 171717 T T 1T 17
Conv Stage Token Embedding
y i T

nilﬁia |Two | |brown | |and| |white| |dogs|
E] @ positional embedding
AR

- i @ patch/text embedding

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

Best of both (contrastive and generative) worlds.

Captioning Loss image captioning &
multimodal representation
ention Multimodal ‘
P Text Decoder >
f I classification alignment /—» TMU|gmodda;
1 /' '\ ext Decoder
Image Unimodal => Image Image Unimodal Image Unimodal
Encoder Text Decoder Encoder Encoder Text Decoder Encoder Text Decoder
I ! I f 1 ] f
image text image image text image text
| Captioning &
C Visual Recognition Crossmodal Alignment Multri‘::ggal landzI::t]gnding
: a (single-encoder models) (dual-encoder models) (encoder-decoder models)

Pretraining Zero-shot, frozen-feature or finetuning

Stanford CS224N - Douwe Kiela - Multimodal Deep Learning — https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/
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MLLM Functionality: Image Perception - Frozen PRI N I T 7Y
(Tsimpoukelli, Menick, Cabi, et al., 2021) f; — s;ﬁ%';?%t’m"&?:',s 1 TFan
(| | | G |
Kind of like MMBT* but with a better LLM (T5) and a ,,,L‘ml‘ 11 LLWJ‘,ML I 1
better vision encoder (NF-ResNet). Encoder Text Embedder ¥ Frozen

1T 1T

A small red boat on the water

Multi-Modal Few-Shot Learners!

Blue <EOS> Steve Jobs s <EOQS> This is a dax " <EO0S>
ol | t t t ¢ t t t t t
Self Attention Layers Self Attention Layers Self Attention Layers
(L [[IIIITI ) Lttt Illlll’lllllll l llllrllllll HERERERERERN Jllllltllllllltl )
Vision Text Vision Text Vision Text Text Vision Text Vision Text
Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder
Question: Q: Q: This iS a This is a Question:
What colour invented invented dax. blicket. What is
is the car? this? A: this? A: this?
Answer: The Wright Answer:
brothers.
(a) 0-shot VQA (b) 1-shot outside-knowledge VQA (c) Few-shot image classification

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

Functionality:

Image

Flamingo (Alayrac et al., 2022)

80b param model based on Chinchilla.

Multi-image.
Performance relative to SOTA

RareAct UL 149% |
NoxtQa
Wor s EEEEEETTN

Flickaok

STAR 100% ] 107%

MSVDQA 73« N 10

OKVQA 80% - 106%
HatefulMemes sax [l o3

VizWiz

VATEX

VQAv2

Ccoco
visoisl  ISVEEEN | @ e
MSRVTTQA 4a% 32 Shots
Pravious
Textvor [N zero | few
shot SOTA

voucook?

L 50% 100% 150%

HatefulMemes (multimodal hateful content classification)

INPUT QUTPUT
Image + OCR Hateful Classification

VizWiz (visual question answering for the blind)

INPUT ouTPUT

Image + question Answer

Pleasa can
you tall me what

this item is?

VATEX (event captioning)

INPUT OUTPUT

Video Event description

Perception -

[

Perceiver

Resampler @

Vision
Encoder

This is a chinchila.
They are mainly
found in Chile.

LM Block

[

GATED XATTN-DENSE

Thisis .

o E

n &

This is a shiba. This is
They are vary
popuiar n Japan,

@ Fretrained and frozen

PY Trained from scratch
during Flamingo training
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MLLM Functionality: Image Perception - BLIP/BLIP2 (Li et al., 2023)

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

BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models

e O0O-08 0 Output Text [ a cat wearing sunglasses ]

Bootstrapping from a

Decoder-based 5 o Fully
Large Language Model ' Encoder [ [ Q-Former ’ [ Connected | G LLM Decoder
(e.g. OPT) 2

@m-am)  —

Learned Queries

3 BEE-BE Suffix Text [ wearing sunglasses ]

Bootstrapping from an
Encoder-Decoder-based Fully
[iniis Eandiags Model - Encoder g [ Q-Former ] [ Corhacinn ] % LLM Encoder ¥ LLM Decoder
(e.g. FlanT5)
| DOo-D @ \\»[1:1 O-2808)(acat
Input Image Learned Queries Prefix Text

Stanford CS224N - Douwe Kiela - Multimodal Deep Learning — https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1234/
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BLIP2: Bootstrapping language-image pre-training with frozen
Image encoders and large language models

Vision-and-Language
Representation Learning

Vision-to-Language
Generative Learning

Language

that goes along this photo.

Love is like a sunset, it’s

¥
1
0o-8o ! hard to see it coming but
Queries ! when it does it’s so beautiful.
Bootstrapping Pre-trained i |
Image Models ¥

Bootstrapping Pre-trained

Model ~ Write a romantic message i
Large Language Models (LLMs) |

Kyle Buettner



60|
BLIP2 Architecture: Q-Former

-F
Sy Image-Text = = = = & | Image-Grounded
Matching ( Image-Text | | Text Generation
Input Image Contrastive .I—f
e Feed Forward \ _Lia rﬂng_ V Feed Forward
— for every .
. » other block c A ,
v Encoder os tteno _Attention Masking | _ _ _| _ _
1= <+— Dbidirectional —
f x N Self Attention el EINEUEEIRE S Self Attention x N
- s o 5 SR alE 2 2 \

Learned

Queries (B 000 Input Text [a cat wearing sunglasses]

*  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 BERT, ... weights
*  188M parameters

Kyle Buettner



BLIP2 - Stage 1 Training: Representation Learning

- Three objectives are jointly optimized using different self-attention masking
strategies to control query-text interaction

Q: query token positions; T: text token positions.
[ masked [] unmasked

Q T Q T Q T
JO000 ,CoEm 00 EE
Hn O EE L]
0000 ,000m EE0O0
L0 O LJ01 I EHE 0
Bi-directional Multi-modal Causal Uni-modal
Self-Attention Mask  Self-Attention Mask Self-Attention Mask
Image-Text Image-Grounded Image-Text
Matching Text Generation Contrastive Learning

Goal: Fine-grained alignment Goal: Generate text conditioned on image Goal: Alignment
Task: Binary classification if || Task: Decode text Task: Contrastive learning with in-
image-text pair is matching Masking: Queries can attend to each other batch negatives (original BLIP uses
Masking: All queries/text can but not the text tokens. Text can attend to momentum queue)
attend to each other queries and previous text tokens. Masking: Text only attends to text and
queries to queries to avoid info leak
Kyle Buettner




BLIP2 - Stage 2: Generative Learning

x OO0-@o Output Text [a cat wearing sunglasses ]
Bootstrapping from a i_w.
Decoder-based g; J Fully o
Large Language Model ‘ I Encoder [ [ Sali } [Connected ] i Sl
(e.g. OPT) b
J BEE-E B \_
Input Image Learned Queries

Suffix Text | wearing sunglasses

. 3 O0-@0
Bootstrapping from an N N

Encoder-Decoder-based 'w' B mage [N P ][ Fully ]
¢-=

—

% LLM Encoder #% LLM Decoder

Large Language Model Encoder Connected
(e.g. FlanT5)
i D000 \—[D O-B ) (acat)
Input Image Learned Queries Prefix Text

Figure 3. BLIP-2’s second-stage vision-to-language generative pre-training, which bootstraps from frozen large language models (LLMs).
(Top) Bootstrapping a decoder-based LLM (e.g. OPT). (Bottom) Bootstrapping an encoder-decoder-based LLM (e.g. FlanT5). The
fully-connected layer adapts from the output dimension of the Q-Former to the input dimension of the chosen LLM.

*  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



BLIP2 - Instructed Zero-Shot Image-to-Text

Generation (1/2)

Kyle Buettner

Ve

-

Explain the advantages of
this product.

The audi e-tron quattro concept is a
plug-in hybrid electric sports car
that has a range of 310 miles and
can accelerate from 0 to 60 mph in
just 4 seconds.

N

Tell me something about
the history of this place.

The great wall of china was built in

221 bc by emperor qin shihuang to

protect the emperor’s capital from
@ invaders from the north.

8

S
S

(

Write down the facts that you
know about this flower.

It is a genus of flowering plants in the
orchid family, orchidaceae. It is
native to eastern asia and south east
asia. It is a perennial flowering plant
that grows up to a height of 1 m.

8
8

8

&

p

Is this photo unusual?

Yes, it's a house that looks like it's
upside down.

How could someone get
out of the house?

It has a slide on the side of the
house.

A

What are shown in the photo?

é A man and a chicken.

What does the man feel
and why?

He is scared of the chicken
because it is flying at him.

8

What are the ingredients |
need to make this?

Pepperoni, mozzarella cheese, pizza
sauce, olive oil, salt, pepper, basil.

What is the first step?

Place the pizza dough on a baking
sheet, brush with olive oil, sprinkle
with salt, pepper, and basil.

8

8




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

Kyle Buettner

4 B

Which city is this?

é Singapore.

What happened at the end
of this movie?

é The titanic sank.

Did Leonardo Dicaprio's

8
8

What is in the photo?

@ A pizza that looks like a cat.

§)

My o soL 8 character survive? 8 What is the nose made of? 8
lﬁ The city has a statue of a merlion. é No, he drowned. é Aslice of pepperoni.
- - AN 3/
e e e Yy . N
& y
Tell us about the photo you : :
Write a romantic message e fora D asd i d):a. 8 Write a conversation
that goes along this photo. 8 between the two animals.
Darren and Jade are a couple who
Love is like a sunset, it's hard to have a passion for horsesf, e cat: hey dog, can i ride on your back?
see it coming but when it does it's peckad o tae 2 o ol ihan dog: sure, why not?
so beautiful. with a horse in the desert on their cat: i'm tired of walking in the snow.
wedding day.
N J I\

4




BLIP2 - Example Issues

~ = N &
F
Write a famous quote said Can | wear this for my trip
by this person. 8 to Canada in December? 8 Please write the specifics of
this product. 8
albert einstein - the world is a book, yes, it's a nice shirt and shorts, but
and those who do not travel read it's a little too casual for a trip to apple iphone 11 128gb space gray
only one page. Canada.
9 o BN TN %
Inaccurate knowledge Incorrect reasoning path Information not up-to-date
(quote is from a different person) (should have considered weather) (this is iphone 14)

Figure 6. Incorrect output examples for instructed zero-shot image-to-text generation using a BLIP-2 model w/ ViT-g and FlanT5xxr .

Kyle Buettner



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

Providing a rationale helps give the right answer.

[ Vison )| ( ) A

[T w i Look at each object. For each
=, o, object, decide if it has that

property. Potato chips have a

cracker tres

salty taste. Both objects are

»| Rationale »| salty. A soft object changes [-(O—»| Answer The answer
[ Language ] Generation shatze when yod squeezj’ it Inference is (B).

The fries are soft, but the
Question: Which property do these two cracker is not. The property
objects have in common? that both objects have in
Context: Select the better answer. common is salty.
Options:  (A) soft (B) salty

\ I ] Py . 7 \ y \ )

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



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

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

output
4
LLMs => MLLMs == Foundation Model @ Multimodal Large Language Model (MLLM)

Input Prompt Kosmos-1 can perceive both language and , learn in context , reason, and generate

P / Question: which studio ted the movie ch in the image? Embeddig

Answer: t
BBl == as.702
Completion
Disney x 'lllllll.lll'.
Standard Prompting =

Input Prompt Vision Audition

woodpecker: It has black
and white stripes

Completion =
= throughout the body and a *
Itis a robot that is holding up a cube that is the same color as the wall. The image is from the film, yellow crown.

Introduce this picture in detail:
Description of three toed
% Here are eight images:

WALL-E, by Pixar Animation Studios. It is the story of a small robot named WALL-E and his quest to Description of downy
build the ultimate life form. WALL-E is created by a group... What's in this picture? woodpecker: It has white
spots on its black wings ’ @ E
Input Prompt and some red on its crown.

; B g 5 5 R Looks like a duck.
It is a robot that is holding up a cube that is the same color as the wall. The image is

20l from the film, WALL-E, by Pixar Animation Studios. It is the story...
S s f q 4 s : That’s not a duck. Then
Lo Question: which studio created the movie characters in the image? what's it? The following i -
Answer: : e following image is:

Looks more like a d’ 2 ©
Completion ) )
bunny. Question: what is the
Pixar Animation Studios V name of the

Why? woodpecker in the
Multimodal Chain-of-Thought Prompting pictire? D E F
Figure 5: Multimodal Chain-of-Thought prompting enables KOSMO0S-1 to generate a rationale first, Ithas bunny ears. Downy |:| IZ| ¢

then to tackle complex question-answering and reasoning tasks.

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



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

T
MLLM Functionality: Image Perception - LLaVA:
Large Language and Vision Assistant (Liu NeuriPs23)

- 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

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 X, with intent to instruct assistant to describe image content
Input: Image X,, Caption X;
Use simple/cheap idea to expand <X,, X;>
XX <STOP>\n Assistant: X,<STOP>\n.
But lacks diversity and in-depth reasoning...

Kyle Buettner



MLLM Functionality: Image Perception - LLaVA

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



MLLM Functionality: Image Perception - LLaVA

GPT-Generated “Brief” Instructions

Instructions for brief image description. The list of instructions used to briefly describe the
image content are shown in Table 8. They present the same meaning with natural language variance.

» "Describe the image concisely."

* "Provide a brief description of the given image."

» "Offer a succinct explanation of the picture presented."

* "Summarize the visual content of the image."

* "Give a short and clear explanation of the subsequent image."
» "Share a concise interpretation of the image provided."

» "Present a compact description of the photo’s key features."

» "Relay a brief, clear account of the picture shown."

* "Render a clear and concise summary of the photo."

» "Write a terse but informative summary of the picture."

» "Create a compact narrative representing the image presented."

Table 8: The list of instructions for brief image description.

Kyle Buettner



MLLM Functionality: Image Perception - LLaVA

GPT-Generated “Detailed” Instructions

Instructions for detailed image description. The list of instructions used to describe the image
content in detail are shown in Table 9. They present the same meaning with natural language variance.

* "Describe the following image in detail"”

* "Provide a detailed description of the given image"

» "Give an elaborate explanation of the image you see"

* "Share a comprehensive rundown of the presented image"

» "Offer a thorough analysis of the image"

« "Explain the various aspects of the image before you"
 "Clarify the contents of the displayed image with great detail"
* "Characterize the image using a well-detailed description"

» "Break down the elements of the image in a detailed manner"
* "Walk through the important details of the image"

» "Portray the image with a rich, descriptive narrative"

» "Narrate the contents of the image with precision"

» "Analyze the image in a comprehensive and detailed manner”
» "[llustrate the image through a descriptive explanation"

» "Examine the image closely and share its details"

» "Write an exhaustive depiction of the given image"

Table 9: The list of instructions for detailed image description.

Kyle Buettner



MLLM Functionality: Image Perception - LLaVA

Example Context to Prompt LLMs

Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV.

The sport utility vehicle is parked in the public garage, being packed for a trip
Some people with luggage near a van that is transporting it.

Context type 2: Boxes

person: [0.681, 0.242, 0.774, 0.694], person: [0.63, 0.222, 0.686, 0.516], person: [0. 444 0.233,
0.487, 0.34], backpack: [0.384, 0.696, 0.485, 0.914], backpack: [0.755, 0.413, 0.846, 0.692],
suitcase: [0.758, 0.413, 0.845, 0.69], suitcase: [0.1, 0.497, 0.173, 0.579], bicycle: [0.282, 0.363,
0.327, 0.442], car: [0.786, 0.25, 0.848, 0.322], car: [0.783, 0.27, 0.827, 0.335], car: [0.86, 0.254,
0.891, 0.3], car: [0.261, 0.101, 0.787, 0.626]

Kyle Buettner



MLLM Functionality: Image Perception - LLaVA

Example Responses from LLM

Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV).

Question: Where is the vehicle parked?

Answer: The vehicle is parked in an underground parking area, likely in a public garage.

Question: What are the people in the image doing?

Answer: The people are trying to fit all of their luggage into the SUV, likely preparing for a trip.
Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip.

In the parking area, various luggage items are scattered around the vehicle. There are two backpacks,
one located near the left rear wheel and the other closer to the right side of the vehicle. Additionally,
there are two suitcases, one on the right side of the car and another further away near the center of
the parking area. A bicycle can also be seen on the left side of the vehicle.

Other cars are parked around the main SUV, with one car positioned behind it and slightly to the left,
another behind and slightly to the right, and the third car further behind on the right side.
Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings to accommodate.
They might have to strategize and arrange the luggage efficiently to ensure that everything fits
properly into the vehicle. Additionally, they need to consider the comfort of the passengers and
visibility while driving, so the placement of the luggage must not obstruct the driver’s view or make
the passengers uncomfortable during the trip.

Kyle Buettner



MLLM Functionality: Image Perception - LLaVA

Conversation Generation

messages = [ {"role":"system", "content": f"""You are an Al visual assistant, and you are
seeing a single image. What you see are provided with five sentences, describing the same image you
are looking at. Answer all questions as you are seeing the image.

Design a conversation between you and a person asking about this photo. The answers should be in a
tone that a visual Al assistant is seeing the image and answering the question. Ask diverse questions
and give corresponding answers.

Include questions asking about the visual content of the image, including the object types, counting
the objects, object actions, object locations, relative positions between objects, etc. Only include
questions that have definite answers:

(1) one can see the content in the image that the question asks about and can answer confidently;
(2) one can determine confidently from the image that it is not in the image. Do not ask any question
that cannot be answered confidently.

Also include complex questions that are relevant to the content in the image, for example, asking
about background knowledge of the objects in the image, asking to discuss about events happening in
the image, etc. Again, do not ask about uncertain details. Provide detailed answers when answering
complex questions. For example, give detailed examples or reasoning steps to make the content more
convincing and well-organized. You can include multiple paragraphs if necessary."""}
]
for sample in fewshot_samples:
messages.append ({"role":"user", "content":sample[‘context’]})
L messages.append({"role":"assistant", "content":sample[‘response’]} )

messages.append ({"role":"user", "content":‘\n’.join(query)})

Kyle Buettner



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

Language Response X, ’ . .

Language Model f¢

Projection W 7 H, f H,
. v
Vision Encoder X, Image Xq Language Instruction

Kyle Buettner Figure 1: LLaVA network architecture.



MLLM Functionality: Image Perception - LLaVA

LLaVA Training

- For each image X,, multi-turn conversation data is generated -> (X', X,', ..., X4,
X,T); T =# of turns

- Goal is to learn probability of generating answers based on previous conversation
text and image

X oysten-message <STOP> \n
Human : X, iuee <STOP> \n Assistant: X! <STOP> \n
Human : X%, eruce <STOP> \n Assistant: X2 <STOP> \n - - -

Table 2: The input sequence used to train the model. Only two conversation turns are illustrated
here; in practice, the number of turns varies based on the instruction-following data. In our current
implementation,  Xgysten-message = A chat between a curious human and an artificial
intelligence assistant. The assistant gives helpful, detailed, and polite answers
to the human’s questions. and <STOP> = ###. The model is trained to predict the assistant
answers and where to stop, and thus only green sequence/tokens are used to compute the loss in the
auto-regressive model.

xt B Random choose [Xg,X,] or [Xy,X]], thefirstturnt =1
instruct ) X!, the remaining turns ¢ > 1
L
p(Xa‘Xva Xinstruct) — H Pe (JZ,- ’Xva Xinstruct,<ia Xa,<i)
1=1

Kyle Buettner



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 X, randomly sampled, X, 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



MLLM Functionality: Image Perception - LLaVA

Question: Which type of force
from the baby's hand opens the
cabinet door?

HAnswer: The answer is A.I

BECAUSE:

(Lecture: A force is a push or a pull that one
E object applies to a second object. The direction
of a push is away from the object that is
pushing. The direction of a pull is f
(object that is pulling.

Evaluation: ScienceQA (Lu et
al., NeurlPS 2022)

* 21k multimodal multiple-
choice questions

|Options: (A) pull (B) push

d the

Context: A baby wants
to know what is
inside of a cabinet.
Her hand applies

a force to the door,
and the door opens.

(Explanation: The baby's hand applies a for
the cabinet door. This force causes the door to
n. The direction of this force is d
baby's hand. This force is a pull.

Biology Physics Geography - |History Civics =
Gy i s Nt State capitals Colonial America Social skills B&8
Classification Magnets Geography English colonies in North America Government
Adaptations Velocity and forces Maps The American Revolution The Constitution
Traits and heredity Force and motion Oceania: geography World History Economics
Ecosystems Particle motion and energy Physical Geography Greece Basic economic principles
Classification Heat and thermal energy The Americas: geography Ancient Mesopotamia Supply and demand 7
Scientific names States of matter Oceans and continents World religions Banking and finance
Heredity Kinetic and potential energy Cities American history ‘ Global Studies @
Ecological interactions | Mixture States Medieval Asia o< Society and environment
gg;is (th]en.listry 3 gVﬁting Strategies Vocabulary G z:;:’:ense !
Nt olutions : upporting arguments Categories . 4 SEL

. Physical and chemical change Sentences, fragments, and run-ons Shades of meaning Capitalization
Plan reproduction Atoms and molecules ‘Word usage and nuance Comprehension strategies Formatting
Earth Sci Chemical reactions Creative techniques Context clues BUncan
Weather and climate Engi A Audience, purpose, and tone Fraoments

. gineering Grammar gl

iz&l;;::fymmemls Designing experiments @ g;?:ﬁ::;i:gs;‘;;zdmts Sentences and fragments Phonology
Fossils EgineenIpactioes Editing and revising /s EhiseslandIClRtses Ry
Earth events . Units and Measurement Visual elements Figurative Language Reference
Plate tectonics ‘Weather and climate / Opinion writing Literary devices @ Research skills

Kyle Buettner
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MLLM Functionality: Image Perception - LLaVA

Visual input example, Extreme Ironing:

Evaluation: Multimodal Chatbot
- Example from GPT-4 paper
« Describing image vs. intent

- e e e mm mm Em mm mm Em oy,

- Small (~80K unique image) fer

I LLaVA

data of LLaVA effective I

|
\_ —-— -

User
LLaVA

Source: https: //wwu. barnorama. con/up- content/uploads/2016/12/03- Confusing-Pictures. jpg

What is unusual about this image?

The unusual aspect of this image is a man ironing clothes on the back of a minivan or
van. This is not a typical place to perform this activity, as one would usually iron clothes I
in a more stationary and safe location, such as a home, using a regular ironing board.
The scene depicted in the image is peculiar as it involves a makeshift ironing setup on a I
vehicle, which can be both unsafe and unconventional. Additionally, it is not clear how
the man is able to maintain balance and stability while ironing clothes in such an unstable '
environment.

marﬂ neﬁonv_ersamn, and cTear lﬂhiﬁry
What’s happening in the scene?

The image depicts a man standing on top of a yellow SUV in a busy city street. He is
holding a portable ladder, seemingly ironing clothes while standing on the vehicle. Around
the scene, there are other cars, a traffic light, and a fire hydrant. Additionally, there are
two other people in the vicinity, one close to the man on the car and another further away.
The man on the ladder appears to be attracting attention due to his unconventional choice
of ironing his clothes on top of a moving car. The city street around him is bustling with
activity, adding to the unique nature of the scene.

]———————J

User
GPT-4 [32]

What is unusual about this image?
The unusual thing about this image is that a man is ironing clothes on an ironing board
attached to the roof of a moving taxi.

User
BLIP-2

Can you explain this meme in detail?
a man is sitting on the back of a yellow cab

User
OpenFlamingo

Can you explain this meme in detail?
The man is drying his clothes on the hood of his car.

Table 4: Example prompt demonstrating LLaVA and GPT-4’s visual input capability. The prompt
requires image understanding.

Kyle Buettner



MLLM Functionality: Image Perception - LLaVA

Quantitative Evaluation

« Use GPT-4 to measure the quality of
model’s responses

’ Ra n d om Iy sam p I e 3 0 Im ag es fro m | Conversation Detail description ~Complex reasoning ~ All
COCO val Full data 83.1 75.3 96.5 85.1

Detail + Complex 81.5 16 73.3 20 90.8 (57) 81.9 32

. . Conv + 5% Detail + 10% Complex | 81.0 2. 68.4 (11 91.5 50 80.5 44
° Generate each q uestion type, GPT-4 Conversation 76.5 (o) 59.8 c162) 84.9 (124) 73.8 i)
No Instruction Tuning 22.0 (-61.1) 24.0 (s13) 18.5 (-780) 21.5 (-636)

serves as refe rence Table 3: Relative scores for different settings w.r.z. GPT-4 (text-only) on 30 randomly sampled images

. r g from COCO Val 2014. Each image is associated one short question, one detailed question, and one

° After gett| ng G PT'4/ L LaVA pred |Ct|0ns, complex reasoning question, resulting in a total of 90 questions. Following the same setting as our
data generation pipeline, GPT-4 uses ground truth image captions and bounding boxes as visual input.

q u eSt|On/ VISU8| |nf0/ res pOI’]SGS fed |nt0 We prompt GPT-4 with the answers from our model outputs and the answers by GPT-4 (text-only),

G PT 4 and let it compare between both responses and give a rating with an explanation.

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

Kyle Buettner



MLLM Functionality: Image Perception - LLaVA

LLaVA in Action

What are the meals that | can cook with these?

With the variety of food items stored in the refrigerator, you can prepare | meals. For you can create a fruit salad using the
strawberries, blueberries, and carrots. Additionally, you can make a delicious smoothie using the fruits and vegetables, which would be a
healthy and nutritious snack or breakfast option. The milk and eggs can be used to create various dishes, such as a milk-based smoothie, a
baked casserole, or scrambled eggs. The juice can also be used to make a fresh fruit and juice mix or as a refreshing homemade popsicle. The
possibilities are vast, and the meals you can create will depend on your preferences and dietary needs.

1 would like to do the fruit salad. Show me the recipe. G

0,

e Certainly! Here's a simple fruit salad recipe using the items in your refrigerator:

Ingredients:

- 2 cups fresh strawberries, sliced

-1 cup fresh blueberries

- 1 large carrot, grated

- Juice of half a lemon

- A handful of chopped fresh parsley or mint

- A few ice cubes

- Optional: honey or maple syrup (adjust to taste)

Instructions:

1. In a large bowl, combine the sliced strawberries, blueberries, and carrot. Gently toss them together to mix.

2. Drizzle the juice of half a lemon over the fruit and vegetables to prevent them from oxidizing and add a refreshing citrus flavor.

3. Sprinkle the chopped fresh parsley or mint over the fruit and gently toss once more.

4. If desired, add a drizzle of honey or maple syrup for a touch of sweetness. Adjust the amount according to your taste preferences.

S. Cover the bowl! and refrigerate the fruit salad for at least 30 minutes or up to a few hours. This allows the flavors to meld and creates a
more refreshing salad.

6. Serve the fruit salad in cups or bowls, garnished with a sprinkle of fresh parsley or mint, if desired.

This fruit salad recipe is perfect for a healthy snack or side dish, and with the variety of ingredients available in your refrig it should be
easy to put together quickly.

Kyle Buettner



MLLM Functionality: Image Perception - LL6§VA

LLaVA in Action

~

fishing regulations and use appropriate fishing techniques to keep the lake ecosystem healthy and maintain the balance of the food chain.

.

What are the things | should be cautious about when | visit here?

When visiting this peaceful location with a pier extending over a serene lake, surrounded by mountains, there are several things to be cautious
about. First, pay attention to the weather conditions, as sudden changes in weather, especially strong winds or storms, can cause the water to
become rough and pose risks to the stability of the pier. Second, be mindful of the structural integrity of the pier; avoid overloading it with too
many people or excessive weight, as this could potentially damage the pier or cause it to collapse. Additionally, be aware of the surrounding
wildlife and respect their space; do not harm or disturb them in any way. Finally, if you decide to go fishing, ensure that you adhere to any local

Compose an engaging travel blog post about my trip to this place, highlighting the beautiful
sceneries, joyful experiences, and include possible anecdotes.

Traveling to this picturesque location with a serene lake and mountains in the background was a refreshing and rejuvenating experience. The
pier extending over the calm water provided an excellent vantage point from which to appreciate the breathtaking scenery. As | stood on the
pier, I couldn't help but feel a deep connection with nature, taking a moment to soak in the peaceful atmosphere.

One of the highlights of my trip was undoubtedly the fishing experience. The area is teeming with life, and | was thrilled to land a sizeable
catch, despite the modest size of the lake. The joy of fishing in such a beautiful setting was truly rewarding, and it allowed me to take a break
from my busy life and truly immerse myself in the tranquility of nature.

While exploring the surrounding area, | came across a family of birds that had built a nest close to the pier, adding to the charm of the
location. Interacting with the wildlife and observing their behavior was an enriching experience that I'll cherish for years to come.

In conclusion, this idyllic destination provided me with an opportunity to unwind and recharge, surrounded by mesmerizing natural beauty and
the gentle sounds of water and wildlife. If you're looking for a serene escape from the hustle and bustle of everyday life, this pier overlooking
the lake is the perfect place to find solace and reconnect with nature.

Kyle Buettner
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MLLM Functionality: Image Perception - LLaVA
o

LLaVA in Action

What's the ending of this movie?

enjoying a romantic moment together. The scene suggests that they could be depicted as the characters Jack and Rose from the popular movie
Titanic. In the movie, their romance blossoms aboard the fictional ocean liner Titanic, with the pair ultimately sharing a passionate kiss as the
ship sinks into the ocean. The ending of the movie is known for its emotional and heartfelt scenes, where the characters are forced to say
goodbye to each other as they are separated by the sinking ship. The image evokes a sense of romance and nostalgia, paying tribute to the

iconic love story portrayed in the movie Titanic.

e In the image, a young woman is leaning on a man in front of a beautiful sunset, with both of them standing on a boat. They appear to be

Figure 4: LLaVA relates the movie scenes to the textural knowledge from the pretrained LLM.

Kyle Buettner



MLLM Functionality: Image Perception - LLaVA

LLaVA in Action

Do you know who drew this painting?

showcases the woman's enigmatic smile and has become one of the most famous and iconic art pieces in the world. The original work is
displayed in the Louvre Museum in Paris, and it is known for its intricate details, use of oil paint, and the artist's innovative techniques that
contributed to its enduring appeal and mystery.

e The painting depicts a c ly believed to be Mona Lisa, the famous artwork by Leonardo da Vinci. It is a portrait painting that

Start o new conversation, and the history is cleared.

Do you know who drew this painting?

Although the artist of the painting is not explicitly identified, it could be a reference to the famous artist Da Vinci, known for his artistic works,
including the Mona Lisa. The painting is likely a creative and comical take on the traditional portrait style, replacing a human figure with a dog
d dina ‘s clothing, making it an interesting and amusing visual piece.

e The painting depicts a dog in a humorous situation, where it appears to be wearing a woman's dress and standing in front of a landscape.

Figure 5: LLaVA recognizes the famous art work, Mona Lisa, by Leonardo da Vinci. When we start

a new conversation, it also explains the humourous artwork created on the web, mimicking the Mona
Lisa.

Kyle Buettner



MLLM Functionality: Image Perception - LLaVA

LLaVA in

Action
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Click to Upload
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What is unusual about this image?

What are the things | should be cautious
§ about when | visit here?

Parameters <«

Terms of use
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what does this image show?

The image shows a graph representing the global average temperature difference from the 1951-1980 average, measured in degrees Celsius. The
graph is divided into two lines, one representing data from Berkeley Earth and the other from NASA. Both lines show a general upward trend,
indicating that the global average temperature has been increasing over time. The data points are somewhat scattered, suggesting variability in
the temperature measurements from year to year. The graph is a visual representation of climate change data, highlighting the warming trend of
the Earth's climate system.

in what year does the upward trend start?

The upward trend in the global average temperature difference from the 1951-1980 average begins in the early 20th century, as indicated by the
graph. The trend becomes more pronounced after the 1950s, with the temperature difference increasing steadily over time.
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MLLM Functionality: Image Perception - LLaV

LLaVA in
Action

O B https//llava.hliv.cc
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The graphic includes the hatching of the eggs as the first step, which is not shown in the previous answer.
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MLLM Functionality: Image Perception - LLaV

LLaVA in
Action

Transpiration

Condensation

Parameters

L Type here to search

What is unusual about this image?

What are the things | should be cautious
about when | visit here?

=y |

®_ lavA Life Cycle of a Butterfly: Cor X

Pl < LlaVA Pl @© rain cycle - Google Search X

LLaVA Chatbot

Based on the information provided in the image, trees are not strictly necessary for precipitation to happen. The image shows the water cycle
with various processes such as evaporation, condensation, precipitation, and transpiration. While transpiration is one of the processes depicted,
itis not the only factor that contributes to precipitation.

Precipitation is shown as a result of condensation, which occurs when water vapor in the atmosphere condenses into droplets or ice crystals. This
process can happen independently of the presence of trees. The image does not depict any requirement for trees to be present for precipitation
to occur.

Therefore, while trees can contribute to the water cycle through transpiration, they are not a strict requirement for precipitation to happen.

according to the figure, what process other than transpiration from trees can fuel condensation?

According to the figure, besides transpiration from trees, the process of evaporation from the ground and other surfaces can also fuel
condensation. The image shows arrows pointing upwards from the ground, indicating evaporation. This process involves the conversion of liquid
water into water vapor, which can then rise into the atmosphere and contribute to the formation of clouds through condensation.

Evaporation from the ground can occur due to various factors such as sunlight, wind, and temperature. As the water on the ground surface heats
up, it evaporates into the air, increasing the amount of water vapor in the atmosphere. This water vapor can then condense into clouds, leading
to precipitation.

In summary, the image shows that both transpiration from trees and evaporation from the ground can contribute to the formation of clouds
through condensation, which is a key process in the water cycle leading to precipitation.
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MLLM Functionality: Image Perception

"""" Vision-and-Language || Vision-to-Language
Representation Learning

Vision-to-Language
Generative Learning

" Write a romantic message

- Blip2

Image
il Encoder

that goes along this photo.
i Love is like a sunset, it's
Text ! hard to see it coming but
Queries when it does it's so beautiful. |
Bootstrapping Pre-trained Bootstrapping Pre-trained
Image Models Large Language Models (LLMs)

1 I o
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Output: text
. Pretrained and frozen > a very serious cat.
Trained from scratch

[ —

n-th GATED XATTN-DENSE
Perceiver Perceiver 4
Resampler Resampler

I

1st GATED XATTN-DENSE

Processed text
|<image> This is a very cute dog.<image> This is I
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1

[

[1] Flamingo: a Visual Language Model for Few-Shot Learning. 2022

TN LLGVA Language Response X, . . .

Language Model f,

aYara
o

Xq Language Instruction

alalal
Projection W H,

Vision Encoder b, I T

- Mini-6PT4

{ The logo design is simple and minimalistic, with a pink line drawing of a flamingo
standing on one leg in the water. The design is clean and easy to recognize, making it

1

| suitable for use in various contexts such as a logo for a beach resort or a flamingo- I

| themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to l
the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively c ]

icates the brand's

. ™
Vicuna

Pr—
| #unt Humin:,

Linear Layer

[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. htips:/github.com/BradyFU/Awesome-Multimodal-Large-Language-Models , 2023.

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/



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

MLLM Functionality: Video Perception

-~ Video-ChatGPT

\) Video-ChatGPT Response
-y o This video is taken in New York City, especially in the vicinity of the Statue of Liberty. The

ﬁ 3 = - | Statue is shown in the background, and the video also shows the city skyline in the background.
‘& Video-ChatGPT B

-~ Video-LLaVA

Q~ Large Language Model g
Vi BVE BV

3 Vicuna v1.5
Large Language Model (Vicuna, v1.1)
s VI e &V v i Bl BN R o
System Command Linear Layer ¢% il %  Share Projection  fp Word Embedding Layer f
Ygg‘-‘?z X;gignczéi‘;‘%gi Tepe Featuref ----- Spalinl restures Wher:a‘i‘:"tgiz"‘;ideo Encoder Zoo 1
mode rained w. video ' !
instruction data. ﬁé f# f ,ﬁf i fi //// fv

..... LanguageBind Are the image and the video
Spatial Pooling £ Temporal Pooling

W7/ 077/ 27/ //// //////////// V) W : ﬁ depicting the same place?

Visual Encoder Pretrained CLIP (L/14) -

Image Video
Video Frames

[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://aithub.com/yunlong10/Awesome-LLMs-for-Video-Understanding , 2023

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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MLLM Functionality: 3D Perception

+ 3D-LLM = PointLLM

3D Scene ) Direct Reconstruct 1 3D Feature ( Question )
e —
[ — > A Please tell me
: — where is the chair? Ignored Token It’s orange. </s>
- 2D Image Point Cloud Point Token

T — 3 L J Text Token

( Multi View ) gradsLAM P | N
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}” 1 - @/ Perceiver (" Unified Vocab. k N
| - === R
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T LM = - s I Projector Tokenizer
™ what a .. bed
2D Feature Neural Field L ~ )
.-.. N 1 2ot Cloud USER: <p_start>  Point Encoder  <p_end> What color is the interior? ASSISTANT: |
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[1] 3D-LLM: Injecting the 3D World into Large Language Models. 2023
[2] PointLLM: Empowering Large Language Models to Understand Point Clouds. 2023

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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MLLM Functionality: Audio Perception

-~ SpeechGPT - SALMONN
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Meta Prompt ~ Speech Datasets IEEEETAI 1 Transcription: ! D -Former queries
EHREEEES ! Hi, my name is SpeechGPT. Niceto | Q q '
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[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://aithub.com/EmulationAl/awesome-large-audio-models , 2023

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/



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

MLLM Functionality: BioMedical Perception
Bio-/Medical & Healthcare

BioGPT DoctorGLM MedAlpaca

DrugGPT BianQue AlpaCare Text

BioMedLM ClinicalGPT Zhongjing Tfft
OphGLM Qilin-Med PMC-LLaMA biomedicine -f=_-=;l1
GatorTron ChatDoctor CPLLM

GatorTronGPT BenTsao MedPalLM 2

MEDITRON HuatuoGPT BioMedGPT

[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, htips://github.com/Al-in-Health/MedLLMsPracticalGuide . 2023.
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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I
MLLM Functionality: Generation

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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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T
MLLM Functionality: Generation

Modality (w/ Language)

Image Video Audio 3D
Flamingo, Kosmos-1, Blip2, mPLUG-Owl,  VideoChat, Video- AudioGPT, SpeechGPT, 3D-LLM, 3D-GPT,
Mini-GPT4, LLaVA, InstructBLIP, ChatGPT, Video- VIOLA, AudioPalL M, LL3DA,
VPGTrans, CogVLM, Monkey, Chameleon, LLaMA, PandaGPT, SALMONN, MU- Spatial VLM,
Otter, Qwen-VL, GPT-4v, SPHINX, Yi-  MovieChat, Video- LLaMA, ... PointLLM, Point-
VL, Fuyu, ... LLaVA, LLaMA-VID, Bind, ...
Momentor, ...

Video-LLaVA, Chat-UniVi, LLaMA-VID

Input-side [Pixel-wise] GPT4RoI, LION, MiniGPT-  [Pixel-wise] P6-
Perceiving v2, NExT-Chat, Kosmos-2, GLaMM, Video-LLaVA, Merlin,
LISA, DetGPT, Osprey, PixelLM, ... MotionEpic, ...

Panda-GPT, Video-LLaMA, AnyMAL, Macaw-LLM, Gemini, VideoPoet, ImageBind-LLM,
LLMBind, LLaMA-Adapter, ...

GILL, EMU, MiniGPT-5, DreamLLM,

GPT4Video, Video- AudioGPT, SpeechGPT,

o LLaVA-Plus, InternLM-XComposer2, LaVIT, VideoPoet, ... VIOLA, AudioPal M, ...
Perceiving SEED-LLaMA, LaVIT, Mini-Gemini, ...
+
. Pixel-wise] Vit
Gener'a‘rmg [Pixel-wise] Vitron

NExT-GPT, Unified-IO 2, AnyGPT, CoDi-2, Modaverse, ViT-Lens, ...

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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MLLM Functionality: Image Generation
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MLLM Functionality: Video Generation

-~ GPT4Video -~ VideoPoet

~

£ Text-to-Video Model Gallery

75 + The video shows a boat passing by the Sydney Opera House, which

&% is a famous landmark in Australa. Tho boat is moving towards the
Opera House, and the city skyline can b seen in the background.
This scene captures the beauty and grandeur of the Sydney Opera
House, making it a memorabie travel experience.

/'7 ‘l Make-A-Video " Tune-A-Video ‘lTsﬂzmhm" VideoCrafter | ZeroScope ‘

bidirectional attention prefix

autoregressively g d

kangaroo. They are unique to Australia and can be found in many
differont habitats. Here's a video that showcases a kangaroo in ts
natural habitat: <video> two kangaroos in the wild </videg>

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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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T
MLLM Functionality: Audio Generation

-~ SpeechGPT -= AudioGPT
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[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
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MLLM Functionality: Text+Image+Video Generation

S S Chat-UniVi Response: The boy in the image has blonde hair, and the pot used to cook the
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[1] Chat-UniVi: Unified Visual Representation Empowers Large Language Models with Image and Video Understanding. 2023
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MLLM Functionality: Text+Image+Video+Audio Generation
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[1] Macaw-LLM: Multi-Modal Language Modeling with Image, Audio, Video, and Text Integration. 2023
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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I
MLLM Functionality: Fine-grained Capabilities

[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.

Describe the image in detail. Please output &

° H H Filmilr el enmnenistem newd PrS = What is the difference between
V!Sual GrOundlng ) @ SEEEEseRERsty = 9 this deer and another deer ?
« Visual Segmentation S

* Visual Editing

* Visual Inpainting

The main difference between y
the two deer is their size and Shikra
v antlers. The adult deer is larger o
with more prominent antlers,
The image showcases a large, white building with a red while the younger deer is smaller
E88E, surrounded by a well-manicured lawn and palm [EEEes. with no visible antlers
The 8Ky is visible over the building, the pavement, and the &

@EaSS. The grass is also seen extending to the pavement.

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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2
MLLM Functionality: Fine-grained Capabilities

Modality (w/ Language)
Image Video Audio 3D
Flamingo, Kosmos-1, Blip2, mPLUG-Owl, VideoChat, Video- AudioGPT, SpeechGPT, 3D-LLM, 3D-GPT,
Mini-GPT4, LLaVA, InstructBLIP, ChatGPT, Video- VIOLA, AudioPaLM, LL3DA,
VPGTrans, CogVLM, Monkey, Chameleon, LLaMA, PandaGPT, SALMONN, MU- Spatial VLM,
Otter, Qwen-VL, GPT-4v, SPHINX, Yi- MovieChat, Video- LLaMA, ... PointLLM, Point-

VL, Fuyu, ... LLaVA, LLaMA-VID, Bind, ...

Input-side

Rps [Pixel-wise] GPT4RoI, LION, MiniGPT-  [Pixel-wise] PG-
Perceiving

v2, NExT-Chat, Kosmos-2, GLaMM, Video-LLaVA, Merlin,
LISA, DetGPT, Osprey, PixelLM, ... MotionEpic, ...

Video-LLaVA, Chat-UniVi, LLaMA-VID

Panda-GPT, Video-LLaMA, AnyMAL, Macaw-LLM, Gemini, VideoPoet, ImageBind-LLM,
LLMBind, LLaMA-Adapter, ...

GILL, EMU, MiniGPT-5, DreamLLM, GPT4Video, Video- Audio6PT, SpeechGPT,
o LLaVA-Plus, InternLM-XComposer2, LaVIT, VideoPoet, ... VIOLA, AudioPalM, ...
Perceiving SEED-LLaMA, LaVIT, Mini-Gemini, ...

+
Generating Seision. bl _

NExT-GPT, Unified-IO 2, AnyGPT, CoDi-2, Modaverse, ViT-Lens, ...

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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MLLM Functionality: Image Fine-grained Capabilities

® Image-oriented Pixel-wise nune Egm

Large Multimodal Model

3

L
In B . where is the bear to the left of region il ?

NExT-Chat
t *

Mask Decoder

mask
Location
‘
Global Ima; Grounding | G R
El'n':coderse Image Encoder i “ I
l J - _J

Region Encoder | |l | ]' |=v-L- LLM g L-P— I 100 | | ’ :a{t:g: S
S A large body of

Image-region prompts ~ Outpat prompts
— water

Grounded Conversation Generation

GLaMM

Can you give a detailed

oo ot e | (4250 ool b e bnkloon o fAying ovs che wives.

Referring Expression Segmentation Image Level Captioning Region Level Captioning Phrase Grounding

g:‘: i 9'{8’“"“; the balloon in Ao :’Ica:c:cs(:ib‘c the 3&:":‘ imaﬁt. L | Could you tell me more | Can you segment phrases in, “A <hot air
DRSS air, (ly[in; :ve: ncgiver‘. ;h': ba:la:m. \ ahont(tila region? DkRoonz: vERkuc. setverc
SEow;sthe I :vlﬁghc:lporm :r;:.h“:" ::ld’:euc:nd“‘:r::: A yellow, red and A <hot air b‘“""“’ﬂ
ASgREnCRTIcE; A visible in the background. blue hot air balloon over the <river>

[1] NExT-Chat: An LMM for Chat, Detection and Segmentation. 2023
[2] GLaMM: Pixel Grounding Large Multimodal Model. 2023 Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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MLLM Functionality: Video Fine-grained Capabilities

® Video-oriented Pixel-wise Regional MLLM e G R

PG-Video-LLaVA MotionEpic
S, EEEm

e
s uﬂ-fﬁﬂ g  wmme

Text Prompt

- Buyhoay - -

STSG Encoder®

"“?;:: e Response The person in the video is & man who is sitting on the ground and petting  lon ’
| | N DDy «---
Propossl Refinement Large Language Model : Spatial-temporal Scene Graph
Video
] I I STSG)
Grounding Module tem Command | User Gue tio-terrporal Vid santati Audio Transcript Question: What Jeast likel [: |
' s = =t o e i— A l"o\::[’ug KNS ;:l( t:;:.::.“ i'l..::l"‘\’:-"i'{“~'f ;“(\lr\"‘u‘: Performer o D, (umrunnm Pat "= £ Scarch and Rescue Dog
lion | mae | OUSEIS | You drw G- Video- MIP & Forced Aligrment
Ay S Terngersl Fout Soutal Fevtare:
e TN ooy Phoneme }-3 i
S aedw v W IRy, Y e Whitper — oy - _— — e
Inatruction data. Spatial Pockeg Swvgumed Pocing
- Step-1: The involved target is [dog| Step-4:
. P 2 Y » g Fird Firh P
e OB G vl User Query iy sy saviiiviiviiy - $ . The video depicting professional  The companian dog
Step-2: The partial STSG in tracking [dog] is: traiming and compkx aBons companionship
What IS the penos suggests it might be a police dog support 10 thar o tan
I the wideo doing? Visual E"w (CUP) Voice Activty Detection . e 00 sl run o 1_{ oo pertorming daily training . The cngaging in specis 1||n\l tasks b
e op Pt >, -« muomlu\ “of the answer [~ © The answer |
| - . - SR 0 . hdadibclnd lis2 has a coherence score of 8.
Bl swndon ™ by i n ool - o
bohiad 2 ~ T S After rssking the rationale score, lhe final answer is [D. Comparson Pet)
-‘ Frome Frame 3 Frame Frowe *
Step-5: Let’ verify the [[ T Pet] based on visual perception ..
Step-3: According to the video scene and STSG, the dog is crossing L. Pixel ing ln(onn.tmn( ck: Based oa the video scene, it
multiple hurdles with the dog being visible both before and afier the  depicts a training groesd with a dog he mnvwer is fitting
burdles. The accompanying man is observed peoviding instructions o 2. Commonsense Check: mv-cu my the dog's encrgetic behavioe dunng
guide the dog through the oiu.ulc- Drawing on facsas commonsense  trainng alagns with the common understandeng that companion pet are less
understanding, it might be inferred that the man is & 1 likely %0 undergo such training. lm\ mm the chose answer
imparting vanous commands and traiming the dog on a gra Canchasion: The mswer D 1 1t] 18 supported both by

[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
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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MLLM Functionality: Unified Fine-grained Capabilities

[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.

[1] VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. 2024
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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I T
MLLM Functionality: Unified Fine-grained Capabilities

Low-level Visual Semantics High-level Visual Semantics
Vision Segmentation & Grounding Pixel-level Vision Understanding
: : B Image/Video  Referring ; Vision Supporting Pixel/Regional Segmenting/ . .
;<,~ Panoptic B Instance | S"‘"‘"“c Wiz apioning Captioning ~™m38¢ QA Yideo Q4 Model —Image Video Understanding Grounding Generating  Editing
£ 2 3 i
B. 7'96 : 1 TS : e Flamingo [1] 7 X X x X X
% i < S e 5 S ‘i;?étz;ﬂ;z?:iﬁ:&“.:‘ S’ BLIP-2[45] v X X X X X
= adrawing ofapink  woman on the ight  Q: Wh ownthe 2lope. MiniGPT-4 [126 v X X X X X
g Phrase Grounding Video Grounding Is:nd blucpok:m\;n in white shirt sitting? A: Arms LI_l,alVA [57][ 1 y . . . M M
(L . a anguage-Image 1t -Video Retrieval
5 A s i S . GILL [39] v x x X v X
g [T g | - s TR =0 /X x X / X
Adtoddle itis Alittle girl plays by a pond with a plastic shovel. ) mgl;y':;-smw MiniGPT-5 [125] v X X X v X
sn:cnn'g his toy on'aglnss field. ; . i' ] i _])IfalnELM_[zé] ______ / o 5 ______ X_ _______ X _______ oo X L
Video Object Segmentation (Trackmg) Wiz Tl G i GPT4Rol [122] v X v v X X
3 @R 4 = NEXT-Chat [118] v X v v X X
5 _ il MiniGPT-v2 [13] v X v/ v X X
v walking ! - Shikra [14] v X v/ v X X
o ; ; R o T Kosmos-2 [72] v X v v X X
Vision Synthesis & Generation Vision Editing & Inpainting GLaMM [78] v X v v X X
— VITRON Adding Removing Osprey [117] v x v v x X
g(eneraﬁo,‘,ge Text-to-Video Generation s PixelLM [79] v X v v X X
A corgi runs on the grass A polar bea swimming. O/ LLaVA-Plus [58] v X X v v/ v/
¢ . ' P i VideoChat [46] X v X X X X
i Video-LLaMA [120] X v X X X X
Ol Video-LLaVA [52] v v/ X X X X
= J : Video-ChatGPT [61] X v X X X X
§ Image-to-Video Generation ) _GlzTé_iv_idgo _[92] ______ X o { ______ )i _______ X oo ) X L
o) g - - PG-Video-LLaVA [67] X v v v X X
. NN NENN L e SECEECE R
= . b £ 4 : VITRON (Ours) v/ v/ e v/~ v/ v/
2
(]

[1] VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. 2024
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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MLLM Functionality: Unified Fine-grained Capabilities

Image Image | Image
Segmentation [l Generation Editing Segmentation il Generation Editing

Textual response <Module>xxx</Module>  <Instruction>xxx</Instruction>  <Region>xxx</Region>

4

916 Large Language Model
+ & 4 4 T
Projection [ Projection )6 [ Projection )6 ’916
S ST 1

Project: https://vitron-lim.github.io/ der h Enc * T
Paper: https://is.gd/aGuOVV 4 . : »
Text .

[l =

Code&Demo: hitps:/github.com/SkyworkAl/Vitron Video [ Image [2g)] User Sketch =1

[1] VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. 2024
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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https://github.com/SkyworkAI/Vitron

Plan for this lecture
1.
2.

3.

5. Multimodal Instruction Tunning



Multimodal Instruction Tuning

Why Multimodal Instruction Tuning?

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Instruction Tuning

77777777777777777777777777777777777777777777777777777777777777777777777 . Pretrained and frozen S

Vision-and-Language Vision-to-Language Trained from scratch
Representation Learning : Generative Learning

l — n-th GATED XATTN-DENSE
' Perceiver Perceiver
! Resampler Resampler
Q-Former ; P P © isiMblock %
e
Querying Transformer| ' |

a very serious cat.

1st GATED XATTN-DENSE

" Write a romantic message
' that goes along this photo.
, o } Love is like a sunset, it's e T
\a0-mm ext : hard to see it coming but [ <image> This is a very cute dog.<image> This is

f ¥

Queries ! when it does it's so beautiful.
| Interleaved visual/text data
Bootstrapping Pre-trained i Bootstrapping Pre-trained
Image Models ; Large Language Models (LLMs)

This is a very cute dog.ﬂ This is

* 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.

[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
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Why Multimodal Instruction Tuning?

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.

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Instruction Tuning is NOT multitask learning

Multitask learning (with task tokens)

Training Testing
INPUT: <image><tok_task_1=short_cap>  Only with <tok_task_1>, <tok_task_2>...
OUTPUT: <generated short descriptions>

Does not work with <new_task=long_cap>

INPUT: <image><tok_task_2=yes_no>
OUTPUT: yes/no

Instruction tuning (with natural language task instructions)

Training Testing
INPUT: <image>Describe this image INPUT: <image>Describe this image in detail.
briefly. OUTPUT: <long descriptions>

OUTPUT: <generated short descriptions>

Generalizes to new instructions zero-shot.

INPUT: <image>Is this xxx?
OUTPUT: yes/no

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Why Multimodal Instruction Tuning?

From Single-Purpose to General-Purpose

(a). Traditional Task Paradigm for Computer Vision (b). Instruction-based Task Paradigm for Computer Vision

Image

[
[
(1) Image Captioning : Answer 1: The image features a large brown dog and a small gray cat
-+ . | sitting together on a tile floor, and both animals appear to be relaxed. ..
—[ 3“ "“:LBC f':;u'“ a I']‘“’S‘ ) Answer 2: There are two objects in the pi including one cat <BOX1>
Visual Language own dog and a sma and one dog <BOX2>.
. Encoder Models gray cat sitting together on : ______ =
a tile floor ... | Answer N: Here is the modified picture in sketch style <IMAGE=.
Image Generated Caption : it ool o \
I
(2) Object Detection : : Largc Language Model I
1 [ § T T :
Visual 1! i i 1
Raioda 4 Image Embedding Word Embedding :
[ : 1 1 1
! < : 1
Image g Vision Encoder Word Tokenizer |
) Detection Result X T T 1
() Tange Tramsiation : | \__General-Purpose Multimodal Model (GPMM) |
______ B e e ot el
[
Visual | Question 1: Describe the image concisely.
: " Question 2: Detect all objects with bounding
Encoder ' boxes.
: Question N: Modify the picture into Sketch style.
[
[

Translated Image Image Task Instruction in Language

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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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MLLM Instruction Tuning Framework

D TTa Visual Instruction Tuning Framework

Example: LLaVA-1.5

Data Adaptation

Data Mixture

Visual Instruction-following data language model (Vicuna v1.5 138)

o o o O0o0ooo
1 R - vision-language connector (MLP) tokenizer &
Question: Describe the image concisely embedding
Answer: There is a calico cat in the —
picture. The cat is lying on the table and

vision encoder (CLIP ViT-L/336px)
wearing a pair of black sunglasses

Self-Instruction

User: what is
unusual about
this image?

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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Training Paradigms

@’ Stagel: Pretraining Stage

Align different modalities, provide world knowledge

@’ Stage2: Instruction Tuning Stage
Teach models to better understand the
instructions from users and fulfill the
demanded tasks.

Language Response
OoOooOood 6 Language Response
t 0000000
Large Language Model -
i s T S e T TR ‘ [ Large Language Model
IDDD;]EIE]EI OO0OoOoooo) 3 r
_________________ J
: . 0000000 o o
it SEEGEER EREemEe
Word Embedding Space
_ Vision Encoder
: Question: Describe the image
concisely
Al : There is a calico cat i % . .
ﬂ:';::m Tbe‘:a: is ly;.:g onm m; Describe the image
0 e Answer: There is a calico cat in
Image Language Instruction :: z'::l:c- The cat is lying on
Image Language Instruction

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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal learning as a translation problem

Output

The color of the shirt the man’s wearing is yellow.
Instruction t
What's the color of the shirt thatthe ______ Language Decoder

man is wearing?

Image Cross-modal Connector

% Multimodal Tokenizer

Visial Encoder (i.e. translator)

LLM “learns” a visual foreign language efficiently.

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/



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

117

Multimodal Instruction Tuning Data Generation -
Pretraining Data

Eg’ Stage1: Pretraining Stage [? Stage2: Instruction Tuning Stage
Teach models to better understand the

instructions from users and fulfill the
demanded tasks.

Align different modalities, provide world knowledge

Language Response 3 Language Response
I:II:II:IIf:II:IEID ﬁ DDD;]DDD
Large Language Model |[ Large Language Model
D00Q000  SEEoass; ‘Doogo00  ooaoams |
Nord Embec;ding Space Word Embec‘lding Space

Question: Describe the image
concisely
Answer: There is a calico cat in

concisely
Answer: There is a calico cat in

Question: Describe the image
the picture. The cat is lying on

the picture. The cat is lying on
the table...... the table......
Image Language Instruction Image Language Instruction

[1] MMC: Advancing Multimodal Chart Understanding with Large-scale Instruction Tuning. NAACL 2024.
[2] Visual Instruction Tuning. NeurIPS 2023.
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Instruction Tuning Data Generation -
Pretraining Data

[Coarse-gained Image-text]
Data volume is large, the captions

are shorts and noisy. | LNONSE 598 CowsegrainedimageText

[Fin e-g ained Ima g e-T ext] ShareGPT4V-PT 1.2M Fine-grained Image-Text
Hi g h q ual ity, | onger and more LVIS-Instruct4V Mk Fine-grained Image-Text
accurate descriptions, fine-gained ALLava 70K Fine-grained Image-Text
alignment between different MSR-VTT 200k Video-Text
modalities. WavCaps 24k Audio-Text
MMC-Instruction 600k Chart-Text

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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Instruction Tuning Data Generation -
Pretraining Data

Young children standing on a platform waiting for a train to arrive.
Adults and children watching a train slowly leave,
A family near a railroad track watching the train pass.
People waiting on a platform as a train pulls up.
A train station with a green chain on the tracks and children waiting for it to go by.

Coarse-gained Image-text

At a train station, a group of people, including both young children and adults, are
standing on a platform waiting for a train to arrive. The train is already present on the
tracks, partially visible on the right side of the image. Some of the people watch the train B
closely, while others seem to be patiently anticipating its departure. Coarse-gained Image-text

There is a total of eight individuals waiting for the train, with one child in the middle of
the platform and the others scattered around. A backpack can be found on the far left
side of the platform, suggesting that scmecne may have set it down while waiting.

ShareGPT4V: The image captures a moment at a train station. A green train is on the
tracks, moving away from the platform labeled "Platform 2%, The train's motion is observed
by people standing on the platform, their attention drawn to the departing vehicle.

A red signal stands on the tracks, its vibrant color contrasting with the green of the train.
Signs are prominently displayed around the platform. One warns "Beware of Trains”, a
cautionary reminder of the powerful machines that frequent these tracks. Another sign
advises “Please Use The Footbridge To Cross The Line. If You Require Assistance Please
Ask The Station Staff", guiding passengers to safely navigate the station.

Fine-gained Image-text

The sky above is a clear blue, providing a serene backdrop to the bustling activity of the
station. In the distance, trees can be seen, adding a touch of nature to this man-made
setting. The image is a snapshot of everyday life at a train station, capturing both its
routine operations and its inherent charm.

A 7y

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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Instruction Tuning Data Generation - Instruction
Data Generation

@’ Stagel: Pretraining Stage @ Stage2: Instruction Tuning Stage
Align different modalities, provide world knowledge Teach models to better understand the

instructions from users and fulfill the
demanded tasks.

Language Response , Language Response
EIDEII%IEIEIEI ﬁ DDDI;IDDE]
Large Language Model |[ Large Language Model
DO00000  BEEGEaE ) Bon0o00 _ esoaas;
Nord Embez;ding Space Adapter Word Embe;ding Space

7
Question: Describe the image ' /- Question: Describe the image
concisely ' ) concisely
Answer: There is a calico cat in =Y Answer: There is a calico cat in
the picture. The cat is lying on - the picture. The cat is lying on
the table...... the table. .....

Image Language Instruction Image Language Instruction

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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Instruction Tuning Data Generation - Instruction
Data Generation

Image

A group of people standing
Context (caption) outside of a black vehicle with
various luggage.

Context (bbox) person: [0.68, 0.24, 0.77, 0.69], person: [0.63, 0.22, 0.68, 0.51],

person: [0.44, 0.23, 0.48, 0.34], backpack: [0.38, 0.69, 0.48, 0.91],

[1] Visual Instruction Tuning. NeurlPS 2023.

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Instruction Tuning Data Generation - Instruction
Data Generation

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

Prompt:
Give an image with following information: bounding box, positions that are the object left-top corner coordinates(X, Y),
object sizes(Width, Height). Highly overlapping bounding boxes may refer to the same object.

bounding box:
elephant heard on rocks X: 73 Y: 80 Width: 418 Height: 418
i woman wearing long dress X: 176 Y: 298 Width: 35 Height: 83
Boundmg bpxes, group of green chairs X: 153 Y: 326 Width: 95 Height: 126
dense Captions — || an orange bucket on the ground X: 91 Y: 341 Width: 38 Height: 36
a group of white umbrellas X: 99 Y: 82 Width: 112 Height: 28
aman in an orange shirt X: 204 Y: 265 Width: 31 Height: 47
awoman wearing a yellow dress X: 169 Y: 298 Width: 47 Height: 76

Task: image captioning, Image Sentiment Analysis, Image Quality Assessment, Object Interaction Analysis, Object
Attribute Detection, Muli-choice VQA ...

Come up with 20 diverse instructions for all the tasks above with different language styles and accurate answers. The
instructions should contain interrogative sentence and declarative sentences. The answers should be less than 30 words.
Each task should have less than 3 instructions.

GPT4 OUTPUT Example:

ftab f b he baby eleph d adult eleph
Craft a brief narrative about the baby elephant and adult elephant.
Output from GPT4 — : T X

Answer:
A baby elephant is depicted behind an adult elephant, possibly seeking protection.

[1] Aligning large multi-modal model with robust instruction tuning. ICLR 2024.
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Multimodal Instruction Tuning Data Generation - Instruction

Data Generation

Existing Data

The answers of existing VQA and caption
datasets are usually concise, directly
using these datasets for instruction
tuning may limit the output length of
MLLMs.

Rapid Decline in Brazilians’ Assessment
of Economy
Current economic situation in Brazil is ...

100%

0
2010 2011 2012 2013 2014 2015

Question:

Which year has the most divergent
opinions about Brazil’'s economy?

Answer:
2015

[1] ChartQA: A Benchmark for Question Answering about Charts with Visual and

Logical Reasoning. ACL 2022 Findings.
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Multimodal Instruction Tuning Data Generation - Instruction
Data Generation

Visual input example, Different Format Prompts:

Normal prompt What is the color of the shirt that the

man is wearing?
Response The man is wearing a yellow shirt.

[1] Improved Baselines with Visual Instruction Tuning. CVPR 2024.
Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Instruction Tuning Dataset

Dataset

LLaVA-Instruct-158k

LRV-Instruction

MMC-Instruction

Clotho-Detail

MACAW-LLM

MIMIC-IT

StableLLaVA

LAMM

VIGC-LLaVA

X-LLM

Size

158k

400k

600k

3.9k

119k

2.8M

126k

196k

1.8M

10k

Modalities

Image, Text

Image, Text

Chart, Text

Text, Audio
Image, Video, Text
Image, Video, Text

Image, Text

Image, PointCloud, Text
Image, Text

Image, Video, Text

Constructions

ChatGPT-generated
GPT4-generated
GPT4-generated/adapted
GPT4-generated
GPT-3.5-turbo-generated
ChatGPT-generated
StableDiffusion & ChatGPT-generated
GPT4-generated
Model-generated

ChatGPT-generated

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/
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Summary

[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 S—

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

Multimodal Large Language Models (MLLM) — Tutorial - https://mlim2024.github.io/CVPR2024/



https://mllm2024.github.io/CVPR2024/
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Plan for this lecture
1.
2.
3.

4.

5.

6. What's Next?
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Tutorials

 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
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Visual Prog ramming (Gupta & Kembhavi, CVPR 2023)

Compositional Visual Question Answering Natural Language Image Editing
IMAGE: IMAGE: Prediction: IMAGEL
o Question: Are there both ties and glasses in the picture?
Program:
W BOX@=Loc (image=IMAGE, object=‘ties’)

ANSWER@=Count (box=BOX0)

BOX1=Loc(image=IMAGE, object=‘glasses’)

ANSWER1=Count (box=BOX1)

ANSWER2=Eval(“‘yes’ if {ANSWER@} > @ and {ANSWER1} > @ else ‘no’”’)
RESULT=ANSWER2

Prediction: no

Instruction: Hide Daniel Craig with 8) and Sean Connery with ;)

= Program:
Natural Language Visual Reasoning 0BJ@=FaceDet (image=IMAGE)
LEFT: RIGHT: 0BJ1=Select(image=IMAGE, object=0BJ@, query=‘Daniel Craig’, category=None)

IMAGE@=Emoji(image=IMAGE, object=0BJ1, emoji=‘smiling_face_with_sunglasses’)
0BJ2=Select(image=IMAGE, object=0B]@, query=‘Sean Connery’, category: None)
IMAGE1=Emoji(image=IMAGE®, object=0BJ2, emoji=‘winking_face’)

RESULT=IMAGE1

IMAGE: Prediction: IMAGE®

Statement: The left and right image contains a total of six people and two boats.
Program:

ANSWER@=Vqa (image=LEFT, question=‘How many people are in the image?’)

ANSWER1=Vqa (image=RIGHT, questwn—’How many people are in the image?’)

ANSWER3=Vqa(image=RIGHT, questmn-‘How many boats are in the 1mage?’)
ANSWER4=Eval( ‘{ANSWER@} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2’)
RESULT=ANSWER4

Instruction: Replace desert with lush green grass

\Predictinn: False Program:
0BJ@=Seg(image=IMAGE)
Factual Kn°w|edge ObjectTagging OBJ1=Select(image=IMAGE, object=0B]@, query=‘desert’, category=None)
I place(image=IMAGE, object=0BJ1, prompt=‘lush green grass’)
IMAGE: Prediction: IMAGE® RESULT=IMAGE®

Prediction: IMAGE®

Instruction: Tag the 7 main characters on the TV show Big Bang Theory

Program: Instruction: Create a color pop of Barack Obama (person)

0BJ@=FaceDet (image=IMAGE) Program:

LISTe=List(query=‘main characters on the TV show Big Bang Theory’, max=7) 0BJ0=Seg(image=IMAGE)

OBJ1=Classify(image=IMAGE, object=0BJ@, categories=LISTO) OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Barack Obama’, category=‘person’)
IMAGE@=Tag(image=IMAGE, object=0BJ1) IMAGE@=ColorPop (image=IMAGE, object=0BJ1)

RESULT=IMAGE® RESULT=IMAGE®
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Visual Prog ramming (Gupta & Kembhavi, CVPR 2023)

|mage FaceDet
Understanding OWL-ViT DSFD (pypl) MaskFormer CLIP-ViT CLIP-ViT ViLT

Replace ColorPop
Stable PIL.convert() PIL.GaussianBlur() PIL.rectangle() AugLy (pypi)
Image Diffusion cv2.grabCut() cv2.grabCut() PIL.text()

Manipulation
CropRight CropAbove CropBelow
PIL.crop() PIL.crop() PIL.crop() PIL.crop() PIL.crop()
Knowledge List Arithmetic
Retrieval & Logical eval() len() dict()
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Do As | Can, Not As | Say: Grounding Language in Robotic
Affordances (SayCan) (Ahn et al., CoRL 2023)

Exam results (ordered by GPT-3.5 performance)

gpt-4 [
Estimated percentile lower bound (among test takers) gpt-4 (no vision)
100 gpt3.5 M

Can this be harnessed by an embodied
agent?

LLMs contain large amounts of commonsense

OpenAl. “GPT-4 Technical Report.” ArXiv (2023).
knowledge

Huang, Wenlong et al. “Language Models as Zero-Shot Planners: Extracting
Actionable Knowledge for Embodied Agents.” ICML (2022)

Arushi Rai



LLMs are not grounded in the real world

| spilled my drink, can you help?

You could try using
GPT3 a vacuum cleaner.

Do you want me to
find a cleaner?

LaMDA

I'm sorry, | didn't

FLAN mean to spill it.

Arushi Rai

132

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
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SayCan Method

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
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SayCan: Language x Affordance

= high-level instruction

_ . £ kil 1 ("How can | clean up
g language description of ski this mess”)

= completion
| C?T
. Probability of completing skill given state and language
Sklll T and p(Cﬂ- | S7 «eﬂ-) description of skill (affordance fn; Q fn)
. > *\ Probability of skill as a valid next step for
LLM prOVIdeS us Wlth p(’eﬂ' |Z) a given instruction and current sequence

p(cili, s, l;) < p(cxls, br)p(Lr|t)

Arushi Rai
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Constraining output to sequences of primitive skills

------------------------------------------

How would move the coffee to the counter? E
|
1
1. find a coffee cup, 2. pick up the coffee cup, 3. goto | La rge
counter, 4. put down the coffee cup, 5. done. : La ng Uage
1
i Model

Prompt Engineering

How would you put an apple on the
table?

Instruction

| would: 1.

Arushi Rai
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Constraining output to sequences of primitive skills

Arushi Rai

Instruction Relevance with LLMs Combined

Prompt Examples : 6 Find an apple
1
- -30 Find a coke
-30 Find a sponge
How would you put _
an apple on the -4 Pick up the apple
table? -30 Pick up the coke
-5 Place the apple
-30 Place the coke
=10 Go to the table
LLM -20 Go to the counter

Skill Affordances with Value Functions

0.6
0.6
0.6
0.2

0.2

0.1
0.1
0.8
0.8

Value
Functions

I would: 1. Find an apple, 2.

»O— LLM < > VF
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SayCan Algorithm

Algorithm 1 SayCan

Given: A high level instruction ¢, state sg, and a set of skills IT and their language descriptions /1y
Ln=0,7=10
2: while ¢, | # “done” do

3: C=10
4 for r €¢Il and ¢, € /17 do
5 e (/[ I Y > Evaluate scoring of LLM
6: paffordance — (¢ 1 0) > Evaluate affordance function
7 pcombined — paffordancepLLM
8 Cﬂ-: CU pcoml?ined "
™
9: end for
10: T, = argmax, g C
11: Execute 7, (s,) in the environment, updating state s,, 1

12: n=n-+1
13: end while

Arushi Rai



Human: | spilled
my coke, can you
bring me

something to clean

it up?

Robot: | would
1. Find a sponge
2. Pick up the
sponge

3. Bring it to you
4. Done

| Language x Affordance [

Combined Score

1

find a sponge

[

1.00
go to the table
‘ —
0:.08
find a coke can
-
\ - [
go to the trash can
_— L1
find a water bottle
{ ]
001

SanCay Example Output

pick up the sponge
| [
1.00 |

put down the sponge

— 7
bring it to you

0104

go to the table
1
0.00
go to the trash can
]
0.00
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ng it to you
\ 1
1.00 ]
put down the sponge
| [
. 047
go to the table
]
EORL
go to the trash can
\ [
0.00
done
| 0
0.00

done
i

1.00 ]

go to the table

\ J
0.01

find a coke can )

|
0.00

find a sponge

\ L
0.00

go to the trash can

| ]
0.00

Figure 6: Visualization of PaLM-SayCan’s decision making, where the top combined score chooses the correct

skill.

Arushi Rai




