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Preliminary on MLLM

(X This world we live in is replete with multimodal

information & signals, not just language.
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Preliminary on MLLM

B Extending Language LLM to Multimodal LLM (MLLM)

-----------------------------------------------------
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Preliminary on MLLM

B Research Trends on MLLM

Publicly Fuyu-8B ApepT v SPHINX ~* ° MoE-LLaVA @ Qwen-VL-Max €2
Available/Unavailable | MobileVLM =@ vary [[HAT] Monkey (2 TextMonkey (& Mobile-Agent @'
7z, MM1
ImageBind-LLM ©VY DreamLLM (&) < 13 —
= fﬂv
MMICL @ Xcomposer ~-.° NEXT-GPT % 10-12 2024 © cewmini
AnyMaL (X % @ Woodpecker
Video LLaMA ¢7 3D-LLM GPT4V  £2 Qwen.VL | _
. @ Video-LLaVA
= = ¥  pointLLM @Y Asm
Kosmos-2 Lynx ||l GPT4Rol P o8 p LLaMA_VID
. . visckeM ¥ wLisa
Pengi .. Chameleon .. @ LanguageBIND
DetGPT [[j  VisionLLM (V) ¥ ottr 5% LLavADMed LLaVA-1.5
LaVIN () MultiModal-GPT =~~~ » shikra @} MotionGPT ) CogVLM
AN -
- . E.!!J}IJE\H: Emu e+ Ferret
PaLM-E o LLaMA-Adapter &V -,
4-5 ) O o ¥ GLaMM
Kosmos 1 BB : ) rLrava @V VideoChat
VIMA <4 Flamingo §) 30
! amingo o7 MiniGPT4 @ InstructBLIP
/ % 1-3
_4/ ® sLr B HuggingGPT LTU Bl EmbodiedGpT
2023 . .
2022 EY MMREACT % ViperGPT GPT4Tools  ¢7 mPLUG-Owl

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

Multimodal-Large-Language-Models, 2023.
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Preliminary on MLLM

B Research Trends on MLLM

[1] MM-LLMSs: Recent Advances in MultiModal
Large Language Models, 2023.
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Preliminary on MLLM

B Existing MLLMs (almost) all stand on the Language Intelligence
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Preliminary on MLLM

B Architecture-1: LLM as Discrete Task Scheduler/Controller (Agent)

(¥~ The role of the LLM is to receive textual signals and instruct textual commands to call downstream modules.
Key feature:

All message passing within the system, such as  “multimodal encoder to the LLM~ or “LLM
to downstream modules” | is facilitated through pure textual commands as the medium.
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Preliminary on MLLM

B Architecture-1I: LLM as Joint Part of System

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

Key feature:

LIM is the key joint part of the system, ,
and delegating instruction to decoders/generators in a more smooth mannet.

{ Decoder \I
i I
: Text i
| |
! !
I Multimodal Multimodal Multimodal Multimodal 1
1 Signals Encoder Decoder Outputs ,:

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



Taxonomy of existing MLLMs

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-LLaMA, VIOLA, AudioPalLM, LL3DA, SpatialVLM,
VPGTrans, CogVLM, Monkey, Chameleon, PandaGPT, MovieChat, SALMONN, MU- PointLLM, Point-
Otter, Qwen-VL, GPT-4v, SPHINX, Yi-VL, Video-LLaVA, LLaMA- LLaMA, .. Bind, ...
Fuyu, ... VID, Momentor, ...

Input-side [Pixel-wise] GPT4RoI, LTON, MiniGPT-v2, [Pixel-wise] P6-Video-

P erceiving NExT-Chat, Kosmos-2, GLaMM, LISA, LLaVA, Merlin, = =
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, AudioPalLM, ..
Perceiving SEED-LLaMA, LaVIT, Mini-Gemini, ...
+
. Pixel-wise] Vitron - -
Generating : :

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



Preliminary on MLLM

B MLLM Tutorial Series

Homepage: 4 @ e é y @

COLING: https://mlim2024.github.io/COLING2024/ @ . @ / B

CVPR: https://mlim2024.github.io/CVPR2024/

ACM MM: https://mlim2024.github.io/ACM-MM?2024/ From MU|t|mOda| LLM to Huma n_level AI

, Instruction, Reasoning, Efficiency and Beyond

[ Oct 31, 2024 + @‘\1’: ) + https://mllm2024.github.io/CVPR2024/
rom, &) 7
W 3 T
. + 43': A% P CVPR
Video: https://www.youtube.com/watch?v=pHBT3zXxQX8 g '@ ,"EF 4% = PEEE JUNE 17-21, 2024
@@ ) 1FT%4. A I B . =
CC BY 4.0 DEED + Y S - + i = S A D
Attribution 4.0 International ‘"'M. SE ATTLE w A 1

This Keynote slide is licensed under a CC BY 4.0 International License.
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Preliminary on MLLM

Unified MLLM

Content

Towards Building Native MLLM

Path to Multimodal Generalist




Milestone on Unified MLLM

SeTok

Modeling better
Vitron representation for MLLM

Unifying V-L Tasks

NExT-GPT
Unifying Modalities

Path to Generalist

‘Multimodal
ChatGPT’ moment
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Unified MLLM

ICML

International Conference
. . : . . On Machine Learnin,
NExT++ Research Center, National University of Singapore, Singapore o

National University

of Singapore Shenggiong Wu, Hao Fei, Leigang Qu, Wei Ji, Tat-Seng Chua

. NEXT'G PT. Aﬂy-tO-Any MLLM NUS XTI NExT-GPT: Any-to-Any Multimodal LLM “nn

Project: https://next-gpt.qgithub.io/
Paper: https://openreview.net/pdf2id=NZQkumsNIf
Code: https:/github.com/NEXT-GPT/NEXT-GPT

> A first end-to-end general-purpose any-to-any MM-LLM, capable
of ic und ding and ing and ion of free input
and output combinations of text, images, videos, and audio.

) B
)
—_ ) / e —[]

Tex

p Awdio lagut Asdio Output
A Projection Projection

Vs o \ [Video G 0 Vides
Vido B i;é&-«m el B o —»E

More modalities

L | | | | | » Modality-switching Instruction Tuning
Wulimod ot TEM-ceniric  LLM-based Scmaniic Tnsini
ncoding g

(b) Decoding-side Instruction-

tion-following _ Multimodal Ouiput
‘Alignment Understanding Alignment Generation

& e o =
» Lightweight alignment learning techniques (only 1% params): the &
LLM-centric alignment at the encoding side, and the instruction- > — — .
following ali at the decoding side. N
5
Table 1. Sumenary of NEXT.GPT Only 14 of ¢ fine-tuning. by sl
Tocoler Tt Projcion (i okt Projcion Dituis Figure 3. Misaraion of modaltyo
- — N A . - #
e o
Media llind 1380 Geopey 26 AtalDM 975M "
. . . Video 0 Zesope
. .
Project: https://next-gpt.github.io S

covering intricate instructions across various modal combinations of
text, image, video, and audio.

Paper: https://arxiv.org/pdf/2309.05519

Code: https://github.com/NEXT-GPT/NEXT-GPT

Shengqiong Wu, Hao Fei, Leigang Qu, Wei Ji, Tat-Seng Chua. “NExT-GPT: Any-to-Any Multimodal LM~ . ICML. 2024.

14


https://next-gpt.github.io/
https://arxiv.org/pdf/2309.05519
https://github.com/NExT-GPT/NExT-GPT

Unified MLLM

B NEXT-GPT: Any-to-Any MLLM

—
Text . =
Image |~O, Image Input Image Output|__ _ s [~e]
Projection 4/ Projection 4
([35™ The first end-to-end MLLM (3 roection gy rojectin g (5
that percetves input and
. . Audio Audio Input Audio Output
pgenerates ou Z]?U t in arbitr. ary P I'OJECUOHN Projection &
combinations (any-to-any)
. . ; s B Video Input Video Output
of text, image, video, and Video i3 Prjecion ‘ _>
audio and beyond.
More modalities e o
| I I | |
Multimodal Input LLM-centric ~ LLM-based Semantic Instruction-following  Multimodal Output
Encoding Alignment Understanding Alignment Generation

«  Shenggiong Wu, Hao Fei, Leigang Qu, Wei Ji, Tat-Seng Chua. “NExT-GPT: Any-to-Any Multimodal LLM”~ . ICML. 2024.
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Figure 2: Illustration of the lightweight multimodal alignment learning of encoding and decoding, respectively.



Unified MLLM/Generalist

B NEXT-GPT: Any-to-Any MLLM

» Instruction: There were originally 7 apples on the table, but | ate one. Then, how many apples are left now?
Please generate a picture to describe the result.

Response: Sure, I’d be happy to help you understand the process and results.
Based on your statement, “There were originally 7 apples on the table, but I ate one”, I inferred that there are now 6

apples left on the table.
To visualize this, I used a text-to-image model to generate an image based on your description. The model I used is
called ‘runwayml/stable-diffusion-v1-5’, which is currently the only available model for this task. The image

generated can be found at the following path: ‘/images/ec4d.jpg’.
Please note that the image is a representation of the text and may not be 100% accurate. If there’s anything else you

need, feel free to ask!

HuggingGPT

I : {Intermedia Caption: 6 apples left on the table}
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Unified MLLM/Generalist

B NEXT-GPT: Any-to-Any MLLM

» Instruction: There were originally 7 apples on the table, but | ate one. Then, how many apples are left now?
Please generate a picture to describe the result.

Response: Certainly! In the end, you have the following outcomes: 6 apples on the table.

NExT-GPT

18
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Figure 2: Illustration of the lightweight multimodal alignment learning of encoding and decoding, respectively.



Unified MLLM

B NEXT-GPT: Any-to-Any MLLM

(=== Lightweight tine-tuning alignment learning: only 1% parameter update is needed.

Table 1: Summary of NExT-GPT system configuration. Only 1% of parameters need updating during fine-tuning.

Encoder Input Projection LLM Output Projection Diffusion
Name Param Name Param Name Param Name Param Name Param
Text — — — — — — — —
Image Vicuna 7B Transformer 31IM®G SD 1.3B
Audio ImageBind 1.2B Grouping 28M & (LoRA 33M ) Transformer 3IM® AudioLDM 975M
Video Transformer 32M® Zeroscope 1.8B
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tr have some fun.

| I am so into summer, especially the
I:P} sea; [ hope I can go m the scaside

e e o e - e - S e - e B e B B

For the cover, it should
definirely feamre you
surfing, As for the

B |music, [ recommend

Image Input Image Cutput
Projection Projection = « |something lively, like
> Mo d- e VP - HAR) Bt Tim really intercsted _ g 26 Tolc Rep. -

Dataset Data Source In— Out Modality Approach  Multi-turn Reason #Img/Vid/Aud #Dialog Turn. #Instance

I nstr » Existing data
MiniGPT-4 [70] CC [7], CC3M [45] T+I—T Auto 134M/-/- 1 5K

M eC StableLLaVA [32] SD [43] T+I—T Auto+Manu. 126K/-/- 1 126K
LLaVA [65] COCO [33] T+I—T Auto 81K/-/- 2.29 150K
SVIT [67] MS-COCO [33], VG [26] T+I—T Auto 108K/-/- 5 3.2M
LLaVAR [65] COCO [33], CC3M [45], LAION [44] T+I—T LLaVA+Auto 20K/-/- 2.27 174K

“VideoChat[29] Webvid[4] T+V—»T  Awo 8K/~ 182 11K
Video-ChatGPT [306] ActivityNet [17] T+V—T Inherit -/100K/- 1 100K
Video-LLaMA [64] MiniGPT-4, LLaVA, VideoChat T+I/V—=T Auto 81K/8K/- 2.22 171K
InstructBLIP [11] Multiple T+I/'V—T Auto - - ~ 1.6M
MIMIC-IT [27] Multiple T+I/V—=T Auto 8.1M/502K/- 1 2.8M 8
PandaGPT [49] MiniGPT-4, LLaVA T+I—T Inherit 81K/-/- 2.29 160K
"MGVLID[68] ] Multiple T++4BH>T Auto+Manu. X 108K/-- - 108K

M?IT [30] Multiple T+I/V/B—T Auto+Manu. -/-/- 1 2.4M
LAMM [61] Multiple T+I+PC—T Auto+Manu. 91K/-/- 3.27 196k
BuboGPT [69] Clotho [13], VGGSS [8] T+A/(I+A)—T Auto 5k/-/9K - 9K
mPLUG-DocOwl [60] Multiple T+1/Tab/Web—T Inherit - - -
» In this work
T2M Webvid [4]. CC3M [45], AudioCap [24] TT+I/A/V Auto 4.9K/4 9K/4. 9K 1 14.7K
MosIT Youtube, Google, Flickr, Midjourney, etc. | T+HI+A+V—T+I+A+V  Auto+Manu. 4K/4K/4K 4.8 5K

Table 2: Summary and comparison of existing datasets for multimodal instruction tuning. T: text, I: image, V: video, A: audio, B: bounding box, PC: point cloud, Tab:

table, Web: web page.
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Unified MLLM

» Realizing Human-like Multimodal Interaction Mode

@) NEXT-GPT

Text +

!

Text + Image + Video

22



Unified MLLM

B What' s Next after NExT-GPT? _
z«ﬂi e
-l||-.|]|:||||nw||‘l"Hll‘II|”|u]'ln|[u-nl- %%V‘ é;’*HJJ):- SEIP RS
. o : SITEE =
» AnyGPT B ot
T,

PY . . . ; - "
D | S C rete TO ke n | Z at | O n <sos> M Speechtokens <eos>  Text toxkens <soi> Z Image tokens <eoi> <som> @B Musictokens <eom>

® Autoregressive Generation ANYGPT

<sos> @ Speechtokens <eos> Texttokens <soi> 7 Imagetokens <eoi> <som> @ Musictokens <eom>

speech ' image [ music
tokenizer o tokenizer 1 tokenizer \\\
L.I.) text n
speech image music

[1] AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023 23



Unified MLLM

B VITRON: A Unified Pixel-level Vision MLLM

Project: https://vitron-lim.github.io/
Paper: https://is.gd/aGu0VV
Code: https://github.com/SkyworkAl/Vitron

Hao Fei, Shengqiong Wu, Hanwang Zhang, Tat-Seng Chua, Shuicheng Yan. “VITRON: A Unified Pixellevel Vision LM for Understanding, Generating,
Segmenting, Editing” . 2024 24



https://vitron-llm.github.io/
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https://github.com/SkyworkAI/Vitron

Unified MLLM

B VITRON: A Unified Pixel-level Vision MLLM

Vision Supportin; Pixel/Regional Segmentin . -

Model i . & Understa;gnding G%l(::mdingl Generating  Editing

Image Video
Flamingo [1] X X X X X
BLIP-2 [45] X X X X X
MiniGPT-4 [126] X X X X X
LLaVA [57] X X X X X
GILL [39] X X X X
Emu [90] X X X X
MiniGPT-5 [125] X X X X
DreamLLM [23] X X X X
.. .. GPT4Rol [122] X X X
@ Existung vision MLILM: NEXT-Chat [118] X X X
. . MiniGPT-v2 [13] X X X
not professional enough in Shikra [14] X X P
. . . Kosmos-2 [72] X X X
visual task unification GLaMM [78] X X X
Osprey [117] X X X
PixellL.M [79] X X X
LLaVA-Plus [58] X X
VideoChat [46] X X X X X
Video-LLaMA [120] X X X X X
Video-LLaVA [52] X X X X
Video-ChatGPT [61] X X X X X
GPT4Video [99] X X X X
- PG-Video-LLaVA [67] X /. /) X ) ) S

NExT-GPT [104] X X X

*  Hao Fei, Shengqiong Wu, Hanwang Zhang, Tat-Seng Chua, Shuicheng Yan. “VITRON: A Unified Pixellevel Vision LM for Understanding, Generating,
Segmenting, Editing” . Submitted. 2024 25




B VITRON: A Unified Pixel-leve

([5™ A universal pixel-level vision LLM
desioned for comprehensive
understanding, generating,
seomenting, and of both
static images and dynamic videos.

Seomenting, Editing” . Submitted. 2024

Surpuejsiopu) [ensIA

Suneiouan [ensip

Hao Fei, Shenggiong Wu, Hanwang Zhang, Tat-Seng Chua, Shuicheng Yan.

steering his toy on a grass [u_ld

Low-level Visual Semantics High-level Visual Semantics

Vision Segmentation & Grounding

Instance

Referring
Captioning

Image/Video
Captlonmg

Image QA

Panoptic Semantic Referring Video QA

—A white horse

Q: Why is the child sitting on a
cardboard? A: trying to slide
down the slope.

a drawing nf‘zi pink

woman on the rlghl Q: Where is the child
and blue pokemon

in white shirt sitting? A: Arms
Language-Image Language-Video Retrieval
Retrleval .

A group of

people play

rugby on the
grass

A toddler in a blu

Video Object Segmentation (Tracking)

m \\alkmb
Vision Editing & Inpainting

running

Vision Synthesis & Generation

Text-to-Image
Generation
A corgi runs on the grass

Text-to-Video Generation

A polar bear swimming.

Image-to-Video Generation

“VITRON: A Unified Pixellevel Vision LI.M for Understanding, Generating,
26
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Unified MLLM

B VITRON: A Unified Pixel-level Vision MLLM

» Cross-task Synergy Learning Task Output Task ID Label
* Without any collaboration, integrating all existing Backbone Modulé316 Discriminator ®

of Visual Specilists

Task, == ITask, TTash T

Task-invariant Fine-
grained Feature

’}K‘ Large Language Model (h’ LoRA

specialists together might be meaningless.

Task-specific Feature

Figure 3: Illustration of the synergy module.

@ * decoupling task-specitic features from task-invariant features,
* then use a third-party disctiminator to determine the current task based solely on the
shared task-invariant feature representation.
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Unified MLLM

B SeTok: Semantic Equivalence of Tokenization in MLLM

l"-""l'l"

Project: https://chocowu.github.io/SeTok-web/
Paper: https://arxiv.org/abs/2406.05127
Code: https://github.com/ChocoWu/SeTok

Shenggiong Wu, Hao Fei, Hanwang Zhang, Tat-Seng Chua, Shuicheng Yan. Towards Semantic Equivalence of Tokenization in Multimodal LLM. 2024
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Unified MLLM

B SeTok: Semantic Equivalence of Tokenization)in MLLM

» Existing Visual Tokenization: Patchify > Idea Visual Tokenization: Semantically Equivalent

Integrity of visual \

semantic units is
damaged.

Vision and language

is not semantically A cat is taking a walk on the grass A ' is taking a walk on the grass
equivalent

e Shengqgiong Wu, Hao Fei, Hanwang Zhang, Tat-Seng Chua, Shuicheng Yan. Towards Semantic Equivalence of Tokenization in Multimodal LLM. 2024
31




Unified MLLM

B SeTok: Semantic Equivalence of Tokenization in MLLM

Visual embedding Text embedding
VisualfOutput Visual$0utput VisualfOutput

Image Image

v Decoder Text = Decoder Text Image Decoder
&= | ) . Exd : ' t

rr"éﬂ | “E Z= -u+
Visual Encoder Visual Encoder Visual Encoder

Text

= " i \ : n
Tokenizer EEEEIESSNTTE TeTXI Tokenizer E TeTxt Tokenizer m Text
oy ; e 9 (a) Tokenizing via Patchifying Images (b) Tokenizing via Codebook (c) Tokenizing via Cluster Merger
@ a Semantic-FEquivalent Vision Tokenizer to SR e o
a Cbl’e ve ﬁﬂ C’f _gf glb ed S em gﬂ Z_I’C Q]jgj]m eﬂ Z- Q:What are the letters appearing in the image? A brown horse standing in a field with a single
. .. . Vision ». large oak tree and a distant mountain.
between visual and text tokens, facilitating ,
. . . . ¥ /\l 2 .
Z_O ImpfO V@ V3f10 US VISIOH —]Qﬂg'aﬁg@ thkS. A: The letter 'a' appears several times, and the word = _

'alamy' appears in the middle of the image . Language—driven

Vision Tasks

The background hill Remove the boat.

r m
A 4 A
V . |
gt N Segmentation Editing
EEE o

(d) Four language-driven vision task clusters

Shenggiong Wu, Hao Fei, Hanwang Zhang, Tat-Seng Chua, Shuicheng Yan. Towards Semantic Equivalence of Tokenization in Multimodal LLM. 2024
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Unified MLLM
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Mini-Gemini

U

Add some tomato g%
slices on the pizza FEE

Change the color of
umbrella to red

Remove the unusual
part of this image

Change it into a
clay-style

Figure 5: Qualitative comparison between MLLMs for the image editing. SETOKIM excels in
adhering to instructions and preserving low-level image details.



Unified MLLM

Figure 5: The visualizations for segmentation results compared with GLaMM|[72] and Ospery [93].
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Unified MLLM

Figure 6: The visualizations for visual tokens.
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Unified MLLM
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Towards Building Native MLLM

B Multimodal intelligence of MLLM relies on language’ s intelligence

@ The language intelligence of
LIMs empowers multimodal

intelligence.

l/’ ------------------------------------------- \\\
{ Text Audio Text Audio ‘
| R R |
| |
BEN .
I .

i Image  Video Image  Video i
|

! o :
|

B el By
\\\ ’,,

MILIM/Generalist
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Towards Building Native MLLM

B Multimodal intelligence of MLLM relies on language’ s intelligence

@ The language intelligence of LLMs empowers multimodal intelligence.

-:@:— _ &

Scaling law Intelligence on Multimodali
> Language

MLILM/ AGI

Multimodal Generalist

39



Towards Building Native MLLM

B Multimodal intelligence of MLLM relies on language’ s intelligence

» Could the scaling law and emergence success of LLLMs be replicated in
multimodality to achieve the intelligence of nattve MLLLMs?

_D‘ - .IIN. @ RE))
MLIM/

Generalist
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Towards Building Native MLLM

B Exploration#1

» Large Vision Model (LVM)

Decoded Visual
Sentence

\ VQGAN Decoder /

\ VQGAN Decoder /

) 4
. . . .. ) & t P
e mim 1ck1ng LIM pre trai ning tokens tokens okens tokens EOS
* next visual token prediction Autoregressive Vision Model
4
BOS tokens tokens | tokens tokens
4
/ VQGAN Encoder\ / VQGAN Encoder\

Visual Sentence

Yutong Bai, Xinyang Geng, Karttikeya Mangalam etc. Sequential Modeling Enables Scalable Learning for Large Vision Models. CVPR. 2024

41



Towards Building Native MLLM

B Exploration#2

> Unified 10-2 P

AN
BPE 51
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Image /\3\ — En:;/(I)TderJ_b Linear ]ﬁ)

Image it 1 ) 128
Hlstory Ereadlsr —| Perceiver |[——>

® --.y.‘ﬁ‘

1

Text Action Detection

1
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* mimicking LM pretraining
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Unified-10 2 -

* Lu,]J, Clark, C, Lee, S., Zhang, Z., Khosla, S., Marten, R., ... & Kembhavi, A. Unified-1O 2: Scaling Autoregressive Multimodal Models with Vision Language
Audio and Action. CVPR. 2024 42




Towards Building Native MLLM

B Open Question #1

([5™ What is the optimal model architecture under unified MLLM?

Pipeline Agent w

Joint Encoder+LILM+Diffusion Linear OTF v U-Net Up

Transformer

Linear or Q U-Net Down
/_1%_
Joint LLMAR+Diffusion VAE Encoder

*  Tianhong Li, Yonglong Tian, He Li, Mingyang Deng, Kaiming He. Autoregressive Image Generation without Vector Quantization. 2024.

*  Boyuan Chen, Diego Marti Monso, Yilun Du, Max Simchowitz, Russ Tedrake, Vincent Sitzmann. Diffusion Forcing: Next-token Prediction Meets Full-Sequence
Diffusion. 2024.

*  Zhou, Chunting, et al. Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model. 2024.

Joint LLMAR Tokenization (VQ-VAE)
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Towards Building Native MLLM

B Open Question #2

@ What scale of dataset is required for pre-training from scratch?

Modaly

Language Chat-GPT4 13 Trillion text tokens
Vision ILLVM 420 Billion visual tokens

1 Trillion text tokens,

1 Billion image-text pairs,

180 Million video clips,

130 Million interleaved image & text,
3 Million 3D assets,

1 Million agent trajectories

Multimodalities Unified-10 2
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Towards Building Native MLLM

B Open Question #3

([5™ There is a gap of the downstream task performance between native MLLMs and SoTA
"LILM+encodetr/decodet" architecture MLLLLMs.

How can this gap be bridged?
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Towards Building Native MLLM

B Open Question #4

@ What is the optimal representation method for multimodal datar

Form-structured

Flat representation

representation Semantically-structured

representation
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Towards Building Native MLLM

@ USG: A topological structure of a
scene description from text, Image,

video, or any combination of
modalities.

B Pre-training MLLM over Universal Scene Graph (USG) Representation

Nodes from image Nodes from video !

— Intra-time egdes -=% Inter-time egdes

___________________________________________________________________________________




Towards Building Native MLLM

masking and predicting
different types of elements
in the USG:

1) masked object node prediction
2) masked attribute node prediction

3) masked relation prediction

- .IIB@

A woma a bluedressis putting herlittle white

0 e e

caton top of a bro n front of her ho =

B Pre-training MLLM over Universal Scene Graph (USG) Representation

USG knowledge

o)
[putting] [ cat ]
little |

objects

((car ] [ browm |
relationships

USG parser
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Towards Building Native MLLM

Advances:

* Seamlessly universal cross-modal
representation

* [Fine-gramned semantical alignment
between various modalities

* Universal modeling of various
modalities and tasks

UnivMLLM ]
i o[

caton top of a bro

A woma a bluedressis putting herlittle white

n front of her ho

- .ll@@

B Pre-training MLLM over Universal Scene Graph (USG) Representation

USG knowledge

o)
[putting] [ cat ]
little |

objects

((car ] [ browm |
relationships

USG parser
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Path to Multimodal Generalist

B Multimodal Generalist Capability

» MLILMs should further enhance capabilities both in breadth and depth.

-

MLI.M/
Multimodal Generalist

Supporting More Tasks

Supporting More Modalities

Longer Context/Memoty
Reasoning

Cross-modal Generalizability

ol



Path to Multimodal Generalist

{Perception&Understanding}

—[ Comprehensive Evaluation J—

-[ Fine-grained Perception

]_

{ Cognition&Reasoning ]—

Image Understanding

| =

_[

General Reasoning

]_

—[ Knowledge-based Reasoning ]—

_[

Intelligence& Cognition

J_

B MLLM Evaluation

MDVP-Bench[6]; ChEF[7]; UniBench[8]; MME[9]; MM-Vet[10]
TouchStone[11]; MMBench[12]; OwlEval[13]; Open-VQA[14];
SEED-Bench[5]; SEED-Bench-2[15]; LLaVA-Bench[16]; LAMM[17]

1.Visual Grounding and Object Detection: CODE[18]; Flickr30k;
Entities|19]; Visual7W[20]; V*Bench[21]

2.Fine-grained Identification and Recognition:

GVT-Bench[22]; V* Bench[21]; MMVP[23]; CV-Bench[24]; P2GB[25]:
Visual CoT[26]; MagnifierBench[27];

3.Nuanced Vision-language Alignment: Eqben[28]; SPEC[29]
VALSE[30]; VL-Checklist[31]: Winoground[32]; ARO[33]

1.Multi-image Understanding: Mementos[34]; MileBench[35]
MuirBench[36]; CompBench[37]; MMIU[38]

2.Implication Understanding: II-Bench[39]; ImplicitAVE[40]:
FABA-Bench[41]

3J.Image Quality and Aesthetics Perception: AesBench[42];
UNIAA[43]; DesignProbe[44]; Q-Bench[45]; Q-Bench+[46]

1.Visual Relation: MMRel[47]; What'sUp[48]; GSR-BENCH[49];
CRPE[50]; VSR[51]; SpatialRGPT[52]

2.Context-dependent Reasoning: CODIS[53]; CFMM][54];
VL-ICLBench[55];

3.Vision-Indispensable Capabilities:

CLEVR[56]; VQAv2[57]; GQA[58]; MMStar[59]

1.Knowledge-based Visual Question Answering: KB-VQA[60];
FVQA[61]; OK-VQA[62]; A-OKVQA[63]; SOK-Bench[64]
2.Knowledge Editing:

MMEdit[65]; MIKE[66]; VLKEB[67]; MC-MKE[68]

LIntelligent Question Answering:

RAVEN[69]; MARVEL[70]; VCog-Bench[71]; M3GIA[72]
2.Mathematical Question Answering:

MathVista|73]; MathVerse|[74]|; NPHardEval4V[75];

Math-Vision[76]; MATHCHECK-GEOQ([77]; Geometry3K([78]:
3.Multidisciplinary Question Answering: M3Exam[79]; CMMMUI[80];|
ScienceQA[81]; MMMU[82]; CMMU[83]; SceMQA[84] MULTI[85];

{ Specific Domains

]_

Text-rich VQA

{ H

—{ Decision-making Agents

—[ Diverse Cultures&Languages ]—

Other Applications

{ H

Conversation Abilities

{ H

{ Key Capabilities

]_

Hallucination

{ H

Trustworthiness

{ H

1.Text-oriented Question Answering: OCRBench[86]; P2GB[25];
TextVQA[87]; TextCaps[88]; SEED-Bench-2-Plus[89];
2.Document-oriented Question Answering: SPDocVQA[90];
MPDocVQA[91]; InfographicVQA[92]; DUDE[93]; MM-NIAH[94];
3.Chart-oriented Question Answering: ChartQA[95]; ChartX[96]
ChartBench[97]; SciGraphQA[98]; MMC-Benchmark[99];
CharXiv[100]; CHOPINLLM[101];

4.Html-oriented Question Answering:

Web2Code[102]; VisualWebBench[103]; Plot2Code[104];

1.Embodied Decision-making: VisualAgentBench[105];

}—EgoP]an-Bench[]Uﬁ]; PCA-EVAL[107]; OpenEQA[108]

2.Mobile Agency: Mobile-Eval[109]; Freet-UI[110]; CRAB[111]

CMMU[83]; Henna[112]; LaVy-Bench[113]; MTVQA[114]; CVQA[115];

CMMMU[80]; MULTI[85]

I’l.Gengrﬂphy and Remote Sensing:

LHRS-Bench[116]; ChartingNewTerritories[117]

2.Medicine: GMAI-MMBench[118]; M3D[119]; Asclepius;[120];
3.society: VizWiz[121]; MM-Soc[122]; TransportationGames[123]
4.industry: MMRo[124]; DesignQA[44];

S.Autonomous Driving: NuScenes-QA[125]; DriveLM-DATA[126]

1.Long-context Capabilities:

Mile-Bench[35]; MMNeedle[127]; MLVU[128];

2.Instruction Following: CoIN[129]; MIA-Bench[130]; DEMONJ[131];
VisIT-Bench[132];

POPE[133]; GAVIE[134]; HaELM][135]; M-HalDetect[136]; Bingo[137];
HallusionBench[138]; VHTest[139]; CorrelationQA[140]; CHAIR[141];
MHaluBench[142]; VideoHallucer{143]; MMHAL-BENCH][144];
AMBER[145]; MMECeption[146]; MRHal-Bench[144];

AN

rl.Rohustness: MAD-Bench[147]; MMR[148]; MM-SpuBench[149];
MM-SAP[150]; BenchLMM[151]; VQAv2-IDK[152]
2.Safety: MMUBench[153]; JailBreakV-28K[154]; MultiTrust[155];

MM-SafetyBench[156]; SHIELD[157]; RTVLM[158]

* LiJ., & Lu, W. (2024). A Survey on Benchmarks of Multimodal Large L.anguage Models. 2024.

. Huang, J., & Zhang, J. (2024). A Survey on Evaluation of Multimodal Large Language Models. 2024

52
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Path to Multimodal Generalist

B MLLM Evaluation

» Higher performance simply indicate a stronger MILLM capability?

® Multimodal Comprehension vs. Multimodal Comprehension+Generation

An MLLM that only has multimodal comprehension capabilities represents the most basic and primitive level,
we believe that the more powertul an MILILM is, the more it should support advanced functionalities, capable of
both multimodal comprehension and generating content across various modalities.

® More and Broader Modalities and Task Paradigms

The stronger the MLILM and the closer it is to AGIL, the more task types it can support, the more
modalities it can handle, and the stronger its task performance.

® A Strong Synergy Effect is the Core Aspect of an MLLM

Synergy is the most critical aspect when assessing whether a multimodal generalist 1s stronger! An MLIM
should be able to achieve a synergistic eftect where 1+1 > 2, such as understanding a single modality &
task that can be transterred to understanding other tasks & modalities, similar to the ChatGPT seties,
which can achieve robust generalization abilities with minimal training examples.
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Path to Multimodal Generalist

833, %9 3°°3,%2
QO
883,038, ] ) . .
PR e s Project: https://path2generalist.github.io/
P17 hortenty et o ol Benchmark: https://github.com/path2generalist/GeneralBench
O o 3 335 5,20898,0 35088
: a. .=... ® L

Hao Fei, Yuan Zhou, ---, Hanwang Zhang, Shuicheng Yan. Path to Multimodal Generalist: Level, Benchmark and Model. TBD. 2024
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https://github.com/path2generalist/GeneralBench

Path to Multimodal Generalist

Path to Generalist & Overview J Level =B Benchmark W Leaderboard ¢ Contact

Path to Multimodal Generalist:
Levels, Benchmarks and Models

Hao Fei"', Yuan Zhou"?, Juncheng Li', Xiangtai Li*, Yucheng Han? Wentao Hu?, Liyu Jia®,
Shenggiong Wu', Peng Zhou®, Lin Liu’, Haobo Yuan?, Tao Zhang® Bobo Li#, Zixiang Meng?,
Chengjie Zhou?, Minghe Gao”, Kaihang Pan, Yaobo Ye’, Mingze Zhou?, Zhigi Ge,
Hanwang Zhang™*3, Shuicheng Yan

(* Equal contribution * Correspondence)

'National University of Sigapore, “Skywork Al, Singapore,
*Nanyang Technological University, “Wuhan University,
°Zhejiang University, °Shanghai Jiao Tong University,
"University of Science and Technology of China

) Code&Data

QA News

) [2024-06-16]: We release our first version of benchmark datasets, and the leaderboard! 55



Path to Multimodal Generalist

Level-1: Specialist

Various current models, each fine-
tuned on a specific task or dataset of
specific modalities, are task-specific
players (i.e. state-of-the-art (SoTA)
specialists). This includes varicus Al
processing tasks, such as recognition,
classification, text generation, image
generation,  video  segmentation,
grounding, inpainting, and more.

For each task in the benchmark (Z-th task),
record the current SoTA specialist’s score:

O.:Dta

1 Upgrading Conditions: LLM as intelligence medium (Comprehension or/and Generation)

Level-2: Generalist of Unified
Comprehension and Generation

Models are task-unified players, e.g.
MLLMs,
different modalities and tasks. Such

capable of supporting
MLLMs can integrate varicus models

through  existing encoding and
decoding technologies to achieve
aggregation and unification of various
maodalities and tasks (such as

comprehension and generation tasks).

1 Upgrading Conditions: Realizing synergy: multi-task joint learning

Level-3: Generalist with Synergy in
Comprehension and Generation

Models are task-unified players, and
synergy is in Comprehension and/or
Generation. MLLMs enhance several
tasks' performance beyond
corresponding SoTA scores through
Joint learning across multiple tasks due

to the synergy effect.

The average score across all datasets is used as
the model's score at this level. A model that
can support a task or scores non-zere on a
corresponding dataset, is considered capable
of supporting that task. The more tasks a
model supports and the higher its scores, the
higher its overall score:

1 MiN
Sa— .
*TM+N Zl”

Assign a mask weight of 0 or 1 to each task:
assign mask=1 only if the corresponding score
exceeds the SoTA specialist's score, otherwise
assign mask=0. Then, calculate the average
score across all tasks. The more tasks a model
surpasses the SoTA specialist, the higher its
score at this level:

B Level of Multimodal Generalist
C e oewen  Seig  Bample

SAM, Dino, DALLe, ChatGPT

GPT4v, llava, LVM

MM-GPT, SALOMNN,
Midjourney

1 Upgrading Conditions: Reconstruction loss for generation should be disentangled from compression leaming loss

Level-4: Generalist with Synergy
across Comprehension and Generation

Models are task-unified players, and
synergy is across Comprehension and
Generation.

Calculate the average scores excesding SoTA
specialists separately in the Comprehension
and Generation groups, obtaining S¢ and Sg.
and then compute their harmenic mean. The
stronger a model is in Comprehension and
Generation tasks, the higher its score at this
level:

25,8,

= —" W]JEIE
S+ 85,

4

sota

1M 0iy, 05 = 0

i

1 Upgrading Conditions: Acquiring the capable of abductive reasoning, being context consistent, everything synergy

Level-5: Generalist with Total Synergy
across Comprehension, Generation,
and MLP

Models are task-unified players,
preserving the synergy effect across
Comprehension, Generation, and NLP.
In other words, the model not only
synergy

Comprehension and

achieves cross-modality
between
Generation groups but also further
realizes synergy with language. The
MLP's intelligence can  enhance
multimodal intelligence and vice versa;
understanding multimadal information
can alse aid in understanding

language.

First, calculate the model's average score
exceeding SoTA NLP specialists on NLP
benchmark data, normalize it to a [0,1] weight.
and multiply it by the score from level 4 to
determine the level 5 score:

S; = Si x wr, where

w 5z

L=
Stotal”
T o, o > ot
1 : k
SL=7F2.
=1

Emu2, NExT-GPT, SEED

None, this is our goal!

Hao Fei, Yuan Zhou, -+, Hanwang Zhang, Shuicheng Yan. Path to Multimodal Generalist: Level, Benchmark and Model. TBD. 2024
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Path to Multimodal Generalist

B General-Bench

Low-light Image

Enhancemen Video Tracking

Sketch-to-Image Text-to-Image

Layout-to-Image Semantic Tmage'

She is wearing lipstick
and has brown hair.

This woman has
brown hair and wears

Video Temporal Groundino

lipstick. She is young
and attractive.

m walking

Video Retrieval

H-

Depth Estlmatlon ‘ Object Counting
' 77 Counts Q.;E;YQ'&:,{-
: nugtga(;: the

KeyPoint Detection Image Classification

A little girl plays by a pond with a plastic shovel.

Text-to-Video Generation
A pO]'ll bem swimming.

Video Editing

—a

Q: What sort of vehicle uses 4

o & e

Panoptlc Segmentatlon e y Qo Qé
. as =5 ‘b‘ O

Video Style Transfer

Image Matting

Text-based Image
Editing

“Swap sunflowers with roses”

b put 400x368 Video

Semantic

1 Mornington
Segmentation orningto

Crescent

Visual Grounding

1. giraffe on left
2.firstgirafe on left

'Audio Generations
A man is speaking under the

g Re vco(c

jth lowered head water.

“annu

RefCOCOg

1. an adult giraffe scratchingits .
backwith its horn > 0:00/010
" 2. giraffe hugging another giraffe

Audio Segmentaion Audio Caption

Ql: Isthe in the video always playing?
Al

A phish octopus whose arms are gently waving pencils

Q2: Where is the performance?
A2 ~

3D Segmentation

|Audio Classification] rumble

vehicle | speech | car | outside

Q3: What kind of musical instrument s it?

[Video Captioning] A bus by with some people

3D Editing

e with man and woman
1 blares in the distance.

runnin g

Video QA

! 1.protect her eyes.
| 2.guide her in rowing boat

- 3.stylish.

[ 1 follow specific trail
2.10 catch the toy
i 3.chasc cach other
i Apbortakiag_ _ . ..ot

lj C: How does the woman in blue |
i get the leopard jump?
| 0.wave toy around
=z : 1.blow whistle

2 walk around in front
3.clap both bands
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Thank you!
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