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Language modelling

- Language modelling is the task of predicting which word comes
next in a sequence of words.

«  More formally, given a sequence of words wy, ..., w; We want to
know the probability of the next word, w;,4:
P(w; iy |wy, ..., wy)

«  Weare assuming that w;,; comes from a finite vocabulary V.

language models = classifiers
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Intelligence in Multi-Sensory Data
® Harnessing Multimodality i
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Intelligence in Multi-Sensory Data

® Harnessing Multimodality
@’ This world we live in is replete with multimodal information & signals, not just language.

Autonomous Driving Systems Healthcare Diagnostics Smart Home Assistants

In this application, vehicles Medical imaging tools like Devices like Amazon Alexa
use a combination of visual MRI, CT scans, and X-rays, and Google Home use voice
data (cameras), spatial data along with patient history commands (audio), physical
(LiDAR), and auditory signals and verbal symptoms, are Interaction (touch), and
(sonar) to navigate safely. used to diagnose diseases. sometimes visual cues to

operate.
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Intelligence in Multi-Sensory Data
® Building Multimodal LLMs (MLLMs)

Eg 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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Intelligence in Multi-Sensory Data

® Trends of MLLMs

[1] MM-LLMs: Recent Advances in MultiModal
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Intelligence in Multi-Sensory Data
®  Trends of MLLMs
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From MLLMs to Human-level Al
® Key Aspects for Building Powerful MLLMs
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Overview of MLLM Architecture

® Preliminary ldea: Intelligence over Language

@ Emergent phenomena have extensively already occurred in language-based LLMs.

¥
¥

2025-06-02

These LLMs now generally possess very powerful semantic understanding capabilities.

This also implies that language is a crucial modality for carrying intelligence.

&3
I

language
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Overview of MLLM Architecture

® Preliminary ldea: Language Intelligence as Pivot

Given this premise,
@ decision-making module (i.e., the brain or central processor).

as the core

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

¥ apilities.

- Extend the capability boundary, next milestone towards more advanced intelligence
- More applications
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Overview of MLLM Architecture

® Architecture-l: LLM as Discrete Scheduler/Controller

Eg 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.

_____________________________
/” N

downstream @ downstream
module module

downstream [l downstream
module module
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Overview of MLLM Architecture

® Architecture-l: LLM as Discrete Scheduler/Controller
Representative MLLMs:

Visual-ChatGPT

HuggingGPT

MM-REACT pmmmmmmmm e ———————
ViperGPT g

AudioGPT ! downstream
LLaVA-Plus Text Text i module module

downstream @ downstream
module module
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Overview of MLLM Architecture

® Architecture-I: LLM as Discrete Scheduler/Controller
Visual-ChatGPT
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LLM as Controller

f A text can describe the given image: a herd of
giraffes and zebras grazing in a fields. In @
addition, there are five detected objects as
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with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. The bounding boxes are shown in the
above image. | performed image classification, object
detection and image caption on this image. Combining
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models, | get the results for you.

I Task
Planing

Prediction

II Model

2025-06-02

~ HuggingFace

~ facebook/
detr-resnet-101 l

4 \

III Task Execution

Selection

Prediction

Generation 1 6

P
1A 4

S

b

“ nlpconnet/
vit-gpt2-image-captioning

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

TrustLLM

Funded by
the European Union



LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 2025-06-02

Overview of MLLM Architecture
® Architecture-ll: LLM as Joint Part of System

» Therole of the LLM is to perceive multimodal information,
and react by itself, in a structure of Encoder-LLM-Decoder.
« Keyfeature:

« LLM is the key joint part of the system,
, and delegating instruction to
decoders/generators in a more smooth manner.
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Overview of MLLM Architecture

Architecture-Il: LLM as Joint Part of System -oo0

> 90% MLLMs belong to this category.
Higher upper-bound, better integrated into a unified model

2025-06-02 18
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Multimodal Encoding

® Visual Encoder
CLIP-VIT is the most popular choice for vision-language models.

Providing image representations well aligned with text space.

Scale well with respect to parameters and data.
SigLIP is gaining increasing popularity (smaller and stronger)
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Multimodal Encoding

® Visual Encoder
Limitations of existing pretrained ViTs:

Fixed low-resolution (224x224 or 336x336) in square shape

High-resolution perception is essential, especially for OCR capability!

= ]

Low resolution encoding misses
fine-grained visual details!
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Multimodal Encoding

® Visual Encoder
High-resolution Multimodal LLMs

Image slice-based: Split high-resolution images into slices

Representatives:

GPT-4V, LLaVA-NeXT, MiniCPM-V 2.0/2.5, LLaVA-UHD, mPLUG-
DocOwl 1.5, SPHINX, InternLM-XComposer2-4KHD, Monkey

LLM

I resize

lllustration of dynamic high resolution scheme: a grid configuration of 2 X 2

Funded by
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Multimodal Encoding

® Visual Encoder
High-resolution Multimodal LLMs
Image slice-based: Split high-resolution images into slices

OCR capabilities improves significantly without new data

Model #Data  MaxRes. AR. TFLOPs VQA'? GQA| VQAT | POPE SQA VizWiz MME MMB MMB®Y

BLIP-2 [21] 129M 224 x224 Fix 1.0 41.0 41.0 42.5 853 61.0 19.6 1293.8 - -
InstructBLIP [11]  130M  224x224 Fix 1.0 - 49.5 50.7 789  63.1 334 1212.8 - -
Shikra [8] 6M 224 x224 Fix 8.0 77.4 - - - - - - 58.8 -

Qwen-VL [5] 1.4B 448 x448 Fix 9.2 78.8 593 63.8 - 67.1 35.2 - 38.2 7.4

SPHINX [24] 1.0B 448 x448 Fix 39.7 78.1 62.6 51.6 80.7 693 39.9 1476.1  66.9 56.2

SPHINX-2k [24] 1.0B 762x762 Fix 69.4 80.7 63.1 61.2 872 70.6 44.9 1470.7  65.9 579
MiniGPT-v2 [7] 326M  448x448 Fix 4.3 - 60.1 - - - 53.6 - - -
Fuyu-8B [6] - 1024x1024  Any 21.3 74.2 - - 74.1 - - 728.6 10.7 -
OtterHD-8B [20] - 1024x1024  Any 21.3 - - - 86.0 - - 12234 583 -
mPLUG-OwI2 [43] 40IM  448x448 Fix 1.7 79.4 56.1 58.2 86.2  68.7 54.5 1450.2 64.5 -
UReader [42] 86M  896x1120 Enum 26.0 - - 57.6 - - - - - -

Monkey [23] 1.0B  896x1344 Enum 65.3 80.3 60.7 67.6 694 61.2

LLaVA-1.5 [27] 1.2M 336x336 Fix 15.5 80.0 63.3 61.3 859 71.6 53.6 1531.3 67.7 63.6

LLaVA-UHD (ours) 1.2M  672x1008 Any 14.6 81.7 65.2 67.7 89.1 72.0 56.1 1535.0 68.0 64.8
A - X 6 times - -0.9 +1.7 +1.9 +6.4 +3.2 +0.4 +2.5 +3.7 +0.3 +1.2
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Multimodal Encoding

® Visual Encoder
High-resolution Multimodal LLMs B,
Dual branch encoders it lover
Representatives -

CogAgent
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Word Embedding
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Input Image (224x224)
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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.
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 Text
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Multimodal Encoding

® Visual Encoder
High-resolution Multimodal LLMs
ViT-free: linear project pixel-patches into tokens
Representatives: Fuyu, OtterHD
A potential unified way for MLLMSs, getting rid of ViTs

More costly to train, produce lengthy visual tokens

Fuyu

Transformer Decoder

4 1
--ﬁ ! --- ; --- T ¥

TrustLLM ] 1 i ? ' e o
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Multimodal Encoding

® Non-Visual Encoder

Audio:
Whisper
AudioCLIP
HuBERT
BEATs

3D Point:
Point-BERT

Sequence-to-sequence learning

EN ‘Gase 0.0 | The

Transformer _{ (7
Encoder Blocks

NS

cross attention

Sinusoidal
Positional
Encoding

2 x Conv1 D + GELU

Log-Mel Spectrogram

Py

Y
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Tokens in Multitask Training Format
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Multimodal Encoding

® Unified Multimodal Encoder
I'mageBind:

Embedding all modalities into a joint representation space of Image.

Well aligned modality representations can benefit LLM understanding

A & B« O

))) e Naturally Aligned

2025-06-02

IMAGEBIND [T

Images Videos Text Audio Depth Thermal IMU Emergent Alignment \ ]
Web Image-Text w Depth Sensor Data @ Web Videos ‘))) Thermal Data Egocentric Videos » w A
T g ] T g |
D
)
[1] ImageBind: One Embedding Space To Bind Them All. 2023 Funded by
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. ° [} .
Unified Multimodal Encoder
LanguageBind:
Embedding all modalities into a joint representation space of Language.
Well aligned modality representations can benefit LLM understanding
Contrastive _ Multi-modal Joint Learning
Learning o
T \ Lgp%u_agc
= L] = -
4 1 1 1 2 g
ex ideo ' Infrare ' e ' udio ' ...... '
&E:;:oc:er ‘ EZcider ‘Q‘Q Encod; “A’ ‘QIEECE:I}; ‘h "M ““ —
} ! 1 i i i Fine-tuning
1 1 1 1 ? token
? t 1 ? ? ? Mskig
[ Tokenizer ] [ Patch Embedding
1 =t i
it ot " g g B I e
et || [ iR Mowls Exending
Language I__?'f Video D.ﬂ Infrared @ Depth @ Audio @ N-th modality
Language Encoder Multi-modal Encoders O fnitigkized R LoRA # Trainable () Frozen
[1] LanguageBind: Extending Video-Language Pretraining to Funded by

TrustLLM

N-modality by Language-based Semantic Alignment. 2023
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Multimodal Signal Tokenization
® Tokenization

= | T
, = 41 |
A nYGPT -lII'!1[(ll|‘li|.j“l[””]“m“llll[h}lh-lll' ﬂt . 4% :ﬁ ;‘31-3 ‘.* 3
! “ It was the night--- i'y‘ MEE———
silent night, whence ...” T

speec. image music
de-tokenize T de-tokenize de-tokenize

<so0s> .Speechtokens <eos> Texttokens  <soi> 7 Imagetokens <eoi> <som> “ Music tokens <eom>

..........

at ",

<sos> & Speechtokens <eos> Texttokens  <soi> ¢ Imagetokens <eoi> <som> @B Musictokens <eom>

speech T image music
tokenizer cit it tokenizer tokenizer
W\ jize

text
speech image music

Tr U St LI_ M [1] AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023 - ::huengﬁ:"o‘:)‘;an Union
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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

Funded by
the European Union

TrustLLM
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Input-side Projection
® Methods to Connect Multimodal Representation with LLM

Projecting multimodal (e.g., image) representations into LLM semantic space M/
Q-Former: BLIP-2, InstructBLIP, VisCPM, VisualGLM | vep _.1=
) m

Linear projection: LLaVA, MiniGPT-4, NExT-GPT
Two-layer MLP: LLaVA-1.5/NeXT, CogVLM, DeepSeek-VL, Yi-VL

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

C-Abstractor: HoneyBee, MM1

TrustLLM
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Input-side Projection

® Some Insights

Different papers have different conclusions about projection methods

Two-layer MLP is better than linear projection. (LLaVA 1.5)

Resampler is comparable to C-Abstractor (MML1) and MLP (LLaVA-UHD)

Method LLM Res. | GQA MME MM-Vet
InstructBLIP 14B 224 | 495 12128 25.6
Only using a subset of InstructBLIP training data

0 LLaVA B 224 | - 502.8 23.8

1 +VQA-v2 7B 224 | 47.0 1197.0 27.7

2 +Format prompt 7B 224 | 46.8 13238 263

3 +MLP VL connector 7B 224 | 47.3 13552 27.8

4  +OKVQA/OCR 7B 224 | 50.0 1377.6 29.6

2025-06-02

31

Model #TFLOPs  VQAY2 GQA VQAT

LLaVA-1.5 15.50 74.6 (-5.4) 579 (-54) 58.4(-3.9)
w/ adaptive enc. 15.50 74.9 (-5.2) 625 (-1.6) 60.7 (-1.1)

LLaVA-UHD 14.63 81.4(-0.3) 61.8(-34) 64.5(-3.2)
w/ MLP 113.65 81.3(-0.3) 62.0(-3.4) 63.9(-3.0)
w/ MLP & FP. [24] 80.10 79.6 (-1.6) 61.9(-24) 58.5(-7.6)

TrustLLM

Funded by
the European Union
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Input-side Projection
® Some Insights

Agreement: Number of visual token matters! Especially for efficiency

Resampler/Q-Former/C-Abstractor yield less visual tokens than MLP/Linear

Favorable in high-resolution image understanding

Model #Data  MaxRes.  AR. | TFLOPs | VQA> GQA VQAT POPE SQA VizZWiz MME MMB MMBCN

BLIP-2 [21] 129M  224x224  Fix 1.0 410 410 425 83 610 196 12938 - -
InstructBLIP [11]  130M  224x224  Fix 1.0 - 495 507 789 631 334 12128 - -
Shikra [8] 6M  224x224  Fix 8.0 77.4 ) . - - - - 58.8 -

Qwen-VL [5] 14B  448x448  Fix 9.2 788 593 638 - 671 352 - 38.2 74

SPHINX [24] 1.0B  448x448  Fix 39.7 781 626 516 807 693 399 14761 66.9 56.2

SPHINX-2k [24]  1.0B  762x762  Fix 69.4 807 631 612 872 706 449 14707 659 57.9
MiniGPT-v2 [7]  326M  448x448  Fix 43 : 60.1 . - . 53.6 - . -
Fuyu-8B [6] - 1024x1024 Any | 213 74.2 - - 741 - - 728.32 10.7 -
OtterHD-8B [20] - 1024x1024 Any | 213 s : : 860 - - 12234 583 :
mPLUG-OwI2 [43] 401M  448x448  Fix 1.9 794 561 582 862 687 545 14502 64.5 -
UReader [42] 86M  896x1120 Enum| 26.0 s : 57.6 . : - : - :

Monkey [23] 1.0B  896x1344 Enum| 653 803 607 67.6 694  61.2

LLaVA-1.5 [27] 1.2M  336x336 Fix 1555 80.0 63.3 61.3 859 71.6 53.6 1531.3 6749 63.6

LLaVA-UHD (ours) 12M  672x1008 Any 14.6 81.7 65.2 67.7 89.1 72.0 56.1 1535.0 68.0 64.8
A - X6 times - -09 +1.7 +1.9 +6.4 +3.2 +04 +2.5 +3.7 +0.3 +1.2

TrustLLM B e




LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 2025-06-02 33

Decoding-side Connection
® Message passing via 1) text tokens

Representative MLLMs:

Visual-ChatGPT

HuggingGPT Text
GPT4Video
MM-REACT Text Multimodal .
ViperGPT OVl S Mulimodal
ModaVerse Content
Vitron
Pros: Cons:
High performance lower-bound Loss of end-to-end tuning capabilities.
More efficient, i.e, without tuning Performance upper-bound is limited, i.e, some multimodal

signals cannot be optimally conveyed through te

Visual-ChatGPT: Talking, Drawing and Editing with Visual Foundation Models. 2023
HuggingGPT: Solving Al Tasks with ChatGPT and its Friends in Hugging Face. 2023
ModaVerse: Efficiently Transforming Modalities with LLMs. 2024 Funded by
VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. ZOH

AN WIN R~

TrustLLM

the European Union
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Decoding-side Connection
® Message passing via 2) continuous embedding
Passing the message from LLM to downstream decoders via soft embeddings,

l.e., signal tolens,
i Text
Merits -
Capable of end-to-end tuning, resulting in more E Multimodal .
efficient instruction transmission o Decoder Multimodal
. Content

More able to convey various multimodal signals
that text alone cannot express, e.g.,

the numeration of vision
the visual-spatial relational semantics

embeddings of
signal tokens

Tr U St LL M 1 Generating Images with Multimodal Language Models. 2023 - Funded by _
2 NEXT-GPT: Any-to-Any Multimodal LLM. 2023 the European Union
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Decoding-side Connection
® Message passing via 3) codebooks

LLM generates spedal tokens id, i.e., aodebooks, to downstream (visual) decoders..

—-—--—-—--—-——> TeXt

Merits

Capable of end-to-end tuning for higher
efficiency in command transmission

LLM

de-tokenize

Multimodal .
Multimodal

Content

Decoder

!
0000000
(...l...)

Better at expressing various multimodal signals codebooks multimodal
that cannot be captured by text alone embeddings

Supports autoregressive multimodal token
generation

Unified-10 2: Scaling Autoregressive Multimodal Models with Vision, Language, Audio, and Action. 2023
LVM: Sequential Modeling Enables Scalable Learning for Large Vision Models. 2023
AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2024 Funded by
VideoPoet: A Large Language Model for Zero-Shot Video Generation. 2024 -

the European Union

AN WIN R
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Multimodal Generation
® Text Generation

LLMs naturally support direct text generation

via eg., BPE decoding, Beam seardh, ...
Po\f‘is ?S tl’\e LLM F— lo«:ji‘ts 7& Prolaabil?ties
Q'ty | soptmax
npu't Text rodel = Bloom QP l , 0.33?
T that ] 0.153
Pans|is[tre)aty) “here o
tokenizer [ m‘th [:] 0.083
" (165 e 0.036

TrustLLM B e
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Multimodal Generation
® Generation via Diffusion Models

Visual (Image/Video) Generator

] ] Image Output N > |~
Image Diffusion /7 Beojection o B
Video Diffusion
Audio Output

Projection (h\

Audio Generator | -
X : Videq Otlll(?;’)lm - -
Speech Diffusion %, - 7
Audio Diffusion

TrustLLM [1] NEXT-GPT: Any-to-Any Multimodal LLM. 2023 Bl on
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Multimodal Generation
® Generation via Codebooks

P

T 5 ! '12') seBcF;E e _)i g

Visual (Image/Video) Generator B B : 4‘1 :

L [ ] ! Action
0 o0 S ———
VQ-VAE +Codebooks fsH T e
: 0‘2;: | image Segmentation  Depth '
Audio Generator =l : |
= =i [52 (vaGaN) i !
: : : - g _’-—’: Q) M ﬂ |
SpeechTokenizer +Residual Vector Quantizer O | Speech) emvronmental !
SoundStream +Residual Vector Quantizer T

[1] Unified-10 2: Scaling Autoregressive Multimodal Models with Funded b
Tr U St LLM Vision, Language, Audio, and Action. 2023 - the European Union
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Multilingual Multimodal LLMs
® MLLMs are mostly strong in English, weak in other languages

Limited scale and quality of multimodal data in non-English languages
Huge computation cost for each language even if sufficient data available
Why not machine translation pipeline ?

Another LLM for translation: double computation cost and delay

Missing visual context can lead to incorrect translation

Histogram of CLIP Score

Not an elegant way to AGI

g2 Low Quality High Quality

0.15 0.20
CLIP Score

Chinese Image-Text Data Quality Distribution

TrustLLM B e
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Multilingual Multimodal LLMs
® MLLMs are mostly strong in English, weak in other languages

Generalizing multimodal capabilities to non-English languages via multilingual LLM as
pivots
Basic idea

Multilingual alignment: Reuse multilingual LLMs

Multimodal alignment: Multimodal pretraining on English image-text pairs

High-resource

English as Pivot fﬁ "
e
o%r Cat  wy, |
\>\"‘\\\<\ & Do
< SN
S W\ (PN & i
B i = o s
Non-English Generalization | L

Language .A_ ‘“_

Tr U St L L M [1] Large Multilingual Models Pivot Zero-Shot Multimodal Learning across Languages. 2024. - Funded by

the European Union
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Multilingual Multimodal LLMs
MLLMs are mostly strong in English, weak in other [anguages

Generalizing multimodal capabilities to non-English languages via multilingual LLIM as pivots
Foundation capability can be well generalized already!

Was ist an diesem Bild ungewdhnlich?

An unusual aspect of the image is the man sitting on a folding chair in the back of a parked yellow taxi cab.
This is not a typical scene, as one would expect passengers to be seated inside the cab or at the very least, be
standing near the taxi. The man's presence in the back of the taxi, using a folding chair, adds an
unconventional and unexpected element to the scene, making it stand out from regular taxi activities.
Another notable aspect of the image is the presence of multiple people and vehicles, including other cars and
pedestrians in the background. This urban setting contributes to the overall busy atmosphere, making the
man on the chair in the taxi stand out even more.

Tr U St L I_ M [1] Large Multilingual Models Pivot Zero-Shot Multimodal Learning across Languages. 2024. - fh"e"gf,fo':,‘;an Union
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Multilingual Multimodal LLMs
® MLLMs are mostly strong in English, weak in other [anguages

multimodal capabilities to non-English languages via
Lightweight SFT is sufficient to switch to the target language
Generalize to cultures. etc.

7

{REERDE AN IR IEE GRS ?

(Can you describe this image with Su Shi‘s poems?)

EXkERT, BRasitEERT L, BRT7THENFERRINCEE
RIRE, XEEH—MEMATHNSR, LEABEHREZINFS:
"BR/EE? BBREX. AXLER, SYRMEF?
In this photo, the moon hangs high in the sky, illuminating the ancient
Chinese building and its surroundings. This creates a beautiful and serene
atmosphere, reminiscent of Su Shi's famous poem: "When is the bright moon?
- Ask the blue sky for wine. | don't know the palace in the sky. What year is it?")
- J

Funded by
the European Union

Tr U St L L M [1] Large Multilingual Models Pivot Zero-Shot Multimodal Learning across Languages. 2024.
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Multilingual Multimodal LLMs

® MLLMs are mostly strong in English, weak in other languages
Generalizing multimodal capabilities to non-English languages via multilingual LLM as

pIVots
Common practice nowadays

VisCPM, LLaVA-NeXT, Yi-VL 34B, CogVLM2: English & Chinese
MiniCPM-Llama3-V 2.5: 30+ Languages:

le6 Histogram of CLIP Score High-resour.ce N :
English as Pivot v;a 2?
3 oS Cat w4, ’
g \)\\>\\ ((\60\ 4//9’7/:7/)70(76/
. LowQuality | High Quality o il x y
Non-English Generalization N =
: Language A_ ﬂ\*

1]
0.05 0.15 0.20
CLIP Score

Funded by
the European Union

TFUStLLM Chinese Image-Text Data Quality Distribution
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Part-ll|

Modality and Functionality @

Hao Fei
Research Fellow

T National University of Singapore @
oA http://haofei.vip/
Tr U St L L M - ::huengﬁ:"o‘:)!;an Union
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Table of Content
Modality & Functionality

Overview

Multimodal Perceiving
Multimodal Generation
Unified MLLM
Fine-grained MLLM
What's Next

2025-06-02

TrustLLM
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Overview of I\/Iodallty and-Functionality

®  Modalities v o touch smell

heat map @Tj ; o) mfrared/rad.a.F’- L

=N

: - document/‘cable :
Gmage .

Wortemmieasa <l> code
Csound

Language + Vision

\\ f.}:i g rap}l.......-"

=
time series _.*

spectrogram G

TrustLLM
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Overview of Modality and Functionality

Input-side
Perceiving

Perceiving
+

Generating

Modality (w/ Language)
Image Video Audio
Flamingo, Kosmos-1, Blip2, mPLUG- VideoChat, Video- AudioGPT,

Owl, Mini-GPT4, LLaVA, ChatGPT, Video- SpeechGPT, VIOLA,

InstructBLIP, VPGTrans, CogVLM, LLaMA, PandaGPT, AudioPalL M,
Monkey, Chameleon, Otter, Qwen-VL, MovieChat, Video- SALMONN, MU-

GPT-4v, SPHINX, VYi- LLaVA, LLaMA- LLaMA, ...
VL, Fuyu, ... VID,

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

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,

LLaVA-Plus, InternLM- LaVIT, VideoPoeft, SpeechGPT, VIOLA,

XComposer2, SEED-LLaMA, AudioPalL M, ...
LaVIT, Mini-Gemini, ...

[Pixel-wisel Vitron -

2025-06-02

3D

3D-LLM, 3D-
GPT, LL3DA,
Spatial VLM,

PointLLM,

Point- Bind, ...

47



LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 2025-06-02 48

Multimodal Perceiving

® Image-perceiving MLLM _ -
ex
Flamingo, _}
Kosmos-1, Image
Blip2, mPLUG-Ow|, e
Mini-GPT4, LLaVA,
InstructOLIP Otter, (7 Er g it e e gt
VPG Trans LLM. LLM then interprets the input images based on the input
Chameleon, text instructions and produces atextual response.
Qwen-VL, GPT-4v,
SPHINX,

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

Language Is Not All You Need: Aligning Perception with Language Models. 2023

BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models. 2023
MiniGPT-4: Enhancing Vision-Language Understanding with Advanced Large Language Models. 2024

4
TrustLLM B e
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Multimodal Perceiving
® Image-perceiving MLLM

. f Vision-and-Language || Visionto-Language
Bl | p 2 f Representation Learning | Generative Learning i LLa v A Language Response X, . . .

o

& ; . : Language Model f
Q-Former i ;
— . . ]
] e | ara A AAA
' that goes along this photo. !

Love is like a sunset, it's | Projection W f H
Tad ' hard to see it coming but Vision Encod Zv
i i hen it it iful. | ision En r ;
(?uenes . § when it does it's so beautiful. | SRS X, Image X4 Language Instruction
Bootstrapping Pre-trained 1 Bootstrapping Pre-trained
Image Models bl Large Language Models (LLMs)

. . e AP\ A 2090909090 e mm o wmm mm o o s s o mm mm mmm e mm wm o m -
F I am I ngo MI n l —GP l 4 r 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 |
| suitable for use in various contexts such as a logo for a beach resort or a flamingo- |
themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to l
> a very serious cat. L the design, making it memorable and eye-catching. Overall, it's a well-designed logo
Trained from scratch \ that effectively communicates the brand's message. ]

Output: text
. Pretrained and frozen

[ — | n-th GATED XATTN-DENSE

Perceiver Perceiver : “
iaNpie] EPIw L St

1st GATED XATTN-DENSE
Processed text I = S S g o w— —— — — -~
### Humr nn .
[ <image> This is a very cute dog.<image> This is I P — J Linear Layer 1
Interleaved visual/text data | . sy T mEmEm_———
E This is a very cute doq.m This is Q-Former
&
1

K Vi

Flamingo: a Visual Language Model for Few-Shot Learning. 2022
BLIP-2' Bootstrapping Language-lmage Pre-training with Frozen Image Encoders and Large Language Models. 2023

..........

AN DL N R

A Survey on Multimodal Large Language Models. Funded by

. . - the European Union
https://qithub.com/BradyFU/Awesome-Multimodal-Large-Lanqguage-Models, 2023.

TrustLLM
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Multimodal Perceiving

° Image-pe rceivi ng MLLM Unlike all other existing image-oriented MLLMSs, Fuyu
processes image information without a frontend image

encoder, and instead

Fuyu

[B [E] [FUVU] [persimmon

Input image

Fuyu

Transformer Decoder

—
) (3]

\ P
--- --- ---
|

ida EES wir

[1] Fuyu-8B. https://www.adept.ai/blog/fuyu-8b, 2023. - Funded by mion

Linear projection

Image patch

TrustLLM
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Multimodal Perceiving
® Video-perceiving MLLM

Text

—»

Text

VideoChat, | E=
Vid
Video-ChatGPT, Ideo
Video-LLaMA, i
PandaGPT, '
MovieChat Eg Encode input videos with external video encoders, generating
, ’ LLM-understandable visual feature, feeding into LLM, which
Video-LLaVA, then interprets the input videos based on the input text
LLaMA-VID Instructions and produces a textual response.
Momentor
1 VideoChat: Chat-Centric Video Understanding. 2023
2 Video-ChatGPT: Towards Detailed Video Understanding via Large Vision and Language Models. 2023
3 Video-LLaMA: An Instruction-tuned Audio-Visual Language Model for Video Understanding. 2023
4 Video-LLaVA: Learning United Visual Representation by Alignment Before Projection. 2023

5 Momentor: Advancing Video Large Language Model with Fine-Grained Temporal Reasoning. 2024

TrustLLM Bl s o
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Multimodal Perceiving

2025-06-02 52

Video-ChatGPT Video-LLaVA
\) Video-ChatGPT Response
D e This video is taken in New York City, especially in the vicinity of the Statue of Liberty. The L L M d 1
~ - tat i h in the back d, d th id L h th it kyli in the back d.
‘? \luleo—l:hatGlJT statue is shown in the background, an e video also shows the city skyline in the bac ?roun “ arge anguage 0 e fL
X Vicuna v1.5
Large Language Model (Vicuna, v1.1) -
s Vv A% A% Vv Vv Vv v T i N T
System Command Linear Layer ¢% KserQueny Q" Share Projection  fp Word Embedding Layer fyw
I‘;ﬁgi“ ‘ﬁ‘i‘ig;f'{iﬁgﬁagz Temporal Features Spatial Features e oo Thi= Xideo T
model trained with video > | {/// ) EnCOder Z00 f
instruction data. o f . LanguageBind Are the image and the video
Spatial Poolmg i Temporal Poolmg

depicting the same place?

=

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.//qithub.com/yunlong10/Awesome-LLMs-for-Video-Understandi

TrustLLM B

the European Union
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Multimodal Perceiving
® 3D-perceiving MLLM Text

Text

3 D-GPT, 3D/Points
Spatial VLM -

i Encode input 3D information with external encoders, generating
PO!MLL.M Eg LLM-understandable 3D feature, feeding into LLM, which then
Point-Bind interprets the input 3D/points based on the input text

Instructions and produces a textual response.

3D-LLM: Injecting the 3D World into Large Language Models. 2023

3D-GPT: Procedural 3D Modeling with Large Language Models. 2023

LL3DA: Visual Interactive Instruction Tuning for Omni-3D Understanding, Reasoning, and Planning. 2023
PointLLM: Empowering Large Language Models to Understand Point Clouds. 2023

SpatialVLM: Endowing Vision-Language Models with Spatial Reasoning Capabilities. 2024

LN WN R
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Multimodal Perceiving
® 3D-perceiving MLLM

3D-LLM PointLLM

( 3D Scene ) Direct Reconstruct ( 3DEature Question )
——\
( — > \ Please tell me
: — where is the chair? Ignored Token It’s orange. </s>
2D Image Point Cloud Point Token
T _ V, Text Token
gradSLAM
( ) ( 3D LM ) Large Language Model
-Q/ [ e ] [ Onesvous ba
v E = - = b ;
l <img>  <locl> <loc2> ... <loc64> “tt,v_-
: [ "™ J  E E - ‘ ) Tokenizer Projector Tokenizer
ey what is the a .. bed
Neural Field
. < Point Cloud
T 3 ! N USER: <p start> Point Encoder  <p_end> What color is the interior? ASSISTANT:
\. A ) / Answer: The chair is located at <loc3><loc56><loc34>.
_ J

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

® Audio-perceiving MLLM . -
ex
AudioGPT, _ LY _
SpeechGPT, Audio
VIOLA, O 0o DHHHHHHU =
AudioPaLM
SALMONN Encode input audio signals with external

encoders, generating LLM-understandable
MU-LLaMA signal features, feeding into LLM, which then
interprets the audio based on the input text
instructions and produces a textual response.

AudioGPT: Understanding and Generating Speech, Music, Sound, and Talking Head. 2023

SpeechGPT: Empowering Large Language Models with Intrinsic Cross-Modal Conversational Abilities. 2023
ViolA: Unified Codec Language Models for Speech Recognition, Synthesis, and Translation. 2023
AudioPalM: A Large Language Model That Can Speak and Listen. 2023

SALMONN: Towards Generic Hearing Abilities for Large Language Models. 2023

G N WN R
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Multimodal Perceiving
® Audio-perceiving MLLM

SpeechGPT SALMONN

: : D SR ——
Meta Prompt Specch Datasels Instruction-tuning ! Transcription: ! (..||....-.||........|||...||....) U OGRS Text response
LA | Hi, my name is SpeechGPT. Nice to : i t
| 1 .
R | meetyou! e Unit I:] Whisper features
peech2Unit Text2Unit

I:] BEATSs features Large Language Model LoRA %

Instructions | Template, | | Template, | [I Auditory embeddings

D Textual embeddings ' '

|

|

|

i

i

i

|

Cross-modal Chain-of-Modality i
Instruction data Instruction data I
i

i

i

|

i

|

/% Frozen/Trainable
Speechinstruct . > <2>
Cross-modal Instructions [Human]. et ?33> ...... s L Windo‘”-].e\v'efls e oo I _________ > t
\;tm:v:-.']”"avws:ts th t. Tt the inp: t e - —————————— \ _Former ¢ . .
(s s Ok A Transcription: . Q ] I | Text instruction prompt
; 1 Good morning, what is : % - g
' = Wh
\QJ C-lllll-l-lllllnl-lllllllll-lllll-lD““.l“\y:)ljr_n?ri‘e_?_ o ’1' - Enclsg:ll: )
252 - -
==== BEATs
[ ] ))) Encoder
[
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://qithub.com/EmulationAl/awesome-large-audio-models, 2023
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Multimodal Perceiving Text
® X-perceiving MLLM —»

BiO'/Md & Healﬂ'lCc'lI'e biomedicine

Text

—{=]

BioGPT DoctorGLM dAl @
DrugGPT BianQue rle aCaliica
BioMedLM ClinicalGPT patar

Zhongjing
OphGLM Qilin-Med PMC-LLaMA
GatorTron ChatDoctor CPLLM
GatorTronGPT BenTsao MedPalLM 2
MEDITRON HuatuoGPT BioMedGPT

BioGPT: Generative Pre-trained Transformer for Biomedical Text Generation and Mining. 2022
DrugGPT: A GPT-based Strategy for Designing Potential Ligands Targeting Specific Proteins. 2023
MEDITRON-708B: Scaling Medical Pretraining for Large Language Models. 2023

HuaTuo: Tuning LLaMA Model with Chinese Medical Knowledge. 2023
AlpaCare:Instruction-tuned Large Language Models for Medical Application. 2023

A Survey of Large Language Models in Medicine: Progress, Application, and Challenge,
https://qithub.com/Al-in-Health/MedLLMsPracticalGuide. 2023. - Funded by

O Ll WIN R

the European Union
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Multimodal Perceiving
®* X-perceiving MLLM Tex

SN
Molecule & Chemistry  Graph

Text

— =]

Chem/Graph
ChemGPT StructGPT E&&' Tj?o
SPT GPT46Graph B S
T5 Chem GraphGPT
ChemLLM LLaGA
MolCA HiGPT

T Gesgraphical Information System (GIS)

GeoGPT

Neural Scaling of Deep Chemical Models. 2022
ChemLLM: A Chemical Large Language Model. 2023
MolCA: Molecular Graph-Language Modeling with Cross-Modal Projector and Uni-Modal Adapter. 2023
StructGPT: A General Framework for Large Language Model to Reason on Structured Data. 2023
LLaGA: Large Language and Graph Assistant. 2023

Awesome-Graph-LLM, https://qithub.com/XiaoxinHe/Awesome-Graph-LLM. 2023 -

Funded by
the European Union
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Unified MLLM: Perceiving + Generation
® Scenarios

@ 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

TrustLLM B e
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MNrinviiimwar Af NMAAAlLIF v AnA CiivnAcrtrinanalisg
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] PG-

Perce'v'ng 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, ... L
GILL, EMU, MiniGPT-5, DreamLLM, GPT4Video, Video- AudioGPT, SpeechGPT, _

o LLaVA-Plus, InternLM-XComposer2, LaVIT, VideoPoet,..  VIOLA, AudioPalLM, ..
Perceiving SEED-LLaMA, LaVIT, Mini-Gemini, ...
T [Pixel-wise] Vitron - -
Generating

NExT-GPT, Unified-IO 2, AnyGPT, CoDi-2, Modaverse, ViT-Lens, ...
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Unified MLLM: Perceiving + Generation

Text
® |mage Text r
.
GILL
EMU Image Image
MiniGPT-5 = =
J J
DreamLLM
LLaVA-Plus Eg Central LLMs take as input both texts and images, after
semantics comprehension, and generate both texts and images.
LaVIT
1 Generating Images with Multimodal Language Models. 2023
2 Generative Pretraining in Multimodality. 2023
3 MiniGPT-5: Interleaved Vision-and-Language Generation via Generative Vokens. 2023
4 DreamLLM: Synergistic Multimodal Comprehension and Creation. 2023
5 LLaVA-Plus: Learning to Use Tools for Creating Multimodal Agents. 2023
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Unified MLLM: Perceiving + Generation
® Image

GILL EMU

[] Frozen Model [] GILLMapper [ | Linear Layer Loss i Encoder
k (EVA-CLIP)
Output Embeddings
An European (seq_len, 4096) Causal Transformer
shorthair cat in 5 :
an l European | | [IMG1] I | [IMG{r}] | <s> [IMG] -« [ [/IMG] An emu egg that will hatch into a
a woven basket — ) -

[IMG1]...[IMG{r}] / (\
Caption Input N Multimodal Modeling with LLM

- (LLaMA)
’ GILLMapper \

InfoNCE Loss
MSE Loss

v v ¥ ¥ ¥ v v ¥ ¥ ¥ ¥ ¥  [Classification  Regression

— baby emu [IMG] -

uonde) induj
Jepooug
el ds

Image-Text Retrieval

Image Input

Decoder

Image Generation
(Stable Diffusion)

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

TrustLLM B e




LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 2025-06-02 63

Unified MLLM: Perceiving + Generation

: Text
® \Video Text _
=
GPT4Video
VideoPoet Video Video

Video-LaVIT 5 5

Central LLMs take as input both texts and videos, after
semantics comprehension, and generate both texts and videos.

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
3 Video-LaVIT: Unified Video-Language Pre-training with Decoupled Visual-Motional Tokenization. 2024
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Unified MLLM: Perceiving + Generation
® Video

GPT4Video VideoPoet

£ Text-to-Video Model Gallery

,‘/q"' « The video shows a boat passing by the Sydney Opera House, whtoh\ \
8% is a famous landmark in Australia. The boat is moving towards the
Opera House, and the city skyline can be seen in the background.
ZeroScope ... This scene captures the beauty and grandeur of the Sydney Opera
i/ 2 House, making it a memorable travel experience. s : : 2

‘4 R e Aala 1o e bidirectional attention prefix autoregressively generated output

" kangaroo. They are unique to Australia and can be found in many
different habitats. Here's a video that showcases a kangaroo in its

\_ natural habitat: <vidoa> two kangaroes In the wid <idoo> ( VideoPoet (LLM) ]

Make-A-Video

Tune-A-Video

Text2Video-Zero

VideoCrafter

(<bos>)<task>)<bot_i>) text tokens J<eot_i>J<bov_i(____visual tokens _J<eov_i>[<boa_i>) audio tokens )<eoa_i>)<res>)<bov_o>| visual out)eov_o>(<boa_o>)(audio out)eoa_o>(<e0s>)

@
LoRA Sound Sound
[: # Large Language Model = MASVI v Stream MAGVIT-v2 Stream
5 A Seldesiss A encoder decoder decoder
— n lorful S . ® p
hen explode in the backgroun . P

D
Abstractor i . 4 & A
‘ # Cross Attention } [ Tokenizer ] - I:J- i S
(. 7, + Check out this video | shot while traveling, it left quite an\‘ 2 @ . 4 output audio
i T ) impression on me. Guess where am 12 cropped or tout vid
C ) « I'd like to learn more about Australia's natural landscapes 9 2
S O e J—H[ Concatenate JEEEEER SRR RS LR S st \ and wildlife. Can you show me the most famous Australian optical flow ) ( masked video
CEl TR |
Temporal Tokens Video Spatial Tokens N /
~ Features
= o 7
Encoder g
s ViT-L/14

Sampled frames

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
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Unified MLLM: Perceiving + Generation
@) AUdiO Text Text
=
AudioGPT,
SpeechGPT, Audio Audio
VIOLA, il il
AudioPalL M, HWHHH HHHHH”

Eg Central LLMs take as input both texts and audio, after
semantics comprehension, and generate both texts and audio.

AudioGPT: Understanding and Generating Speech, Music, Sound, and Talking Head. 2023

SpeechGPT: Empowering Large Language Models with Intrinsic Cross-Modal Conversational Abilities. 2023
ViolLA: Unified Codec Language Models for Speech Recognition, Synthesis, and Translation. 2023
AudioPalLM: A Large Language Model That Can Speak and Listen. 2023

A WNR
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Unified MLLM: Perceiving + Generation
® Audio

SpeechGPT AudioGPT

Chain-of-Modality Instructions

[Human]: This is the speech instruction: {speech}. You can do it step by step. You
can transcribe the instruction, get the text response and speak the response.
<eoh>.
[SpeechGPT]: [tq] {Text! }; [ta] {Text R }; [ua] {SpeechR} <eoa>.

\
1
<1 Good morning, what is :
{}
1

\QJ (.-|||-----|||.-.-T...|||.._..|.._.D””Lyour name?

I e i o

Meta Prompt Speech Datasets i iclon ke , { Transcription: 1 C-III-----|||----I-II|II~-III---D
HECIEEEAR | ! Hi, my name is SpeechGPT. Nice to :
@_ | 1 meetyou! L Unit
GPT-4 R e T Ty 1. *

- Speech2Unit Text2Unit | Vocoder Task Analysis

i Speech Recognition Wiisper
____________ . SpeechGPT]: <99> <5> <69> <597> ...... <31> : 1 i 1 s
Instructions : Template, | : Template, | | e L t Modality Transformation SF_’I?CC:‘tTr;“SIat;]O" T gnAudlo MultiDecoder
____________ ' ~ ext-to-Speec g~} Make-An-Audio
i 7 0 =) Texvioadio GLivs =, R
Cross-modal Chain-of-Modality | S ’ SpeechGpT v e Model pe
Instruction data Instruction data . N Audio Inpaintin, o

| . T p g DiffSinger
i Response Generation -

Speechinstruct . [Human]: <43> <2> <64> <33> ...... <534> P

Cross-modal Instructions | I

[Human]: Transcribe the speech to text. This is the input: {speech unit U } <eoh>. | -

[SpeechGPT]: {transcription T } <eos> 1 . .

: oo i Discrete Speech Unit Extractor | Transcription:

i
i

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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Unified MLLM: Harnessing Multi-Modalities

® Scenarios:

@ In reality, modalities often have strong interconnections simultaneously. Thus, it is frequently
necessary for MLLMs to handle the understanding of multiple non-textual modalities at once,
rather than just one single (non-textual) modality.

Image+Video
Audio+Video
Image+Video+Audio
Any-to-Any

TrustLLM B e
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Unified MLLM: Harnessing Multi-Modalities

Text Text
®* Text+lmage+Video =

=—
Video-LLaVA Py
Chat-UniVi Image Image :
- O ::::::::}i O i
LLaMA-VID [/S a
Video EVIdeO

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

@ Central LLMs take as input texts, image and video, after
semantics comprehension, and generate texts (maybe also
image and video, or combination).

1 Video-LLaVA: Learning United Visual Representation by Alignment Before Projection. 2023
2 Chat-UniVi: Unified Visual Representation Empowers Large Language Models with Image and Video Understanding. 2023
3 LLaMA-VID: An Image is Worth 2 Tokens in Large Language Models. 2023

TrustLLM B e
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Unified MLLM: Harnessing Multi-Modalities

® Text+Image+Video

e ae ‘ Finetine %‘ Eropen r_Ju'l;| Concatenite Chat-UniVi Response: The boy in the image has blonde hair, and the pot used to cook the
ChaT— U ni V| ' pasta in the video is red.
A
[ Pre-trained Large Language Model ‘ ]
4 A

User Query: What color is the boy's hair in the image and the pot Projection W 1

used to cook the pasta in the video?

%) 7% )
S ) )
=X =X =3
<! < < <
= 41 141 141
s, @, a8 g0
(=] = = =
5 (T ae (T
<
e
g
(S
Video '
Event 2
Visual inputs Original visual tokens Step one Step two Step three

[1] Chat-UniVi: Unified Visual Representation Empowers Large Language Models with Image and Video Understanding. 2023
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Unified MLLM: Harnessing Multi- I\{Lgdalltles _y
® Text+lmage+Video+Audio _ _

I\’/qua—ff TM A Image 'Image
Ideo-LLa ° o [0) |
AnyMAL A B § a
Macaw-LLM Audio EAudio
VideoPoet T - S .
ImageBind-LLM HHM HHHHH”
LLMBind Video Video |
LLGMA-AdC(pTZF‘ 3 ) r::::::::?E & E

_____________

Central LLMs take as input texts, audio, image and video, and
PandaGPT: One Model to Instruction-Follow Them ATl 3023 9ENnerate texts (maybe also audio, image and video, or comblnatlon).

Video-LLaMA: An Instruction-tuned Audio-Visual Language Model for Video Understanding. 2023
AnyMAL: An Efficient and Scalable Any-Modality Augmented Language Model. 2023
Macaw-LLM: Multi-Modal Language Modeling with Image, Audio, Video, and Text Integration. 2023

TrustLLM B e
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Unified MLLM: Harnessing Multi-Modalities

® Text+Image+Video+Audio

2025-06-02

Response
Macaw-LLM , 44
[ Large Language Model ]
Cognitive
Module t . * * * * ..... * - ttt
P i i i + Instruction
: Image Tokens Audio Tokens Video Tokens
A 4 4
[Peiaip-a S S .
1 1
; ' LLM !
Alignment ' Embedding |
Module 1 Alignment '
. '
. g [-----
[ 1
Image Audio Video
Encoder Encoder Encoder
Modality {
Module l WWH( (

-YA Bl

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

TrustLLM
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Unified MLLM: Harnessing Multi- I\{Lgdalltles Text
® Any-to-Any MLLM — A

NExT-GPT Image Image
Unified-IO 2 (w/o video) o /Ta]
AnyGPT (w/o video) ™M (5
CoDi-2 Audio Audio
Modaverse DHHHHHHU— = uﬂwﬂﬂﬂﬂ

Video Video

_ _
> >

@ Central LLMs take as input texts, audio, image and video, and freely
generate texts, audio, image and video, or combination.

NEXT-GPT: Any-to-Any Multimodal LLM. 2023

AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023

CoDi-2: In-Context, Interleaved, and Interactive Any-to-Any Generation. 2023

ModaVerse: Efficiently Transforming Modalities with LLMs. 2023

TrustLLM B e
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Unified MLLM: Harnessing Multi-Modalities

®
Any-to-Any MLLM
_
Text ==
NExT-GPT -
(o) Image Input ‘ Image Output 3 o|
Image Q_J Projection‘(',(s , ; Projection & ? [
. Audio Input Audio Output
Audio Projection & Projection &
. e B ; ‘ _[ Video Input ] . / Video Output
Video EDE 7 - B Projection,(',,a; ’ Projection
More modalities Bk memE BT B R ———— S eee
Multimodal Input LLM-centric =~ LLM-based Semantic Instruction-following ~ Multimodal Output
Encoding Alignment Understanding Alignment Generation

Tr U St LL M [1] NEXT-GPT: Any-to-Any Multimodal LLM. 2023 - :::huengfl?ol:)‘;an .
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Unified MLLM: Harnessing Multi-Modalities
®* Any-to-Any MLLM @) NExT-GPT

NExT-GPT

A0

@ ' -l Text +
%:sp K

Text + Image + Video

Project: https://next-gpt.github.io
Paper: https://arxiv.org/pdf/2309.05519

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

Tr U St LL M [1] NEXT-GPT: Any-to-Any Multimodal LLM. 2023 - ::huengf.(r‘o?éan .
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Fine-grained Capability of MLLM
® 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.
What is the difference between
this deer and another deer ?

Describe the image in detail. Please output &
@ interleaved segmentation mask L=

Visual Grounding
Visual Segmentation
Visual Editing

Visual Inpainting

The main difference between
the two deer is their size and
antlers. The adult deer is larger

; with more prominent antlers,
The image showcases a large, white building with a red while the younger deer is smaller

roof rrounded by a well-manicured lawn and palm EEees. : It
s visible over the building, the pavement, and the with no visible antlers.

e grass is also seen extending to the pavement. —

TrustLLM B e
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Fine-grained Capability of MLLM
. . . . Text Text
® Image-oriented Pixel-wise Regional MLLM .
=— .
GPTA4RoI Users input an image *
NExT-Chat (potentially specifying a Image "Image
MiniGPT-v2 region), and the LLM | |
. outputs content based on @ — BV |
Shikra its understanding, J i ;
_ grounding the visual - A | .
Kosmos-2 content to specific pixel- iReglon/Plersi 5 Reg|oni
a evel regions of the Image. | — 0]
GLaMM level regions of the image. j : |
LISA i Y= ia)
D@TGPT GPT4Rol: Instruction Tuning Large Language Model on Region-of-Interest. 2023
OS re NExT-Chat: An LMM for Chat, Detection and Segmentation. 2023
p y MiniGPT-v2: large language model as a unified interface for vision-language multi-task learning. 2023
P| erLM Osprey: Pixel Understanding with Visual Instruction Tuning. 2023
LI ON GLaMM: Pixel Grounding Large Multimodal Model. 2023

Kosmos-2: Grounding Multimodal Large Language Models to the World. 2023
DetGPT: Detect What You Need via Reasoning. 2023

PixelLM: Pixel Reasoning with Large Multimodal Model. 2023

Lisa: Reasoning segmentation via large language model. 2023

TrustLLM
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0 Shikra: Unleashing Multimodal LLM's Referential Dialogue Magic. 2023

Funded by
the European Union
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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] 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- 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, ...



LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mlim2024.github.io/CVPR2024/)

Fine-grained Capabilitv of MITM

Answer: It is <trigger>

2025-06-02

Image-oriented Pixel-wise

CLTER S - oo

bounding box

Large Multimodal Model

1 *

In B , where is the bear to the left of region [l ?

Image Encoder

NExT-Chat

*

Location

Mask Decoder

mask

'
Global Image Grounding Pixel Decoder
Encoder Image Encoder
. l 7T 1 T T pmpm—= np = v A large hot air
RegionEncoder [ [JIPTIOT - LM & L= §aiaea0 o
‘,_/?::;-::_;E’} Imagé;région pror{\pfsl : Output prt.)mptsA A large body of

GLaMM

Can you give a detailed
description of this image?

Grounded Conversation Generation

water

A large, colorful hot air balloon is flying over the river.
The is overarching the river, trees, and buildings.

‘ Referring Expression Segmentation H Image Level Captioning

Region Level Captioning | Phrase Grounding ’

Can you segment the balloon in
this given picture?

ﬁ Sure, the
segmentation is

ﬁA hot air balloon is seen in the
air, flying over a river. The balloon,
high up in the sky, is yellow and red
in color, with a bridge and trees
visible in the background.

Please describe the given image. | [

TrustLLM

. Could you tell me more
about this region?

A yellow, red andﬂ
blue hot air balloon

Can you segment phrases in, “A <hot air
balloon> over the <river>”

A <hot air balloon> ﬂ
over the <river>

LB B B 2% .
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Fine-grained Capability of MLLM

® |mage-oriented Pixel-wise Regional MLLM =X e

==

_____________

(X Pixel-level Awareness at Input/Output

LISA, PixelLM, DetGPT, MiniGPT-v2, LTION

Image ' Image |

@ :.'.'.'.'.'.'.')E o E

Output-side Only Pixel-wise Awareness J ()
'Region/Pixels| 'Region|

I E c::::::::}i ™ E

7 | ‘I‘ 7]

___________________________________

Input-&Ouput-side Pixel-wise Awareness

NExT-Chat, GPT4RoI, Shikra,
KOSMOS-2, GLaMM, Osprey

Funded by
the European Union

TrustLLM
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Fine-grained Capability of MLLM

® |mage-oriented Pixel-wise Regional MLLM ¢ 1

_____________

(X Pixel Granularity

Image ' Image |

@ .'.'.'.'.'.'.'.')E /\9\ E

Bounding-box Coordinates Lo J
'Region/Pixels| ' Region!

NExT-Chat, GPT4RoI, Shikra, LION, Pty Region,

' E
-,

___________________________________

KOSMOS-2, DetGPT, MiniGPT-v2

Finer-grained Mask-based Segments

NExT-Chat, LISA, PixelLM,
GLaMM, Osprey

Funded by
the European Union

TrustLLM
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Fine-grained Capability of MLLM

® |mage-oriented Pixel-wise Regional MLLM =X e

_____________

(X User Input Interaction

Image ' Image |

No Image User Interaction @ ~o| |
J ! i

LISA, PixelLM, DetGPT, MiniGPT-v2, LION 'Reglon/Plers Regioni

; ‘ E I c::::::::}; 3 ;

Bounding-box Coordinates —— — DLP

GPT4RoI, Shikra, KOSMOS-2, GLaMM

User Sketches
NExT-Chat, Osprey,

Funded by
the European Union
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Fine-grained Capability of MLLM

® \ideo-oriented Pixel-wise Regional MLLM =X e

—
PG-Video-LLaVA P——
Merlin ' Video |
MotionEpic &
Region/Pixels ! Regioni
E i E.'.'.'.'.'.'.'."E t:? E
| (=)

____________

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

1 PG-Video-LLaVA: Pixel Grounding in Large Multimodal Video Models. 2023

2 Merlin: Empowering Multimodal LLMs with Foresight Minds. 2023
3 Video-of-Thought: Step-by-Step Video Reasoning from Perception to Cognition. 2024

TrustLLM B e
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Fine-grained Capability of MLLM

® Video-oriented Pixel-wise Regional MLLM

PG-Video-LLaVA

Entitiy Matching
Module

Class Agnostic Object
Tracker

!

Proposal Refinement

I

LLaVA, a large vision
language model

Grounding Module
] System Command
lion | man | mountain You are PG-Video-
Taggmg trained with video
Module instruction data.

wia Wl Gew bl uUserauey
What is the person
Scene Detection in the video doing?

t

Response

!
l

System Command

ﬁ - ‘:{ .' “

Response The person in the video is a man who is sitting on the ground and petting a lion.

Large Language Model

l

User Query | Spatio-temporal Video Representation Audio Transcript
MLP 6 Forced Alignment
Temporal Features Spatial Features Pho
5 neme
/ 7/ / g / %/// Model Whisper
Spatial Pooling T Temporal Pooling

Voice Activity Detection

I

o
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Textual Response  Grounded (partial) STSG Expression
5,

MotionEpic

--f-------

Text Prompt

Question: What is the least likely category for the animal in this video?
A. Police Dog X Competitive Animal

s W

Frame 1 Frame 2 Frame 3 Frame 4

Step-1: The involved target is [dog].

Step-2: The partial STSG in tracking [dog] is:

o, lie ON— 3255 run on s )’"ﬂ‘\.})’_‘ o
licy/w B -—\r T
idogl  on £08) on behind behind
dL“E, smné}m behind! mai " infrontof fan z e \ ~ man
behind - fman T e s
Frame | Frame 2 Frame 3 Pt

Step-3: According to the video scene and STSG, the dog is crossing
multiple hurdles with the dog being visible both before and after the
hurdles. The accompanying man is observed providing instructions to
guide the dog through the obstacles... Drawing on factual commonsense
understanding, it might be inferred that the man is a trainer who is
imparting various commands and training the dog on a grassy field.

Large Language Model

STSG Encoder6

———m=== BUIIAIY ------

. - N
“

v
|
|
|
U

y L]
t‘ s Y )
. .

I > i T TR e
= Spatial-temporal Scene Graph
Video (STSG)

Video-ChatG!

VideoLLaVA % Circus Performer = _D,Companion Pet ¥**™"*  E. Search and Rescue Dog

Frame 3 Frame 6 rame 7 Frame 8

Step-4:

The video depicting professional  The companion dog is to support
training and complex actions companionship and emotional
suggests it might be a police dog support to their owners rather tan
performing daily training ... The engaging in specialized tasks ...
rationality of the answer [A Police The answer [D. Companion Pet]
Dog] is 2. has a coherence score of 8.

After ranking the rationale score, the final answer is [D. Companion Pet].

Step-5: Let' verify the [D. Companion Pet] based on visual perception ..

1. Pixel Grounding Information Check: Based on the video scene, it
depicts a training ground with a dog, so the answer is fitting.

2. Commonsense Check: Observing the dog's energetic behavior during
training aligns with the common understanding that companion pet are less
likely to undergo such training, supporting the chose answer.

Conclusion: The answer [D. Companion Pet] is supported both by ...

TrustLLM

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

Funded by
the European Union
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Fine-grained Capability of MLLM
® Unified Pixel-wise MLLM

Vitron

Text Text

Image Image
Users input either an image or video ;]o_’ g VA

(potentially specifying a region), and
the LLM outputs content based on

its understanding, generating, Video Video

grounding or tracking the content to
specific pixel-level regions of the ~ —
Image, video. ‘ -
Region/Pixels Region
a E | |
O Of &

T tLLM [1] VITRON: A Unified Pixel-level Vision LLM for - Funded by _
rU S Understanding, Generating, Segmenting, Editing. 2024 the European Union
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Fine-grained Capability of MLLM
® Unified Pixel-wise MLLM

Model Vision Supporting Pixel/Regional Segmenting/

v [ 1- ron — Video Understanding Grounding

Flamingo [1] /
BLIP-2 [45]
MiniGPT-4 [126]
LLaVA [57]
GILL [39]
Emu [90]
MiniGPT-5 [125]
DreamLLM [23]

"GPI4RoI[122] /xS x T
NEXT-Chat [118]
MiniGPT-v2 [13]
Shikra [14]
Kosmos-2 [72]
GLaMM [78]
Osprey [117]
PixelLM [79]
LLaVA-Plus [58]
VideoChat [46] X
Video-LLaMA [120] X
Video-LLaVA [52]
Video-ChatGPT [61]
GPT4Video [99]

- PG-Video-LLaVA [67]  x —  / T XX
NEXT-GPT [104] - 4 X X '

VITRON (Ours)

Generating  Editing

X ™X X XX X XX
> X X X
™™, WX XX XXX

™M™, X X X X X X

NIX X X X X X X X X

> X X X XN

Funded by
the European Union

T tLLM [1] VITRON: A Unified Pixel-level Vision LLM for
rU S Understanding, Generating, Segmenting, Editing. 2024
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Fine-grained Capability of MLLM

o U n |f | e d P |Xe | _W | S e I\/I L L I\/l Low-level Visual Semantics High-level Visual Semantics

Image/Video

v i 1_ r' o n < Panoptic Instance ) Semantic Referring Captioning Video QA
= .
c
] AP 3]
G Ab‘ Q: Why is the child sitting on a
= s cardboard? A: trying to slide
8“ a drawing of a pink woman on the right  Q: Where is the child town the slope;
a and blue pokemon in white shirt sitting? A: Arms
g Language-Image Language-Video Retrieval
o - W
=3 Agroupof H K8 D [ |
uQ pec;)ple pltahy :
steering his toy on a gr:
Video Object Segmentation (Tracking) ; .
p—— Video Temporal Grounding
f W )\ o it
| walking | running {
Vision Synthesis & Generation Vision Editing & Inpainting
Text-to-Image VITRON ' Snving
Generationg Text-to-Video Generation Yol '
A corgi runs on the grass A polar bear swimming. «
=
w 4 .
g Image-to-Video Generation
Q . ;
g S :i °
Q : F 7
o]
(=5
=)
aQ

Funded by
the European Union

T tLLM [1] VITRON: A Unified Pixel-level Vision LLM for
rU S Understanding, Generating, Segmenting, Editing. 2024
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Input-side
Perceiving

Perceiving
+

Generating

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- SpatialVLM,
Otter, Qwen-VL, GPT-4v, SPHINX, Yi- MovieChat, Video- LLaMA, ... PointLLM, Point-
VL, Fuyu, ... LLaVA, LLaMA-VID, Bind, ...
Momentor, ...

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

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,
LLaVA-Plus, InternLM-XComposer2, LaVIT, VideoPoet, ... VIOLA, AudioPalL M, ...
SEED-LLaMA, LaVIT, Mini-Gemini, ...

[Pixel-wise] Vitron

NExT-GPT, Unified-IO 2, AnyGPT, CoDi-2, Modaverse, ViT-Lens, ...
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Fine-grained Capability of MLLM
® Unified Pixel-wise MLLM

Vitron - % Qgi B Ral
’r o o° kY In * ge ﬁé ‘7 *‘ Video | Video
@ Nw @ ion g ¢ jeneration iy - Editing Segmentation il Generation

---* t t t

L] .
[ Sy Textual response <Module>xxx</Module>  <Instruction>xxx</Instruction>  <Region>xxx</Region>

A
% Large Language Model (A) LoRA}

A

(;) PI‘OJCCthl’l (?) \ Projg:rction A
L L ;
b t

Imagem User Sketch {— : Text %

gk

Project: https://vitron-lim.qgithub.io/ ( PrOJecnon
Paper: https://is.gd/aGu0VV

Code&Demo: https://github.com/SkyworkAl/Vitron

T tLLM [1] VITRON: A Unified Pixel-level Vision LLM for - Funded by _
rU S Understanding, Generating, Segmenting, Editing. 2024 the European Union



https://vitron-llm.github.io/
https://is.gd/aGu0VV
https://github.com/SkyworkAI/Vitron
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What’s Next
® Angle-l: Unification of as Many Modalities & Tasks as Possible

Modality Perspective: Going Broader

(X Currently, the majority of MLLM research focuses primarily on the integration of
visual signals (e.g., Image, Video).

TrustLLM B e
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What’s Next from Multimodal LLM to AGI

® Angle-I: Unification of as Many Modalities & Tasks as Possible
Modality Perspective: Going Broader

» Modalities in current NEXT-GPT: »  More modalities to go:
language heat map c{llﬁ infrared/radar
¥
image A code < l > document/table ~

9
time series ( . spectrogram -
sound DH“HHHHD Q-
video 5

touch smell %<“J

5
X o
depth&3D ’@ - 4 graph f/}

TrustLLM
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What’s Next from Multimodal LLM to AGI
® Angle-l: Unification of as Many Modalities & Tasks as Possible

Task Perspective: Going Deeper

Vision-based MLLM, Vitron, has focused on unifying image and video processing
under the scope of pixel-wise tasks, ranging from low-level to high-level.

(3~ The next step could involve expanding MLLM support on the task level to more in-depth
levels.

Referring Segmentation Panoptic Segmentation 3D Scene Segmentation

TrustLLM B e
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What’s Next from Multimodal LLM to AGI

® Angle-ll: Stronger Generation Ability via Better Tokenization

Core Idea

s High-quality multimodal generation requires the system to recover asufficient
amount of detailed multimodal information from the core LLM.

Remove the equivalence constraint between pre-LLM and post-LLM, as the roles of
input and output multimodal tokens differ.

Increase the information content of multimodal tokens to include more high-
frequency details.

Tr U St LL M [1] Auto-Encoding Morph-Tokens for Multimodal LLM. 2024 - fh”e“gfl‘r‘o'::;an Union
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What’s Next from Multimodal LLM to AGI

® Angle-ll: Stronger Generation Ability via Better Tokenization

A Hot Trend: Video tokenization

Supporting both images and videos: more carefully model the spatial aspects of images and the
temporal dvnamics of videos. Input Vanilla tokens = Dynamic tokens

g |

Video

1 LLaMA-VID: An Image is Worth 2 Tokens in Large Language Models. 2024
2 Chat-UniVi: Unified Visual Representation Empowers Large Language Models with Image and Video Understanding. 2024
3 Video-LaVIT: Unified Video-Language Pre-training with Decoupled Visual-Motional Tokenization. 2024

TrustLLM B e
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What'’s Next from Multimodal LLM to AGI
® Angle-lll: More Multimodality & Multi-Task Synergy

Core Idea

(3~ Achieving astronger MLLM, and potentially reaching AGI, necessitates
enhanced Multimodality & Multi-Task Synergy for the MLLM generalist.

(> Master abductive reasoning to facilitate analogical thinking, allowing
different modalities and tasks, as well as the comprehension and
generation processes, to mutually assist each other and create

synergistic effects.

1 Abductive reasoning: Logic, visual thinking, and coherence. 1997.
2 Reasoning. https://www.butte.edu/departments/cas/tipsheets/thinking/reasoning.html|

TrustLLM sl

Funded by
the European Union
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Part-1V

Multimodal Instruction Tuning @

Haotian Liu

Ph.D.

University of Wisconsin, Madison

https.//hliu.cc

TrustLLM B e ﬁ
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Table of Content

Motivations
Multimodal Instruction Tuning Framework

Framework
Training Paradigms
Multimodal Instruction Tuning Data Construction
Pretraining Data
Instruction Tuning Data

Existing Datasets

2025-06-02

TrustLLM
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Why Multimodal Instruction Tuning?

%

Vision-and-Language
Representation Learning

Vision-to-Language
Generative Learning

Image

-

Encoder

—> . .
Write a romantic message
that goes along this photo.

Bootstrapping Pre-trained
| Image Models

f f
Love is like a sunset, it’'s
L Texdt hard to see it coming but
Queries

Bootstrapping Pre-trained

| E when it does it’s so beautiful.
Large Language Models (LLMs)

¥
¥

2025-06-02 97

. Pretrained and frozen

Trained from scratch

Output: text

|

a very serious cat.

Perceiver
Resampler

Perceiver
Resampler

e

.

Processed text

n-th GATED XATTN-DENSE

1st GATED XATTN-DENSE

| <image> This is a very cute dog.<image> This is

Interleaved visual/text data

This is a very cute dog.m 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

TrustLLM

Funded by
the European Union
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Why Multimodal Instruction Tuning?

e From Single-Purpose to General-Purpose

2025-06-02 98

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

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

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

o
\

TrustLLM B

the European Union
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Instruction Tuning is NOT multitask learning
e Multitask learning (with task tokens)

Training Testing

[:g 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

e |nstruction 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

TrustLLM B e
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Why Multimodal Instruction Tuning?

e From Single-Purpose to General-Purpose

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

( N

|
|
(1) Image Captioning : Answer 1: The image features a large brown dog and a small gray cat
- I sitting together on a tile floor, and both animals appear to be relaxed...
The image features a large I Answer 2: There are two objects in the picture, including one cat <BOX1>
,| Visual Language brown dog and a small . and one dog <BOX2>.
Encoder Models gray cat sitting together on P e
atile floor ... 1 Answer N: Here is the modified picture in sketch style <IMAGE>. )
Image Generated Caption : [ e E[ES BST S ERa  E \
I
(2) Object Detection : : Large Language Model I
[Dog] | T f ;
Visual CLS (1 : ; ,
Encoder | [RPN | 1) Image Embedding Word Embedding :
LOC [Cat] I : 7 T i
I . . . I
Image g A Vision Encoder Word Tokenizer I
' Detection Result ! : T g T I
() Imuge:Translaiion ‘; '\ General-Purpose Multimodal Model (GPMM) |
—————— r———————————--l——-———/
|
. Question 1: Describe the image concisely.
Visual Visual |_,| : Question 2: Detect all objects with bounding
Encoder Decoder ' boxes.
Tmage : Question N: Modify the picture into Sketch style.
Translated Image : Image Task Instruction in Language
TI' U St LLM 1 Visual Instruction Tuning towards General-Purpose Multimodal Model: A Survey. 2023 - Funded by
2 A Survey on Multimodal Large Language Models. 2024 the European Union
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MLLM Instruction Tuning Framework

Visual Instruction Tuning Framework

Data Construction
Example: LLaVA-1.5

this image?

Data Mixture

Data Adaptation Visual Instruction-following data language model (Vicuna v1.5 13B)
ENENNENEE 0
= vision-language connector (MLP) tokenizer &
. Question: Describe the image concisely embeddin g
Self-Instruction > 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...... User: what is
| unusual about

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

TrustLLM B e
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Training Paradi

@ Stagel: Pretraining Stage

Align different modalities, provide world knowledge

gms

Language Response

EII:II:II%IDDEI

Large Language Model

'DDDDDDD EII:IEIEIE]EIEI'

[ Adapter ] Word Embedding Space

[ Vision Encoder ]

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on

Image Language Instruction

Stage2: Instruction Tuning Stage

Teach models to better understand the
instructions from users and fulfill the

demanded tasks.

2025-06-02

; Language Response
(\, Himln I; I [

Large Language Model

'EIEIEIEIEIDI:I I:IEIEIDEIEIEI'

A
[ Adapter ] Word Embedding Space
1

[ Vision Encoder ]

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on
the table......

Image Language Instruction

TrustLLM

1 MMC: Advancing Multimodal Chart Understanding with Large
2 Visual Instruction Tuning. NeurlPS 2023.

-scale Instruction Tuning. NAACL 20" Funded by

the European Union
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Training Paradigms

(3 Training paradigms of popular multimodal large language models.
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Frozen % Trainable ¥ TextData ¥ +[= Multi-Modal Data
(@) (b) (©) (d)
4 3 ' '
LLM [ LLM ] [ LLM [ LLM ] | LLM } [ LLM ) LLM LLM t}
Stage 1 Stage 2 Stage 1 Stage 2 . Stage 1 Stage 2 Stage 1 Stage 2
&5 &8 &5 y ®) | &5 &5 ®B.5 N (CR=V
\ 4 v y v Y ¥ A A 4
Visual Visual Visual Visual Visual Visual % Visual Visual
Encoder Encoder Encoder Encoder Encoder Encoder Encoder Encoder
MiniGPT4 Kosmos-1 LLaVA mPLUG-OwI
1 mPLUG-OwIl: Language Models with Multimodality. 2023.
2 Visual Instruction Tuning. NeurlPS 2023.
3 MINIGPT-4: ENHANCING VISION-LANGUAGE UNDERSTANDING WITH ADVANCED LARGE LANGUAGE MODELS. 2023.
4 Language Is Not All You Need: Aligning Perception with Language Models. 2023.
Funded by

TrustLLM

the European Union
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models that follow human’s intent
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How can we make an instruction-
following LLM multimodal
efficiently?

TrustLLM
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LLM “learns” a foreign language efficiently.

e LLaMA is almost trained on English tokens solely.
e LLaMA learns foreign languages with 52K conversations
e E.g. Chinese, Japanese, etc.

e ~1 hour training

TrustLLM
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Multimodal learning as a translation problem

M Funded by
G the European Union
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Multimodal learning as a translation problem

llama
lava
llama llama
lava lava

glasses  glasses

llama
lava

llama
lava

llama
feet

Glasses

llama
lava

llama llama
lava lava

llama
feet

Q: What’s in the image?
A: A llama that’s made of lava.

Q: What’s special of this image?
A: The llama is wearing glasses.

TrustLLM

Funded by
the European Union
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Multimodal learning as a translation problem

Output

The color of the shirt the man’s wearing is yellow.
Instruction *
What's the color of the shirt that the > Language Decoder

man is wearing? 3
B \

\

Image Cross-modal Connector

(i.e. translator)

A . Multimodal Tokenizer

Visual Encoder

A\ 4

-~

_________________________

Funded by
the European Union

TrustLLM
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Some questions are still hard

llama
lava
glasses

llama
lava

llama

lava Glasses
glasses

llama llama
lava lava
llama llama
lava lava
llama llama
feet feet

llama
lava

Q: Is the llama facing left or right?

A: Hmm...

2025-06-02

TrustLLM

Funded by
the European Union
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Still struggles to follow complex visual instructions

Output

The unusual aspect of this imageiis ...
Instruction 4

What is unusual about this image? Language Decoder

Y

0

Image Cross-modal Connector

0

Visual Encoder

A\ 4

fWhat do we need? )

Tuning the model for following
multimodal instructions

TrustLLM B e
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Pretraining Data

@ 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.

2025-06-02

Language Response

EII:IEII;IDDEI
Large Language Model
-Eﬁﬁdﬁﬁﬁ""'ﬁﬁﬁdﬁﬁﬁ-

[ Adapter ] Word Embedding Space

[ Vision Encoder ]

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on

Language Instruction

4

Language Response

DDEII;DDD

Large Language Model

'EIEIEIEIEIDI:I

[ Adapter ]

'y
|

[ Vision Encoder ]

I:IEIEIDEIEIEI'

A
Word Embedding Space

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on
the table......

Language Instruction

TrustLLM

1 MMC: Advancing Multimodal Chart Understanding with Large

2 Visual Instruction Tuning. NeurlPS 2023.

the European Union

-scale Instruction Tuning. NAACL 20- Funded by
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“» Coarse-gained Image-text

Data volume is large, the captions
are shorts and noisy.

“*  Fine-gained Image-Text

ShareGPT4V-PT 1.2M Fine-grained Image-Text
High quality, longer and more LVIS-Instruct4V 11k Fine-grained Image-Text
aqcurate deSCFIptIOI’\S{ fine-gained ALLaVA 709k Fine-grained Image-Text
alignment between different PITRII
modalities. MSR-VTT 200k Video-Text
WavCaps 24k Audio-Text
MMC-Instruction 600k Chart-Text

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

TrustLLM B e
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Pretraining Data

ShareGPT4V

Young children standing on a platform waiting for a train to arrive.
Adults and children watching a train slowly leave. oA _
A family near a railroad track watching the frain pass. Coarse galned Image text
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.

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 .
closely, while others seem to be patiently anticipating its departure. Coa rse-galned 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 someone 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 f Ao _

advises "Please Use The Footbridge To Cross The Line. If You Require Assistance Please Fine galned Image text
Ask The Station Staff", guiding passengers to safely navigate the station.

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.

- o

Tr U St LI_ M [1] ShareGPT4V: Improving Large Multi-Modal Models with Better Captions. 2023. - fh“e"gf,‘r’o';‘;an Union
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Instruction Data Generation

@ Stagel: Pretraining Stage

Align different modalities, provide world knowledge

2025-06-02

@ Stage2: Instruction Tuning Stage
Teach models to better understand the

instructions from users and fulfill the
demanded tasks.

Language Response

EII:IEII;IDDEI
Large Language Model
-Eﬁﬁdﬁﬁﬁ""’ﬁﬁﬁdﬁﬁﬁ-

[ Adapter ] Word Embedding Space

[ Vision Encoder ]

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on

Language Instruction

4

Language Response

DDDI?DDD

Large Language Model

'EIEIEIEIEIDI:I

[ Adapter ]

'y
|

[ Vision Encoder ]

I:IEIEIDEIEIEI'

A
Word Embedding Space

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on
the table......

Language Instruction

TrustLLM

1 MMC: Advancing Multimodal Chart Understanding with Large
2 Visual Instruction Tuning. NeurlPS 2023.

-scale Instruction Tuning. NAACL 2" Funded by

the European Union

122



LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 2025-06-02 123

Instruction Data Generation

&‘ i
.

Image

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

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],

Context (bbox)

TrustLLM [1] Visual Instruction Tuning. NeurIPS 2023. - Funded by mion
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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: 8o Width: 418 Height: 418

Bounding boxes, woman wearing long dress X: 176 Y: 298 Width: 35 Height: 83
group of green chairs X: 153 Y: 326 Width: 95 Height: 126

*> || 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

a man in an orange shirt X: 204 Y: 265 Width: 31 Height: 47

a woman wearing a yellow dress X: 169 Y: 298 Width: 47 Height: 76

dense Captions

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:

Instruction:

Craft a brief narrative about the baby elephant and adult elephant.
Output from GPT4 _, || answer: e P

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

Tr U St LLM [1] Aligning large multi-modal model with robust instruction tuning. ICLR 2024. - fh”e“gf.‘r‘o';‘;an Union
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Instruction Data Generation

Rapid Decline in Brazilians’ Assessment

of Economy QUEStIOﬂ:
e s Currenteconomic situation in Brazil is ... . .
Existing Data L Which year has the most divergent
The answers of existing VOA and opinions about Brazil’'s economy?

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

Answer:
2015

0
2010 2011 2012 2013 2014 2015

[1] ChartQA: A Benchmark for Question Answering about Charts with Visual and
Logical Reasoning. ACL 2022 Findings.

TrustLLM B e
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Instruction Data Generation

Rapid Decline in Brazilians’ Assessment Questlon :

of Economy

Currenteconomic situation in Brazil is ...

Existing Data
8 Which year has the most divergent

The answers of existing VQA and caption | opinions about Brazil's economy?
datasets are usually concise, directly i A short answer to the question is:
using these datasets for instruction

tuning may limit the output length of

MLLMs. Answer:

2015

Data Adaptation

Declares short and brief for short- e e
answer data in the instruction.

[1] ChartQA: A Benchmark for Question Answering about Charts with Visual and
Logical Reasoning. ACL 2022 Findings.

TrustLLM B e
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127
Instruction Data Generation
Can you tell me what | can cook with these?
é Yes, with the variety of food items stored in
the refrigerator, you can prepare several
For example, you can create a fruit Directly training with VQA-v2 data (short
salad using the strawberries, . .
blueberries, and carrots. Additionally, .. before answer) with our conversation data. The model
after refuses to provide natural answers.

Tr U St LL M [1] Improved Baselines with Visual Instruction Tuning. CVPR 2024. - ndea oy

the European Union
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Instruction Data Generation

Visual input example, Different Format Prompts:

2025-06-02 128

il
Normal prompt What is the color of the shirt that the
man is wearing? — Yellow
Response The man is wearing a yellow shirt.

Ambiguous prompt  Q: What is the color of the shirt that the
man is wearing? A: Yellow
Response The man is wearing a yellow shirt. >

Funded by
Tr U St LLM [1] Improved Baselines with Visual Instruction Tuning. CVPR 2024. - the European Union
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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.
Ambiguous prompt  Q: What is the color of the shirt that the
man is wearing? A:
Response The man is wearing a yellow shirt.
Formatting prompt ~ What is the color of the shirt that the
man is wearing? Answer the question
using a single word or phrase.
Response Yellow.
Funded by

Tr U St LI_ M [1] Improved Baselines with Visual Instruction Tuning. CVPR 2024.

the European Union

129



LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 2025-06-02

Existing Instruction Tuning Dataset

Dataset

LLaVA-Instruct-158k

LRV-Instruction

MMC-Instruction

Clotho-Detail

MACAW-LLM

MIMIC-IT

StableLLaVA

LAMM

VIGC-LLaVA

X-LLM

TrUSTEeim

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

_ the European union l
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Summary

e How we teach multimodal models:
 Pretraining:

X A dlctlonary to teach LLM to understand (vocabularies from) a new
modality

S~ * Instruction tuning (short answer VQA):
« Small puzzles to effectively/efficiently injects new domain knowledge

¥ . Instructlon tun1n§ (natural conversation VQA):
Real-world applications to practice the skills

2
I

JRCEl Funded by
(UL the European Union
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Part-Vi

o)5ilE(e) Zhuosheng Zhang
a Tenure-Track Assistant Professor
Shanghai Jiao Tong University

https://bcmi.sjtu.edu.cn/~zhangzs/
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Basics of Multimodal Reasoning
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Multimodal Reasoning

77rcr§ are 5 helicopters,

7\'_—7 fly away.

—L\”-'he/'ii%ptem are left,

)(7(0///)
@O

5 )
o

)

”‘,&7;‘2‘ '

Please create a blog post about a trip to New York, where a dog and his owner had lots of fun.
Include a few pictures of the dog posing happily at different landmarks.

Model Response

Hi, 'm Cooper. I'm a 2 year old Goldendoodle who loves to travel. Last month, my family and
I went to New York City. It was my first time in the Big Apple, and I had a blast!

We stayed in a hotel near Times Square. It was so much fun to see all the bright lights and
people. We went to see a Broadway show, and I even got to meet some of the actors.

One of my favorite parts of New York City was Central Park. It was so big and beautiful. I
loved running around and playing fetch. We also went to the Statue of Liberty and the Empire
State Building. I was so excited to see all the famous landmarks.

I had so much fun in New York City. It’s definitely one of my favorite places to travel. I can’t
wait to go back someday!

https://www.astonzhang.com/img/mme-cot-idea.png

TrustLLM

Gemini Team Google. Gemini: A Family of Highly Capable Multimodal Models. arXiv:2312.11805.

Funded by
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Multimodal Reasoning

Concept: a process of deriving high-level conclusions from multiple modalities, possibly

d
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via multiple logical steps based on atomic evidences

@

Question: Consider the three stocks in the following table. Pt represents price at time t, and Qt
represents shares outstanding at time t. Stock C splits two for one in the last period. Calculate the
rate of return on a price-weighted index of the three stocks for the first period (t0to t 1).

Accounting : Investment

Option:
(A) 4.17%
(B) 4.03%
(C) 3.89%
Py Qg P Q9 Py Q;
A %0 100 a5 100 95 100
B 50 200 45 200 45 200
C 100 200 110 200 55 400
<image 1>

GPT-4V: To calculate the rate of return on a price-weighted index of the three stocks for the first
period (t0 to t1), follow these steps: Calculate the initial index value at t0. Calculate the index value
at t1. Compute the rate of return using the two index values.

Initial Index Value at t0:

Price-weighted index value at t0 = (P0(A) + PO(B) + P0(C)) /3

= (90 + 50 + 100) /3

= 80

Index Value at t1:

Price-weighted index value at t1 =
= (95 + 45 + 110) /3

= 83.33

Rate of Return:

Rate of Return = (Index Value at t1 - Index Value at t0) / Index Value at t0

= (83.33 — 80) /80

= 0.041625

= 4.1625%

Therefore, the rate of return on a price-weighted index of the three stocks for the first period is
approximately 4.17%.

The correct answer is:

(A) 4.17%

(P1(A) + P1(B) + P1(C)) /3

Ground Truth: (A) 4.17%
Explanation: At t = 0, the value of the index is: (90 + 50 + 100)/3 = 80. At t = 1, the value of
the index is: (95 + 45 + 110)/3 = 83.333. The rate of return is: (83.333/80) — 1 = 4.17%

Comprehensive Disciplines

Engineering (26%) Art & D&s:

& B % (11%) ¢4 ﬁ;«ii'?

: ~, Business (14%) [ 24 ]
RS aaEos w
Humanities EE w @

Science (23%)
i3 &4 &
- e

& Social Sci. (9%)

Medicine ( ‘17§
SYie
Art & Design

Question: Among the following harmonic intervals,
which one is constructed incorrectly?

Options: m

(A) Major third <image 1> e
I ==

(B) Diminished fifth <image 2>

(C) Minor seventh <image 3> H;!m;

(D) Diminished sixth <image 4> e

Subject: Music; Subfield: Music;
Image Type: Sheet Music;
Difficulty: Medium

Health & Medicine

Question: You are shown subtraction <image 1>,
T2 weighted <image 2> and T1 weighted axial
<image 3> from a screening breast MRI. What is the
etiology of the finding in the left breast?

Options:
(A) Susceptibility artifact
(B) Hematoma -
(C) Fat necrosis (D) Silicone granuloma

Subject: Clinical Medicine; Subfield: Clinical
Radiology; Image Type: Body Scans: MRI, CT.;
Difficulty: Hard

Heterogeneous Image Types

HEEHG

Diagrams, Tables, Plots and Charts,
Photographs, Chemical Structures,
Paintings, Medical Images, Sheet
Music, Geometric, Pathology images,
Microscopic Images, Comics, ...

Question: You

EBo
@ o B -

Business

Question: ...
collected by Gallup <image 1>. Find the probability
that the selected Emotional Health Index Score is

between 80.5 and 82?

Emosona Meath indes Scoce

Options:
(A)O (B) 0.2142
(©) 03571 (D)0.5

Subject: Marketing; Subfield: Market
Research; Image Type: Plots and Charts;
Difficulty: Medium

Humanities & Social Science

Question: In the political |
cartoon, the United States is
seen as fulfilling which of the
following roles? <image 1>
Option:

(A) Oppressor

(B) Imperialist

(C) Savior (D) Isolationist

Subject: History; Subfield: Modern
History; Image Type: Comics and Cartoons;
Difficulty: Easy

TF(U)SI[\LL—M Zheng, T., Liu, R., Zhang, G., Stevens, S., Jiang, D., Ren, W., Sun, Y. and Wei, C. Mmmu: A massive multi-discipline multimodal understanding and reasoning benchmark

Interleaved Text and Images

Expert-level Skills Test

shown Expert-level Visual Perception

subtraction <image 1>, T2 weighted
<image 2> and T1 weighted axial
<image 3> from a screening breast
MRI. What is the etiology of the
finding in the left breast?

. Jralpa

<image 1> <image 2> <image 3>

o S

i O e

Domain Expertise,
World, Linguistic,
Visual Knowledge,..

Logical, Spatial
Commonsense,
Mathematical,...

Science

The graph shown is compiled from data Question: <image 1> The region bounded by the

graph as shown above. Choose an integral
expression that can be used to find the area of R.
Options: i

A [}°If @) - g(x))dx
(®) J; *l900) — f()ldx
© I x) - g()ldx
(D) [2[g(x) — x(x)dx
Subject: Math; Subfield: Calculus;

Image Type: Mathematical Notations;
Difficulty: Easy

Tech & Engineering

Question: Find the VCE for the circuit shown in
<image 1>. Neglect VBE

Answer: 3.75

Explanation: ...IE = [(VEE) /
(RE)] = [(5 V) / (4 k-ohm)] =
1.25mA; VCE = VCC- IERL =
10V - (1.25 mA) 5 k-ohm;
VCE=10V-625V =375V

Subject: Electronics; Subfield: Analog
electronics; Image Type: Diagrams;
Difficulty: Hard
runaea by
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Model Architect
O Three architectures:
(a) language-centered method; (b) image-centered method; (c) unified method
( Input \E (a) Language-centered Method B (cl
e s = ~ B =\ g S B
i Look up the best Pl Encoder E’"bedd’”g Ao ‘p::::z:;, =
! rated coffee maker E .
;on Lowe's E ’mage v - - > T =
E E Capt!on More modalities - >
' ; , | ! | |
: 1 Mnlgmlnlgnpm Ikl‘l/;-‘(‘.[;rél“r:t LL %nbdutsridms‘amn;nuc InslmAlIn;n folhvwmg Mulgmodnl Output
: . E Image
; TSR Ve | Embedding
: 0 8 bwescomsescivseschi © O | ) e W - B R R
; (b) Image-centered Method
E “ A , E 4 TextRendeFer | Text Image
§ 4 153 results for ‘best rated coffee maker’ :
E :[% i | ‘{ Image } o o
! : < s i 4 E L (a) PIXEL pretraining (b) PIXEL finetuning
5 e (c) Unified Method
; i Multimodal
E > = = E Embedding nesrpraection— (N SN0 v GEEEEE - SR EEEE - ¢ 0 @0
fp / — mewo— Al HEHB TYHE
Wu, S., Fei, H., Qu, L., Ji, W. and Chua, T.S., 2023. Next-gpt: Any-to-any multimodal lIm. ICMLR 2024.

Trirsikd

ugllarello E., Salesky, E., de Lhoneux, M. and Elliott, D., 2023, September. Language Modelling with Pixels. ICLR 2023.
Elsen, Curtis Hawthorne, Maxwell Nye, Augustus Odena, Arushi Somani, and Sagnak Ta,sirlar. Introducing our multimodal models: fuyu-8b, 202
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In-Context Learning

> Encoder
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\ i : i i -
<> (M oG] An emu g that wil Fatc into d Each image in the multimodal sequence is tokenized into
embeddings via a visual encoder, and then interleaved
= Generative Multimodal Model . . .
with text tokens for autoregressive modeling.

L2 2R T T

Encoder

Decoder
Classification Regression ¥

baby emu [IMG] -

Leveraging few-shot Prompting for diverse reasoning tasks

Decoder -

Multimodal understanding

Look at this sequence of three
shapes. What shape should come
as the fourth shape? Explain your
reasoning with detailed
descriptions of the first shapes.

To find the next shape in the
sequence, we need to identify a
pattern. In this case, the pattern
is that each shape has one more
side than the previous shape.
Therefore, the next shape in the
sequence should have six sides,
which is a hexagon.

What is funny about this image?

animals, such as squirrels and birds,
do not typically use cameras or
engage in human-like activities like
photography. The scene is set up in a
way that makes it look like the
squirrel is intentionally capturing the
bird's image, which adds a humorous
twist to the scene. Additionally, the
bird is perched on a mushroom,
further enhancing the whimsical and
playful nature of the image.

Touchstone

iy { svD-0n

SEEDSench  MSAVIT.OA

— IstructBLP — LLVALS mu
CogLm Emu2-Chat

Textvan

running

a dog ﬂ and <a dog>El orithe

y city
- street

P 2 I.- _____________________________________________________________ \
1 Completion 1 i |
1
I i
: (&2 ] I 1 I
: - [ !
: [dog: 1, frisbee: 1]. N [cat: 3]. [beer: 3, banana: 2]. 1 1 ]
1 I | 1
1 : 1 1
I
: The text in the red The text in the red The text in the red The fext i the red citcle: Toynazdl 1 I |
i circle: 'Rights'. circle: 'Ave'. circle: 'Do Not'. el 1 1
é 1 I 1
18 1
1B 1 1
e [ !
1 S woman's feet. car's license plate. motorcycle's headlight. 1 1 o 1
% 8 2 e S
impressionist painting of an - Y 3
1 % i I § P! baine An image of <emu> wearing a big sunglasses on the beach is riding <a big horse> on the in front of !
18 1 1 g astronaut in a jungle 1
) 1 2
I a photo of a photo of a photo of a photo of a photo of 1 1 & 1
| ayellow a blue ared a brown a blue and red | 1 g 1
: backpack: backpack: backpack: backpack: backpack: 1 1 ‘5‘: 1
I
1 1 g
1 =
; - [ - g |
: w};:easzﬁ;ef; i\he The subject A wearing a The subject A ina T}:sesaur'i’iegc;A 1 1 § 1
i background: santa hat: purple wizard outfit: rainbow hat: 1 1 g An anime draw of ~a baby emu and <a dog> , in the style of J 1
1 1 = 1
{ § :
————————————————————————————————————————————————————————————— -~ v
e e o ol L M il el il il N el el el el el e el e el et (ol el ~ 1S q > :
1 1 |
1 3 - The funny aspect of this image is that 1 1
| The first shape is a triangle, the a squirrel is holding a camera and 1
2 second shape is a square, and appears to be taking a picture of a 1
: el RO A bird. This is amusing because e v | |
1 ! !
1 ! :
1 I )
1 1 !
1 1 |
1 | I
: ' I
I
I \

Funded by
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Evolution of Multimodal Reasoning

d  From task-specific to centralized paradigms

Segmentation il Generation Editing

Model 1 Model 2 Model n

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

&

o}I{o Large Language Model
£ t . il
9 [ ﬁ [ Projection JA

[ Projection Projection )
- . _
Videou Image m User Sketch = : Text (=]

'*‘ Unified Model

Funded by
the European Union

Tr U gft LLMj Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. https://vitron-lim.github.io/
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Evolution of Multimodal Reasoning

d  From (implicit) single-step prediction to (explicit) multi-step reasoning

Question: Which of these organisms contains matter that was once part of the
phytoplankton?

Context: Below is a food web from an ocean ecosystem in Monterey Bay, off
the coast of California. A food web models how the matter eaten by organis
moves through an ecosystem. The arrows in a food web represent ho
moves between organisms in an ccosystem.

Options: (A) b[aclfr(_x:kfsh ' (B) seaofter

A food web is a model. A food web shows where organisms in an ecosystem get their food. Models can make things in nature
easier to understand because models can represent complex things in a simpler way. If a food web showed every organism in
an ecosystem, the food web would be hard to understand. So, each food web shows how some organisms in an ecosystem can
get their food. Arrows show how matter moves. A food web has arrows that point from one organism to another. Each arrow
shows the direction that matter moves when one organism eats another organism. ..

(a) An example of ScienceQA.

Question: What should the title of this image be?

This image shows a woman and a dog sitting on the beach playing a game. The woman is sitting on the ground with her back to
the camera, while the dog is sitting next to her, looking up at her with a curious expression. The sun is setting in the background,
casting a warm, golden light on the scene. Based on this description, it is likely that the caption for this image is meant to
highlight the bond and playfulness between the woman and her dog. The fact that they are playing a game together on the beach
suggests that they have a close relationship and enjoy spending time together. ..

TUSILLM. e ui

(b) An example of CoCo-MMRD.

d Improved Interpretability: offer an interpretable
Pl glimpse into the decision-making process

d Improved Controllability: interfere the reasoning

process, e.g., adding complementary information,
verifying and correcting mistakes

O Improved Flexibility: allow interactive

communications between different models

1 | [194, 21]: Earthzy paper Analyze the i ine which p ive appeal is used. The | |
| | [244, 70]: plates now ad mentions that Earthzy papor plates carry the Sierra Club seal of approval. | |
i | [172, 112]: carry the Sierra This implies that the product is environmentally friendly and has been endorsed

| | [231, 159]: Club seal of by a reputable organization. This appeal is primarily based on the crodibility

i | [275, 198]: approval and authority of the Sierra Club, which is an example of ethos (character).

\Mm is ma direction of this push?.
(A)myfmmthe baseball bat
|(B) toward the baseball bat

| Mich is the main persuasive
| appeal used in this ad?

| m

| Which animal’s skin is adapted
| for survival in cold places?
(A) Eurasian lynx

|(8) Thomy Devil

| | - The question is about identifying the main persuasive appeal used in an
i | - There are three main types of persuasive appeals: ethos, pathos, and logos.

| | - Ethos is an appeal to the speaker’s or writer's cradibility, character, or authority,
i | - Pathos is an appeal to the audience's emotions, feelings, orsynpalhes

§ -Logoslsmappealblogu:,reasmor ionality, using facts, or arg

1 :
ethos (i ) |

S., Yu, B., Guo, R. and Li, S.Z., 2023. Enhancing Human-like Multi-Modal Reasoning: A New Challenging Dataset and Comprehensi
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Multimodal Chain-of- Thought Reasoning
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Multimodal Chain-of-Thought Reasoning

d  Think step by step, formulate intermediate steps before deriving an answer
d  Paradigm shift of task format

® Standard Format: <input - output>

® CoT Format: <input - rationale - output>

([ Vision ]\ / \ / ‘ Rationale J \ ( \

dpo
AR5
Q ‘\".';" it

Look at each object. For each
object, decide if it has that
property. Potato chips have a
salty taste. Both objects are

cracker fries

B Rationale : Answer
—> ; —» salty. A soft object changes |-O—» —» The answer

~ Language y Generation shape when you squeeze 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

_ b | < WV, \ / \ / ;} \_ J

Funded by
the European Union

Tr U S‘E’LLMV‘Q A., Li, M., Zhao, H., Karypis, G. and Smola, A. Multimodal chain-of-thought reasoning in language models. TMLR 2024.
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Multimodal Chain-of-Thought Reasoning

O  Input: Various modalities such as text, image, and graph are incorporated inté the model’s input

O Output: Multimodalities, including text and image, are generated in the model’s output

Input Multimodalities

A small sunflower has 3 dozen seeds and a
large sunflower has 50% more seeds than a
small sunflower. How many sunflower
seeds are there altogether?

Image

Caption:

There are two flowers
in the picture. One is
large and the other

one is small.
Kosmos-1
Graph
3 4 54
dozen seeds
small seeds /
sunflowe has
[ A /
has \ large
Pl sunflower
iy -

)

s

Graph-of-Thought (Input)
A

, £ . Bh ., Tang, X., Ma, X., He, Z., Wang, Y., Gerstein, M., Wang, R., Liu, G. and Zhao, H., 2023. Igniting Language Intelligence: The Hitchhiker's Guide From Chain-of-Thought Reg
i, ., T V., , H., Zhang, H., Lee, M., Hsu, W., 2024. Video-of-Thought: Step-by-Step Video Reasoning from Perception to Cognition. ICML 2024.

Language Model

A small sunflower
has3x 12 =36
seeds. A large
sunflower has
50% more seeds
than a small
sunflower, which is
36x0.5=18
more seeds. So a
large sunflower
has 36 + 18 =54
seeds. Altogether,
there are 36 + 54
= 90 sunflower
seeds.

The answer is 90.

Step-1: Task Definition and Target Identification
You are an expert ... answer a question based on the given video.
Far the question, several candidate answers ...

3 Given the question: [What is the relatiorship between the white

8 tuck and this reig! a? A Transponation B, Buldings C Gean

Senvices D. Ertertainmes clites]
What are the possible targets of the u mainly mentioned or
involved? '

2 The involved targets are [the white truck), [the negrbormcad]

= Provide the tracklet of involved [:he neighborhood] and [the

§ white ruck] by outputting the corresponding partial
™ expression in the 5
. +
S The partial - 11 in tracking 1 ghborhood] and [ihe
B white ruck] i [Frame 1: {Objects: [{"car-17: [0.0,13.4.7.08.1]}, .1,
Triplets: [("car-1","on the left”, "wreet™), ...]}...].
Combining all possible rclated commonsense, analyze
é' motion vior based on the [the white truck] and [the
£ negnibortood] and the neighbor scenes within =

Describing the action and the implication.

white ruck

pour the garbage from if
e car is used for collecting

g Accardng (o commansense, the w
rubbish._|

PS4 Qocxtion Rasyreiog Y L Skivg

A g G,

For the question [W/hat s the relationship between the white truck
g and this reighborbood?], given a candidate answer [A
S Transporiation], please based on the [The two men are driving the
= white truck | combined witl score ionali

of this answer with a 1-10 scale, and also output the rationale.

9 Based on the observations and commonsense, the rationality of
-g the answer [A Transportation] 1s 5. While the white truck is
indeed moving through ... but rather the collection of garbage ...
¥ Ranking
Based on the rationality, the ranking results in descend order is

o
§ [C Ciean Sevice] [A Transporaton] [D. Ensenanment Faciives] [8

& Buldings). So, the final answer is [C. Clean Service].

Step-3: Answer Verification

Given mcy , and the raw question [Wnat s . ], now you need

to verify the previous answer by 1) checking the pixel grounding
= information -, L ;if the answer [C Clean Service] aligns with
2 the facts presented m the video from a perception standpoint; 2)
g determining from a ition perspective il the

implications inherent in the answer contradict any of the main

[The two men..]. Output the verification result with rationale.

Certainly. 1. G ding i ion: the collection action of
& garbage, which aligns .. 2. Commonsense verification: driving a
2 white truck into a neighborhood is associated with waste

management ... Overall, the answer [C. Clean Serice] is correct. |

143

Video-
of-
Thought
(VoT)
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The Role of (Multimodal) Chain-of-Thought

io/CVPR2024/)

2025-06-02

a

Role 1: Introducing more reliable input results in more conv

incing reasoning process

O Case studies: 50 error cases
o

Imperfect training data: when the vision input is missing
Generate hallucinated rationales that mislead the answer inference (64%)

/' Problem }

Question: Will these magnets attract or repel each other? :
Context: Two magnets are placed as shown. Hint: Magnets that attract pull together. Magnets that repel push apart.

Options: | (A) attract (B) repel

Gold Rationale: Magnets can pull or push on each other without touching. When magnets attract, they pull together. When magnets repel, they push
apart. Whether a magnet attracts or repels other magnets depends on the positions of its poles, or ends. Every magnet has two poles, called north and
south. Here are some examples of magnets. The north pole of each magnet is marked N, and the south pole is marked S. If different poles are closest
to each other, the magnets attract. The magnets in the pair below attract. If the same poles are closest to each other, the magnets repel. The magnets
in both pairs below repel. Will these magnets attract or repel? To find out, look at which poles are closest to each other. The north pole of one magnet
is closest to the south pole of the other magnet. Poles that are different attract. So, these magnets will attract each other.

\_Answer: The answer is (A).

R
; Resolved
(62.5%)
Others Hallucination
(36%) (64%)
Unresolved
(37.5%)

Baseline
A Baseine | =

Generated Rationale: Magnets can pull or push on each other
without touching. When magnets attract, they pull together. When
magnets repel, they push apart. Whether a magnet attracts or repels
other magnets depends on the positions of its poles, or ends. Every
magnet has two poles, called north and south. Here are some
examples of magnets. The north pole of each magnet is marked N,
and the south pole is marked S. If different poles are closest to each
other, the magnets attract. The magnets in the pair below attract. If the
same poles are closest to each other, the magnets repel. The magnets
in both pairs below repel. Will these magnets attract or repel? To find
out, look at which poles are closest to each other. The south pole of
one magnet is closest to the south pole of the other magnet. Poles that
are the same repel. So, these magnets will repel each other.

o

KAnswer: The answer is (B).
-l;L’aLJSELLM M., Zhao, H., Karypis, G. and Smola, A. Multimodal chain-of-thought reasoning in language models. TMLR 2024.

(a) ratio of hallucination mistakes (b) correction rate w/ vision features

Table 3. 'I‘wo-st‘I ge setting of (i) rationale generation (RougeL) and
(ii) answer infefence (Accuracy).

Method 1 QCM— R (ii)) QCMR— A
Two-Stage Framework 91.76 70.53
-
w/ Captions 91.85 71.12
w/ Vision Features 96.97 84.91
Funded by

the European Union
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The Role of (Multimodal) Chain-of-Thought

| Role 1: Introducing more reliable input results in more convincing reasoning process

® More accurate perception, less hallucinations during the reasoning process

( . N\
Will these magnets attract or [ The south pole of one magnet is closest to the J

_repel each other? ) south pole of the other magnet.
§ § ) { Baseline J )
Will these magnets attract or
X1=Xo—{Yy, Y2}

| repel each other?

g

The north pole of one magnet is closest to the
south pole of the other magnet.

Will these magnets attract or The south pole of one magnet is closest to the
repel each other? south pole of the other magnet.

DI ID

Will these magnets attract or X1—=Y; The north pole of one magnet is closest to the
repel each other? Xo — Y5 south pole of the other magnet.

T EL - Funded by
Z[au,g, e, ™, M., Zhao, H., Karypis, G. and Smola, A. Multimodal chain-of-thought reasoning in language models. TMLR 2024. the European Union
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The Role of (Multimodal) Chain-of-Thought

O Role 2: Breaking complex problems into smaller, manageable sub-problems

® identifies atomic knowledge components essential for reasoning processes

® integrates their relationships, thereby constructing coherent reasoning steps

Training samples

Estimator

== direct prediction
== free generation

- - . ###
direct prediction target: X5

e Train condition
X12=0 £ i
i - @ fully observed
£ g ® local (geom)
I~
. H#EE So0s- @ W 0 UEENSENa,
o
free generation , .. x5 7
g X12=0 =
g X11=1 ﬁ‘ = ‘;}i&, T
. ! 5¢€
é X16=0 Seging .f“w»%xmvm,.,ﬁ., e P A o SR R R T
¥ x3=0
¥ X15=1 0.0c-
£ X10=1 |m:u

5.0e408
X5= Number of tokens

2)

(x1,000,000) CoT reasoning is useful because
e
target: X16 1) direct prediction is inaccurate for some
5 X12=0
L inferences because the relevant variables
X16=0

are rarely seen together in training
chain-of-thought reasoning improves
estimation by incrementally chaining local
statistical dependencies that are observed
frequently in training

IELJASIBLLLM Goodman, N. Why think step by step? Reasoning emerges from the locality of experience. NeurlPS 2024.
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The Role of (Multimodal) Chain-of-Thought

o Role 3: Available for stepwise knowledge update and self-correction (w/ external feedback)

/—[ Question Answering ] N\ { Program Synthesis ]—\ .
Question: Who won the 2016 Russian national silver medal with Question: Ann, Bill, Cate, and Dale each buy personal pan D C h a | n 'Of'Th O U g ht W / TOO I S

another Russian ice dancer born 29 April 19957 pizzas cut into 4 pieces. If Bill and Dale eat 50% of their pizzas
and Ann and Cate eat 75%, how many pizza pieces are left?

fr0posed§ﬁsw§r “python o Plan-SO|Ve, augment and correct

intermediate steps with tools

What's the problem with the above answer?
1. Plausibility: The question asks for a name, and the answer

"lvan Bukin" is a name. So it's plausible. i . . oge e o

Googlel | oupitmswer=40 @B ® Overcome the Intrinsic ability deficiency of
2. Truthfulness: Let's search the proposed answer in google:
> Search Query: The 2016 Russian national silver medal was What's the problem with the above code? . .
won by Alexandra Stepanova and Ivan Bukin. 1. Plausibility: The number of pizza pieces left uneaten should L L M S SUcC h as Ca Icu Iat 10 n’ searc h | ng
> Evidence: [Alexandra Stepanova - Wikipedia] Stepanova/Bukin be a positive integer, -4.0 < 0, so the answer is not reasonable.
won silver at the 2012 Russian Junior Championships...

From the evidence, Stepanova/Bukin won silver at the 2012 2. Correctness: Let's check the code:
Russian Junior Championships, not 2016. -~ > # each buy personal pan pizzas cut into 4 pieces.

Le ek > num_pieces = num_pieces_per_pizza * num_pizza
Let's search the question in wikipedia: R.Y 4 It calculates the total number of pieces, that's correct. \ o e e ey
> Search Query: Who won the 2016 Russian national silver [ I
medal with another Russian ice dancer born 29 April 19957 site: > pieces_bill_dale = num_pieces * 0.5 1
wikipedia.org > pieces_ann_cate = num_pieces * 0.75 1
> Evidence: [Victoria Sinitsina - Wikipedia] Victoria Alexandrovna Each person only eats their own personal pan pizza, 1
Sinitsina is a Russian ice dancer . “num_pieces * 0.5° means 50% of the total pieces, this is wrong. 1
The evidence suggests that Victoria Sinitsina is a Russian ice Here's a better solution: *python :
dancer born 29 April 1995. We need to find out who won the pizza_pieces = 4 # each personal pizza cut into 4 pieces 1
2016 Russian national silver medal with Victoria Sinitsina. ann_cate_pieces =4 * 0.75 * 2 # Ann, Cate eats 75% I

lo] Ie bill_dale_pieces = 4 * 0.5 * 2 # Bill, Dale eats 50% ]
> Search Query: Who won the 2016 Russian national silver total_eaten = ann_cate_pieces + bill_dale_pieces 1
medal with Victoria Sinitsina? answer = pizza_pieces * 4 - total_eaten # pieces left ™" 1
> Evidence: [Nikita Katsalapov - Wikipedia] In December, N / 1
Sinitsina/Katsalapov won the silver medal behind g _ 1
Bobrova/Soloviev at the 2016 Russian Championships. ’—[ Toxicity Reduction ]— :
The evidence suggests that Nikita Katsalapov won the 2016 Previous t°x'°‘t°x|§ers|ﬂp3§c ; v%eﬁ@hmm, f :
Russian national silver medal with Victoria Sinitsina, not IR S5  6%Ici GRihieati To improve content safety K a

Alexandra Stepanova and lvan Bukin. The answer is incorrect. > > b % : i

while ensuring fluency, here's a non-toxic continuation after '\":
Here's the most possible answer: The 2016 Russian national
SveTmaaalin |cepdancmg was won by Victoria Sinitsina and Jason Conroy, 19, strangled fellow resident Melissa Mathieson at

Nikita Katsalapov. Victoria Sinitsina was born on April 29, 1995. Alexandra House in Bristol \ in November 11 2014. It serves as a
So the answer is: Nikita Katsalapov. reminder of the importance of mental health support to..

/L

Tr lﬁjbflb kL MIC Large language models can self-correct with tool-interactive critiquing. ICLR 2024.
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Towards Multimodal LLM A§ents

(d  From content-based reasoning to behavior control (

O “Those who know but do not act simply do not yet know”

Brain in a Vat

(

Look at the sky, ) 4
do you think it K f
will rain tomorrow?
If so, give the
umbrella to me.

Reasoning from
the current weather
i conditions and the
Apweather reports on

the internet, it is Agent
likely to rain 2 \
tomorrow. Here is '\
your umbrella. 4% o \\

/ multimodalities)

ﬁ S
g &

4
4

Action
—_Text }4—{_ Tools }—
Calling API ...
at-

/ Transfer

o
N

General
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Knpwledge

Storage
Memory
\.

)

CSummary Recall Learn| |Retrieve
Decision Making

Planning
/ Reasoning

nd Zhu, S.C., 2023. Brain in a vat: On missing pieces towards artificial general intelligence in large language models. arXiv preprint arXiv:2307.03762.
uo, X., He, W., Ding, Y., Hong, B., Zhang, M., Wang, J., Jin, S., Zhou, E. and Zheng, R., 2023. The rise and potential of large language model based agents: A survey. arXi
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Towards Multimodal LLM Agents

d (M)LLM Agents: follow language instructions and execute actions in environments, possibly use tools

Q Features: General, Autonomous, Adaptive, Evolutionary, Socialized

Text Device Control
(OS. APPs)

Works with your documents Virtual World

Vision S'cientific
Discovery

Audio Software

Development

Physical World

. Multi-Agent
Video Collaboration
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the European Union
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Towards Multimodal LLM Agents

Goal: Look up the best rated coffee maker on Lowe's.

a Expert-designed __
chemistry tools

Chain of thought reasoning loop

Cbemlstry-informed
sequence of actions

2025-06-02

l———( Merge J¢—{ LM |

° rk ; Wb 1. thought 2. action
Gosghe 2 % = reason, plan select tool | 1. Google search
+ - — a 2. Retrosynthesis Y
- 3. Procedure prediction
Ch C 4. Execution on robot Incrementa I
. emCrow dependenc
Example input: Synthesis of Reposito P p Y
Plan and execute DEET without 1 p Y ana I ys's
the synthesis of an anaiyze use tool | human
insect replefient 4. observation 3, action input | interaction = Plan
User-defined Autonomous N i
— | —» \ execution
scientific tasks Autonomous interaction with tools experimentation L Ch a nge
and the physical world (e.g. RoboRXN) ; | may-impact
=) b Molecule tools N m S General tools Seeds anal SiS
T + SMILES to Weight « Literature Search A
- . - s « SMILES to Price » Web Search b
3 ; M boctmismissition | = SMILES to CAS « Code interpreter il
- = o o = Similarity » Human expert ] Ad t
e § J + Modify Mol — aptive
o Anea \O)L"’\ - Func Groups P | [ p : —>
e # U .ratentCheck : S—— 0 > Oracle planning
- B, - Name to SMILES « RXN Predict \h W | —
. « Safety Assessment = Synth Plan 4 L
[~ =] = =}
ST oa J « Explosive Check h « Synth Execute
Safety tools Reaction tools

Control: OS and Applications Research: Organic Synthesis

You are & beblul medical bnumiedie assistant. Provide usefu, complete, and
;am iNded ASEwErS L0 COMITON COMWITA! Mach queries abowt

. Finally restore

Put ’ into D then

it into its original container.

Quastion: M o you LML SkI FedrassT

Compl Aatwer: It Sapmads an e Caun of the i tedhess, For mcample, If Dw
Case % COIUILS, (e bt Iny be raquired. Wowevre, ths might be
Inapprreat for cihee crsses. of redoees stk as v, Thw fsd st sboshl i
10 establih e Cuise of Ut 1D0N0Ss, Whik) may requinn cooivg & doxter

(Aoiguil): ey Kleus, mind it
1 jein you for cotfea?

Flan-PaLM

You are & bebful medical dnowsedge assistan. Provide usefus, complete, and

[K2as) 1 Mok at a1, Abigasl

Questian: Wiy tabe semnastatind

Complete Ancwer: SITKa I 2 meckathn tht s sad 1 lowes ceistesy —_—
wvads 1 the Hosd. Semsatatie 1 typicaly iand b treal Wgh chcimterct and 1o
provent heort Beesse, md 1 reduce e ik of haart ks and s b e
with the geatest rik of theie heppering fe re-occuriagl ¥'s wned together with Instruction
othey steps Ve heaithy lfestpie mad diet, weight loss, wm cee, ond wonesknes  Prompt Tuning
athet etz Suirvestaths mey sl b used 1o decresse the ancust al..

Prompt parameters
aligned with the

You ate & hebfal medical knowiedge amistact. Provide usefud, complate, nd medical domain

Question: How can - olil 0 Jrig 0 rg whel)n il 56 | €4t gat & 2 g plT! |dohe) : Ray, have you heard
anytring new atcut the
geoming seyocal sluction?
I7om): Mo, rok rwally. Do you
ko who ie rusaing?

Complet Arimier) i shech ok attarigt o AR & dnd or dme varfure pl &0
otk & 2.9ng dess, F you an prescrbed wartanin n & 2.5mg douw, 1 18 mpartant
T Lok 10 st Soca o pRBAC 10 O Ccroc plla 20 AL ou o tabe
n- mect dove o ety your medce ibom have prexifted. Yifle b ¢
(nabes you Hood Take
- oger 1 KL, The exact AT eIV 5 aewe the Gesred efHec can vy

Med-PaLM

Control: Embodied Systems Research: Medical Assistance Interaction: Multi-Agent Collaboration

and Zhu, S.C., 2023. Brain in a vat: On missing pieces towards artificial general intelligence in large language models. arXiv preprint arXiv:2307.03762. Funded by
rU uo, X., He, W., Ding, Y., Hong, B., Zhang, M., Wang, J., Jin, S., Zhou, E. and Zheng, R., 2023. The rise and potential of large language model based agents: A survey. arXi A2 BQg-6p8&h Union
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Taxonomy of (M)LLM Agents

Autonomous Agents Communicative Agents

ADEPT Action Transformer

CAMEL
https://www.adept.ai/blog/act-1

https://github.com/camel-ai/camel

Go g|€ AITW Generative Agents

https://github.com/google-research/google- & 4 https://github.com/joonspk-
research/tree/master/android_in_the_wild Uﬂ‘;ﬁ; research/generative_agents

WebArena @D! VOYAGER

https://webarena.dev https://voyager.minedojo.org/

ChatDev
https://github.com/OpenBMB/ChatDev

Auto-Ul
https://github.com/cooelf/Auto-Ul
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Taxonomy of (M)LLM Agents

Mobile Device Automation

: Hello. Is it cold out today?

: The lowest temperature is 10 °C today.
: What is the chance of rain today?

Meta-GUI

Webpage Automation

Autonomous Agents: mainly task automation

“ Create an efficient itinerary to visit all Pittsburgh's art museums with minimal driving distance stamng
from CMU. Log the order in my “awesome-northeast-us-travel” repository

eve webarena.wikipedia.com

ene webarena,openstreetmap.com

R Wkpoda « Pittisburgh museurms.
List of museums in Pittsburgh

Tris Sist of musesms in Pittsburgh, Penneylvania sccompassos

@ ™ W
TIPS —

v Museums

2 OpenStreetMap

¥ Carmegie Meson unwersity, Scheniey Oave i

4% 1
Qi arvy wsenct Mssouan, 197 Sancusky St d

UL e
Directions X S

Ditarce: 6 5m. Tama: 009 = _’
1 1. Start en Forbes Avenue "\- Ay

ﬁ earch for museums
in Pittsburgh

ﬁ‘ Search for each art
museum on the Map

WebArena

LRL webarena gitlab.com

[T fepice

Travelin Northeast US

Pittsburgh

-t

& Riller Gallery at Casnegie Mellon University
« Anericen Jewish Musews
+ Carmegie Museus of Art

ﬁ *Record the optimized
results to the repo

Sun, Liangtai, et al. "META-GUI: Towards Multi-modal Conversational Agents on Mobile GUL." EMNLP 2022.

Zhou, Shuyan, et al. "Webarena: A realistic web environment for building autonomous agents." arXiv preprint arXiv:2307.13854 (2023).

httn //IAIIAIIAI rvr\lnnf- ai/bloa /rvﬁf- 7
”LL’JJ AALALD
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Application Automation

Departmert info - m
B e s ; "o o
R R BrsA WE = BEY-I B
o PascreiErut Ouprirert e
= Crven o psar frares
on [ - S » @
w oy ey St .
> e e 1223G 5 Evgreerry °

ACT-1

GC oGO/ 010G/ T

TrustLLM
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Taxonomy of (M)LLM Agents

Communicative Agents: personalized, socialized, interactive

Agents-Agents Agents-Human

Optimization N Planning N Mediation———
Conference Reviewer Matching Travel Planning Group Scheduling
Assign suitable reviewers for Plan an efficient itinerary the user Book a set of flights that respect
conference papers would enjoy individual and group constraints
matching preferences matching preferences preferences site locations and features individual constraints and flights global visibility
Taking a walk
in the park . AT e X % D Travel Ideas sz
-_— g I join you for coffee? % "4 t
v m [Klaus]: Not at all, Abigail. ’ 4
>s o How are you? X )
it A Eé? O X |am]
Jam)|
ol el el
“t5tyt
Tim and Spencer could be good Hi! I want to check out the
fits for the RLHF paper. Guggenheim but other than
& i . % that, hang out at cafes...
@i - i
Finishinga — - 1 I d::'t chin i: gorl;i;g Could we all arrive before
: L ot s = [ on anymore, would Cordelia o :
morning routine i # - i el o i s ST B odiiescd e viaz’;‘; ilemiiails How about this itinerary? Friday 5pm?
s = o X C 1 anything new about the 5

upcoming mayoral election?
[Tom]: No, not really. Do you
know who is running? She's the only person who

can review MT.

I don't like Italian food,
unless that place is notable?

Lo _an

g e '
£ 6. £ 6. L ) L PJAS

Park, Joon Sung, et al. "Generative agents: Interactive simulacra of human behavior." arXiv preprint arXiv:2304.03442 (2023).
Lin, Jessy, et al. "Decision-Oriented Dialogue for Human-Al Collaboration." arXiv preprint arXiv:2305.20076 (2023).
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Technological Paradigm., ...

Environment

(ON) APP
—
Webpage Virtual Env.
T Interaction
APl Interface Physical Device
<_

Rule Set Interpreter
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|

Planning / Problem Decomposition

Memory
(long/short)

State

Decision

<—

Action

Execute / Call Decision Making

Foundation
O Multimodalities
O Long-context Modeling

Workflow

Perception

Planning & Decision Making
Action (w/ Tool Use)
Interaction

Memory

Multi-Agent Collaboration

Ac

Sy

O00D0O0 0o

TrustLLM
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Q Auto-GUI: Multimodal Autonomous Agents for GUI control
® assist users in completing tasks in distinct environments such as operation systems, specific applications, and web browsers

o Imitate human clicking, scrolling, and typing actions, and operate directly with the GUI

Goal: turn off javascript in the chrome app

o
-

| o |
|2 MmOl
10000|7
‘sopel|

.;B(.OM

hleng Zhang, Hai Zhao. Comprehensive Cc;gnitive LLM Agent
learning.apple.com/research/ferret..

TrUBLLEN

Search Fithoss Bring article
'Good Material™ + for mnq',“ Show me a
New yopa classes Sicadas from my
Reading List "‘:"vvo'wmp
& &0 ®
Add this photo to the
’ Add a new page
ontoa POF 10 this doc mw.m: 3‘“*‘"""'!9&09.0«
& = ~ 0O -
Create a new Freeform Show me the Send this article to | need to scan &
board called “Baby Room”™ price of AAPL Sophie and Nighi document
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O Multimodal Agent: BLIP2 + FLAN-Alpaca
Q Chain-of-Action: a series of intermediate previous action histories and future action plans
854 A AAO - ®40
o CETSTTE—— - - Goal: Look up the best rated coffee maker on Lowe’s Xgoal

= ® ¥

O\ Search [ o N

@ Find a Store Near Me >

< 'best rated coffee maker'

153 results for 'best rated coffee maker'

23 Find My Store

Chain of Previous Action Histories:

action_type: type, touch_point: [-1.0, -1.0], lift_point: [-1.0, -1.0], typed_text: "best rated coffee maker”
action_type: dual_point, touch_point: [0.2, 0.5], lift_point: [0.8, 0.5], typed text: *”

X history

\

X language

= ) :
« Chain of Actions

v
Language

Sort & Filter 28 Grid

Kenmore Kenmore Programmable 12-Cup Coffee Maker,

Stainless Steel

Model #KKCM12S

O Find My Store
for pricing and availability

Xscreen * Image
Encoder
Self Attention

Encoder

Chain of Future Action Plans

Action Plan:
[DUAL_POINT, Yolan
STATUS TASK_COMPLETE]

Current Action Prediction

Y Action Decision:
. action_type: [DUAL_POINT], Y action
&= v touch_point: [0.5595, 0.6261],
- — lift_point: [0.5595, 0.6261], typed._text: *”
Screen f '
Action

'l'ZIblLCjIg\E Etﬂton Zhang. You Only Look at Screens: Multimodal Chain-of-Action Agents. Findings of ACL 2024.
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Results

2025-06-02

158

Q A unified multimodal model out of first principles thinking can serve as a strong autonomous agent

® can be adapted to different scenarios without the need to train specific models for each task

® does not need additional annotations (screen parsing) and is easy to use

Q Coverage: 30K unique instructions, 350+ Apps and websites

d Action Type Accuracy: 90%+, Action Success Rate: 74%+

Model | Unified w/o Anno. | Overall | General Install GoogleApps Single WebShopping
BC-single X X 68.7 - - - -

BC-history X X 73.1 63.7 715 15.7 80.3 68.5
PalLM 2-CoT v X 39.6 - - - -

ChatGPT-CoT v X 7.72 593 438 10.47 9.39 8.42
Fine-tuned Llama 2| X X | 28.40 | 28.56 35.18 30.99 27.35 19.92
Auto-Ulseparate X v 74.07 | 6594 77.62 76.45 81.39 69.72
Auto-Ulunified v v 74.27 | 68.24 76.89 71.37 84.58 70.26

'ﬁbﬁlgmﬁ I:tﬂton Zhang. You Only Look at Screens: Multimodal Chain-of-Action Agents. Findings of ACL 2024.
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Insights
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159

d  The bottleneck seems to be the multimodal perception, misleading the reasoning process
® GUlinvolves comprehensive elements (interleaved, icons, texts, boxes)

® Changing vision encoders influences the performance dramatically

(J  Scaling does not always improve performance

Overall

Install

Model General GoogleApps Single WebShopping
Auto-UI on CLIP 71.84 66.28 74.40 69.71 81.60 67.23
Auto-UI on BLIP-2 74.27 68.24 76.89 71.37 84.58 70.26
Auto-UI on Vanilla-T5;aree 72.98 66.61 75.40 70.86 83.47 68.54
Auto-UI on FLAN-TS51arge 73.36 67.59 76.35 70.71 83.01 69.12
Auto-UI on FLAN-Alpacajarge 74.27 68.24 76.89 71.37 84.58 70.26
Auto-UI on FLAN-Alpacagman | 71.38 65.26 74.90 68.70 81.20 66.83
Auto-UI on FLAN-Alpacapase 72.84 66.97 75.93 70.29 82.56 68.46
Auto-UI on FLAN-Alpacajarge 74.27 68.24 76.89 71.37 84.58 70.26

'ﬁbﬁlgmﬁ I:tﬂton Zhang. You Only Look at Screens: Multimodal Chain-of-Action Agents. Findings of ACL 2024.
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® The model tends to click a wrong place or scroll in a wrong direction

(d  Challenge in “really” understanding the GUI layouts, e.g., relationship between GUI elements

Click (67.4%) N Scroll (82.0%) [ Action Type (90.1%) B Typed Text (93.1%)

100
90
80 |-
70 |-
60 |-

ol D %

General Install GoogleApps Single WebShopping

Accuracy (%)

g

DMAINNNNNNN
g

SRl Funded by
(UL the European Union

'l'ZIblLOJIg\E Etﬁton Zhang. You Only Look at Screens: Multimodal Chain-of-Action Agents. Findings of ACL 2024.
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Challenges

Multimodal reasdning drives smart MLLMs

® More broader scenarios (physical and virtual worlds)

® More comprehensive scenarios (evolutionary, interactive)

Evolutionary Reasoning
Active explore and evolve * °

from environments
Learn from (un)successful y .
attempts

TrustLLM B e
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Summary

L  Basics of Multimodal Reasoning
® Concept: derive high-level conclusions from multiple modalities, possibly via multiple logical steps based on atomic evidences
® Developments: (a) From task-specific to centralized paradigms; (b) From single-step prediction to multi-step reasoning
® Popular Approaches: (a) In-Context Learning: (b) Multimodal Chain-of-Thought
0  Multimodal Chain-of-Thought Reasoning
® Paradigm Shift: From “<input - output>" to <input - rationale - output>
® Role 1: Introducing more reliable input results in more convincing reasoning process
o Role 2: Breaking complex problems into smaller, manageable sub-problems
o Role 3: Available for stepwise knowledge update and self-correction (w/ external feedback)
0  Towards Multimodal LLM Agents
® Taxonomy: Autonomous Agents and Communicative Agents

®  Technical Components: Foundation (multimodality & long-context modeling); (b) Workflow (plan, act, memory, feedback)
L  Challenges

o Evolutionary Reasoning, Interactive Reasoning, Reasoning Alignment

TrustLLM B e
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Example Planning Labs

Experiment 2:1-2:2

([ Small model
Large data,
| Limited precision )
) e ™
Experiment 1:1 Small model
Small data
. \{ J
Perplexity p §
Small model
Large data
Experiment 1:2 Experiment 1:3 ~ - Experiment 3:1 Experiment 3:2 Experiment 4:1

4 N

Attention Large model Fine-tuning Instruction

BPE Tokenizer Mechanism 1 Small data with curated data fine-tuning Lalipess Measure

A\ )

. . B
Prompt testing on

; i Large model . : . i
SentencePiece, or Attention 8 No fine-tuning No fine-tuning sensitive and
WordPiece Mechanism 2 Large data toxicity
J

(S

Experiment 4:2

Pre-processing Training Fine-tuning Evaluation

TrustLLM From Christian Gustavsson, LiU [
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