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Why multimodal (MML) learning?

® Humans are MML learners

o vision, smell, touch, taste, sound, text, move,...
® |[sit possible to teach machine everything we know
with just one modality?
e Data is originally multimodal
o research articles, youtube, fintech, news, company
data, medical data, fitness data, ...




Why are we doing anything else, then?

Integrating (aligning) modalities has is hard

e Additional modalities add more noise, more
parameters, and require more knowledge and data

e Explainability, Generalization and Scalability is harder

e Why should you be interested:

o pretrained DL models allow for faster MML

o many open challenges

© many applications - it would change the world




What is multimodal (MML) learning?
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https://insights.daffodilsw.com/blog/multimodal-ai




Fusion module
Similarity

- Inner product: uv
Linear / sum

- Concat: W[u,v]
- Sum: Wu+Vv
- Max: max(Wu, Vv)

Multiplicative

- Multiplicative: WueVv
- Gating: o(Wu)oVv
- LSTM-style: tanh(Wu)eVv

Attention

- Attention: aWu+BVv
- Modulation: [au,(1-a)v]

Bilinear

- Bilinear: uv
- Bilinear gated: uWao(v)

- Low-rank bilinear: uU™Vv=P(UucVv)
- Compact bilinear: FFT™(FFT(¥(x,h,,s,))

oFFT(W(x,h,s,)))

https://web.stanford.edu/class/cs224n/slides/Multimodal-Deep-Learning-CS224n-Kiela.pdf




Where to place fusion module?
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fUSiOﬂ, but modah‘ty fusion is flexible. Fusion strategies using deep learning, by Huang et al., 2020 |



https://www.nature.com/articles/s41746-020-00341-z/figures/2
https://www.nature.com/articles/s41746-020-00341-z

CLIP (Radford et al., 2021) - contrastive

(1) Contrastive pre-training
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DALL-E, DALL-E 2, Stable Diffusion, Midjourney, LAION (+5B open dataset)



VILBERT (Lu et al., 2019) - discriminative
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VL-PTM

Text encoder

Vision encoder

Fusion scheme

Pre-training tasks

Multimodal datasets for pre-training

Fusion Encoder

Visual BERT [2019] BERT Faster R-CNN Single stream MLM+ITM COCO

Uniter [2020] BERT Faster R-CNN Single stream MLM+ITM+WRA+MRFR+MRC CC+COCO+VG+SBU

OSCAR [2020c] BERT Faster R-CNN Single stream MLM+ITM CC+COCO+SBU+Flickr30k+VQA

InterBert [2020] BERT Faster R-CNN Single stream MLM+MRC+ITM CC+COCO+SBU

ViLBERT [2019] BERT Faster R-CNN Dual stream MLM+MRC+ITM (&4 8

LXMERT [2019] BERT Faster R-CNN Dual stream MLM+ITM+MRC+MRFR+VQA COCO+VG+VQA

VL-BERT [2019] BERT Faster R-CNN+ ResNet Single stream MLM+MRC CcC

Pixel-BERT [2020] BERT ResNet Single stream MLM+ITM COCO+VG

Unified VLP [2020] UniLM Faster R-CNN Single stream  MLM-+seq2seq LM cC

UNIMO [2020b] BERT, RoBERTa  Faster R-CNN Single stream MLM-+seq2seq LM+MRC+MRFR+CMCL  COCO+CC+VG+SBU

SOHO [2021] BERT ResNet + Visual Dictionary Single stream MLM+MVM+ITM COCO+VG

VL-T5 [2021] TS, BART Faster R-CNN Single stream MLM+VQA+ITM+VG+GC COCO+VG

XGPT [2021] transformer Faster R-CNN Single stream IC+MLM+DAE+MRFR (@ @

Visual Parsing [2021] BERT Faster R-CNN + Swin transformer ~ Dual stream MLM+ITM+MFR COCO+VG

ALBEF [2021a] BERT ViT Dual stream MLM+ITM+CMCL CC+COCO+VG+SBU

SimVLM [2021b] ViT ViT Single stream PrefixLM C4+ALIGN

WenLan [2021] RoBERTa Faster R-CNN + EffcientNet Dual stream CMCL RUC-CAS-WenLan

VILT [2021] ViT Linear Projection Single stream MLM+ITM CC+COCO+VG+SBU

Dual Encoder

CLIP [2021] GPT2 ViT, ResNet CMCL self-collected

ALIGN [2021] BERT EffcientNet CMCL self-collected

DeCLIP [2021b] GPT2, BERT ViT, ResNet, RegNetY-64GF CMCL+MLM+CL CC+self-collected

Fusion Encoder+ Dual Encoder

VLMo [2021a] BERT ViT Single stream MLM+ITM+CMCL CC+COCO+VG+SBU

FLAVA [2021] ViT ViT Single stream MMM+ITM+CMCL CC+COCO+VG+SBU+RedCaps

P IVI D = 7 O M d a ta S Et Dataset Size Reference

. . Localized : COCO 328,124 [Lin et al., 2014]
COCO Visual G SBU captions : WIT RedCaps CCIi2M YFCC filtered :
= e : narratives : VG 108,077  (Krishna et al., 2017]
) > cC 3.1M [Sharma et al., 2018]
SBU IM [Ordonez et al., 2011]
W X LAION 400M https://laion.ai/laion-400-open-dataset/
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Table 2: Widely Used Pre-training Datasets



SimVLM (Wang et al., 2022) - generative
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CoCa (Yu et al,, 2022) - contrastive & generative

Captioning Loss image captioning &
multimodal representation

1on Multimodal

\4
S Text Decoder .
c}°¢ classification alignment Multimodal
I T / ’\ / Text Decoder

Image Unimodal ';,> Image Image Unimodal Image Unimodal
Encoder Text Decoder Encoder Encoder Text Decoder Encoder Text Decoder
image text image image text image text
» - ) Image Captioning &
Visual Recognition Crossmodal Alignment . :
C a (single-encoder models) (dual-encoder models) Mitmodal Undersiancing

(encoder-decoder models)

Pretraining Zero-shot, frozen-feature or finetuning




Multimodal Chain-of-Thought (Zhang et al, 2023)

----------- Language ----------
|  Question: Which property do these

. two objects have in common?

' Context Select the better answer.

: Options: = (A) soft (B) salty

B

/[ Output g

Rationale: Look at each object. For each object, decide if it has
that property. Potato chips have a salty taste. Both objects are
salty. A soft object changes shape when you squeeze it. The fries
are soft, but the cracker is not. The property that both objects have
in common is salty.
\Answer: The answer is (B).

.




Multitask training data (680k hours) Soguenco-ta-Sequencaiosming gy 2z 00 [me
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data2vec & data2vec? (Baevski et al, 2022; 2023)

How data2vec 2.0 works
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MERIOT RESERVE (Zellers et al, 2022)

Predict MASKed .Wt 5¢
text and audio

Joint Encoder (Transformer)
for all modalities and timesteps
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Figure 2: ® RESERVE architecture. We provide sequence-
level representations of video frames, and either words or
audio, to a joint encoder. The joint encoder contextualizes
over modalities and segments, to predict what is behind
MASK for audio a; and text w;. We supervise these predictions
with independently encoded targets: a; from the audio
encoder, and w; from a separate text encoder (not shown).
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Figure 3: Contrastive span training. Given a video with all
modalities temporally aligned, we MASK out a region of text
and audio. The model must maximize its similarity only fo
an independent encoding of the text w; and audio a;.



Instruction Relevance with LLMs Combined Skill Affordances with Value Functions

E Prompt Examples : -6 Find an apple 0.6
E : -30 Find a coke 0.6
-30 Find a sponge 0.6
How would you put _
table? -30 Pick up the coke 0.2
| would: 1.
-5 Place the apple 0.1
" 4
9 -30 Place the coke 0.1
-10 Go to the table 0.8 E Valtt:le
unction
LLM -20 Go to the counter 0.8 & 2
| would: 1. Find an apple, 2. ¢

Do As | Can, Not As | Say
Ahn et al, 2022) o (<




ImageBind (Girdhar et al, 2023)

A Jose] =) )) — Narally Aligned

Images Videos Text Audio Depth Thermal IMU ~ Bl e

Web Image Text -n Depth Sensor Data [/ - Web Videos .‘)))
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(
1) Cross-Modal Retrieval
Audio Images & Videos

<

Crackle of a Fire

o

Baby Cooing

Text

“A fire crackles while a pan of food is frying on
the fire.”

“Fire 1s crackling then wind starts blowing.”
“Firewood crackles then music...”

“A baby is crying while a toddler is laughing.”
“A baby is laughing while an adult is laughing.”

“A baby laughs and something...”
-

Q) Embedding-Space Arithmetic

@"))@

Waves




e

Multimodal self-supervised training Medical domain knowledge Flexible interactions

2 Literature Publications
1% + @
Clinical Knowledge Multimodal inputs‘
Images EHRs notes graphs and outputs
Reasoning with multiple Dynamic task specification
GMAI knowledge sources
me @ @ o @ @
Chatbots for Interactive Augmented Grounded Text-to-protein Bedside decision
patients note-taking procedures radiology reports generation support

https://erictopol.substack.com/p/generative-ai-and-the-new-medical
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https://mkai.org/artificial-intelligence-framework-reveals-nuance-in-performance-of-multimodal-ai-for-health-care/




Challenges of MML for Healthcare

e Data Sources - private, hard to share - federated learning

e Temporality - signifies a moment in time of a patient

® Missing values

® Skewness

® Interpretability, fairness, explainability

e Tracking various modalities to model complex human body
Resources

e Soenksen et al, 2022; Acosta, et al, 2022




AudiBERT (Toto et al, 2021)

Text biLSTM X

Audio biLSTM

Transformer Layer 12

Transformer Layer 1

Audio Embedding Architecture
(VGGish, SincNet, Wav2Vec)

Personal
Feature
Extraction

1

Audio Preprocessing
Text Extraction

Depression
Label

AudiBERT




b Molecules from 10 DBs

Molecular structure

Odor descriptors

Space of odor descriptors
» 118 odor descriptors

Modeling of molecular structure

+ 8,503 molecules » Skip-connection
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—- Transformer —-»

1. Skip-connection in GNN for over-smoothing
2. Fully-connected representation by Coulomb matrix for over-squashing
3. Positional encoding by Laplacian eigenfunctions

----------------------------------------------
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Figure 1: Overview of Mol-PECO. (a) Typical molecular structures and the corresponding odor
descriptors are shown as examples. (b) The main workflow of modeling quantitative structure-odor
relationship (QSOR). (c) The detailed model architecture of Mol-PECO and its three features: 1)
skip-connection in graph neural networks to alleviate over-smoothing, 2) fully-connected molecu-
lar representation by Coulomb matrix to suppress over-squashing, and 3) positional encoding by

Laplacian eigenfunctions.

Mol-PECO (Zhang et al. 2023) - olfactory




1-1. Feature extraction for protein sequence and structure  1-2. Feature extraction for Gene Ontology
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Future of MML

Modality-agnostic “foundation models” with versatile
discriminative and generative capabilities

Parameters sharing will be solved in better ways
End-to-end automatic alignment from unpaired unimodal data
Enhanced scaling (Aghajanyan et al, 2023)

Retrieval capabilities

More modalities (structured data, sensors & financial signals,
graphs) & more applications

Better evaluation and benchmarking (Barbarosa-Silva et al. 2022)




Resources

CMU Multimodal ML course
CVPR tutorial on Multimodal ML

UBC Multimodal Learning with Vision, Language and

Sound
Awesome MML

MML session by Microsoft Applied Scientist - Sep 21st

Virginia Tech Multimodal Vision

Stanford Multimodal Deep Learning lecture

Vision-Language Models



https://www.youtube.com/watch?v=6YsbpYSO_QM&list=PL-Fhd_vrvisNM7pbbevXKAbT_Xmub37fA&ab_channel=LPMorency
https://www.youtube.com/watch?v=helW1httyO8&ab_channel=ArtificialIntelligence
https://www.cs.ubc.ca/~lsigal/teaching20_Term2.html
https://www.cs.ubc.ca/~lsigal/teaching20_Term2.html
https://github.com/pliang279/awesome-multimodal-ml
https://www.oreilly.com/live-events/multimodal-machine-learning/0636920078965/0636920088621/
https://people.cs.vt.edu/chris/cs6804_spring2023/
https://web.stanford.edu/class/cs224n/slides/Multimodal-Deep-Learning-CS224n-Kiela.pdf
https://theaisummer.com/vision-language-models/

