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Upcoming Course Assignments

Week 3 Reading Assignment (due Friday 9/11 at 8pm ET)
= Two papers: a first about unimodal and a second about multimodal

Proposal, aka First Assignment (due Sunday 9/20 at 8pm ET)
= Literature review of your research problem
= Second revision of your research ideas (i.e., top-down approach)

Coming soon: Proposal presentations
= No lectures on Tuesday 9/22 and Thursday 9/24
= Each team will schedule a 15mins timeslot
= 5 mins presentations + 10 mins discussion
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Attendance using Poll Everywhere

1) Scan QR Code
or

https://pe.app/mmml

2 ) Enter your Andrewl|D

(as your “name tag”)

[ x Do not try to sign-in ]

3 ) Click "Share location”
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Objectives of today’s class

= Representation fusion
= Additive and multiplicative fusion
= (Gated fusion

= Representation coordination

= Coordination functions
= Kernel similarity functions
= Canonical correlation analysis

= Contrastive learning

= [nformation, entropy and mutual information
= Representation fission

= Factorized multimodal representations

= Clustering and fine-grained fission
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Representation Fusion



Additive Fusion

\
Modality A [N
XA

[TTT]
Z

Modality B (RN
Xg

With unimodal encoders:

Modality A A encoder A |
fa

Modality B ‘ encoder X
/B
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\

J

Additive fusion:

zZ = Wle + szB

= 1-layer neural network
can be seen as additive

Additive fusion:

z=f(M)+ fz(®)

wsp It could be seen as an

ensemble approach
(late fusion)




Multiplicative Fusion

\
Modality A [N
XA

Simple multiplicative fusion:

[(TTT]
VA

Z = W(xA X xB)

Modality B [HIEEN

xB J
Modality A [N )
odality po Bilinear Fusion;
A Bilinear
Z=W(x, - xp)
Modality B (RN 7
xB J

Jayakumar et al., Multiplicative Interactions and Where to Find Them, ICLR 2020
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Tensor Fusion

UNiModes bimodal
(additive) (multiplicative)

Modality A -Il

Tensor Fusion (bimodal):
X4

Z=w(x, 1]"-[xg 1]

Modality B -Il
XB

bimodal
(multiplicative)

Modality A -ﬂ
XA

N

. but the weight

unimodal matrix may end
up quite large!

Modality B (IEEE]
XB

Modality C 1]

Xc 7 trimodal
(multiplicative)

\§ J

Zadeh et al., Tensor Fusion Network for Multimodal Sentiment Analysis, EMNLP 2017
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Gated Fusion

Modality A _ ® H Example with additive fusion:
_ Z=gu(x4,xp) - X4 + gp(X4,Xp) - Xp
Modality B \ ' NEEE & H

Vs ) = g, and gp can be seen as attention functions
N
Modality A HIEE ® O
m (TTT] - ?attlrr:g om;tplut car(;I bﬁ one weight
ModalityB DEEE ® H Z or the whole modality
/

[Arevalo et al., Gated Multimodal Units for information fusion, ICLR-workshop 2017]
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Gating Module (aka, attention module)

Input =—»

|

What should it be?

signal from propagating forward” (gating)

H “Neural network designed to mask unwanted
—

...or with a more positive view:

“Neural network designed to select preferable

Target modality (RN signal to move forward” (attention)
Other modality (NN -
. asier to compute
Soft attention —-> H derivative (gradient)

[ All modality }

. Derivative is harder (e.g.,
Hard attention —> H use reinforcement learning)

[Chen et al., Multimodal Sentiment Analysis with Word-level Fusion and Reinforcement Learning, ICMI 2017]
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Modality-Shifting Fusion

Primary shift
: [T m— HEE 1TT11
modality
X4 Z
\
Secondary Xg .
modalities
[(ITT11
Xc J
Example with language modality: /i word: “expectations”
Primary modality: language LMY /@?Jf/ /e-shifted
Secondary modalities: acoustic and visual - ——=Ppieseniatio

-0.2 0.0 0.2 0.4

[Wang et al., Words Can Shift: Dynamically Adjusting Word Representations Using Nonverbal Behaviors, AAAI 2019]
[Rahman et al., Integrating Multimodal Information in Large Pretrained Transformers, ACL 2020]
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Mixture of Fusions

Modality A [N
XA

Modality B [EIEEE
XB

=> Gating can be with
soft or hard attention

[Zadeh et al., Multimodal Language Analysis in the Wild: CMU-MOSEI Dataset and Interpretable Dynamic Fusion Graph, ACL 2018]
[Xu et al., MUFASA: Multimodal Fusion Architecture Search for Electronic Health Records, AAAI 2021]
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Nonlinear Fusion

Nonlinear fusion:
j’\ — f(xA'xB) € Rd

where f could be a multi-layer perceptron
or any nonlinear model

Modality A [N

X4 =y This could be seen as early fusion:

y — f([xA'xB])

Fusion +

prediction

Modality B (I
XB

[ ... but will our neural network learn the nonlinear interactions? ]
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Measuring Non-Additive Interactions

Nonlinear fusion:

j’\ — f(xA'xB) - -

~rojeclon ¢

Modality A [N
XA

Fusion +
prediction

Additive fusion:
Yy = falxyq) + fp(xp)

Modality B [mmm
XB

LXMERT  \ornel sVM

Neural Net \ -———
O -~ RN
@ M
l/. @ Linear model \

X ® An image+ttext ensemble
Empirical / Multi dall dditi \\
Multimodally Multimodally-additive |
Additive | models |

. . I
Brojection 1§ = fy(xa) + f(x5) 11

Hessel and Lee, Does my multimodal model learn cross-modal interactions? It's harder to tell than you might think!, EMNLP 2020
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Measuring Non-Additive Interactions

Nonlinear fusion:
Modality A (SN R
xA Nonlinear y o f(xA’ xB) =rolection’?
fusion )
Modality B (RN Additive fusion:

B Y = fa(xy) + f5(xp)

Projection from nonlinear to additive (using EMAP):

f(xy xp) = E[f(xAle)] + E[f(xAIxB)]

fa(xy) IZ:::ZI f(xp)
dality £ Aodality B

/ | PN Py
Addaitive tusion

o 4

VIOQ:&

[Hessel and Lee, Does my multimodal model learn cross-modal interactions? It's harder to tell than you might think!, EMNLP 2020]
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Measuring Non-Additive Interactions

Nonlinear fusion:

Modality A [N
XA

Nonlinear

y = f(x4,xp) EMAP
@ !

fusion

Additive fusion:
= fA(xA) T fB(xB) + U

Modality B [mmm
XB

[[INT I-SEM I-CTX T-VIS R-POP T-ST1 T-ST2

Nonlinear é== Neural Network

Polynomial ¢s= Polykernel SVM 91.3 74.4 81.5 — 80.9
Nonlinear ¢sm FT LXMERT / \/ \/ \
Nonlinear == L, + Linear Logits 53 4 64.1 755,
/ \ / Always a
Additive és= Linear Model \90.4 / \72 8/ \80 9/ (51 3l (163.7) (75 6\1 \76 1)= good baseline!
Best Model 91.3 74.4 81.5 53.4 64.2 75.5 80.9 N aranc
‘ , + EMAP 91.1 742 813 1.0 641 759 807 & o crmall

[Hessel and Lee, Does my multimodal model learn cross-modal interactions? It's harder to tell than you might think!, EMNLP 2020]
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Learning Non-additive Bimodal and Trimodal Interactions

A : Unimodal Bimodal Trimodal
ldea: if\:g)rraltgiir?émpler (additive) (non-additive) (non-additive)
residual residual

Multimodal — S T\

Residual > [L(y; yuni)]_l'[ﬁ(y B yumis ybi)]_l' Ly — yuni B ybiiytri)

Vuni ol Vbi s Veri = @

Optimization

- @

Modality A [N

) I X4, Xc

>Z Xp, Xc

xAJ xB

L R

> Z xAixB'xCﬂ Yiri

Modality B [

148

Modality C I Xc y

[Wortwein et al., Beyond Additive Fusion: Learning Non-Additive Multimodal Interactions, Findings-EMNLP 2022]
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Representation
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Challenge 1: Representation

Definition: Learning representations that reflect cross-modal interactions
between individual elements, across different modalities

Sub-challenges:

Fusion Coordination Fission

A © A © A ©
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Sub-Challenge 1b: Representation Coordination

I_,I Definition: Learn multimodally-contextualized
representations that are coordinated
‘ ‘ through their cross-modal interactions

A ©

Strong Coordination: Partial Coordination:

Modality A EEEEI—_ Modality A ([ ——

; l

Modality B [ — Modality B [N —— [N
—
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Coordination Function

Zy Coordination function
Modality A A\ [EIEEER] Learning with coordination function:
fa
L= g(fA(A)rfB(‘))
Modality B . encoder
fB with model parameters 6,, 6, and 6;_

s Requires paired data
Examples of coordination function:
ZA ¢ ZB

1z4llllzg ]l

@ Cosine similarity:

9(z4,2p) = Strong coordination!

wsp For normalized inputs (e.g., z, — Z,;) , equivalent to Pearson correlation coefficient
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Coordination Function

Modality A A Loy

fa

Modality B . encoder

Ij:

Learning with coordination function:

L= g(fA(A)rfB(.))

with model parameters 6,, 6, and 6;_

Zp

Examples of coordination function:

@ Kernel similarity functions:

(24,25) = k(z,,25) 4+ Linear w9 All these examples bring
g\Zy,2p AZB | . el
» Polynomial relatively strong coordination
y E’éﬁf”e”t'a' between modalities
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Kernel Function

A kernel function: Acts as a similarity metric between data points

K(x,;,xj) = ¢(xl.)T¢(xj) — (¢(xi)» qb(xj)) B ¢(x) can be high-dimensional space!

: (=] 1.4 7
- ° . o
O O OO: O OO O 12 ] :e lo T ° ° °
e o 0" o e o ] (9 DAL ST W ¥ )
(=) ) 1 OO Lo '.!ni‘ ‘,‘*) e a0e o d’,
oo o e Lo
g ¢ () e (=) 5 0s - et e .t o
@ A [ ] |. ® @ g | e . eg
e L aaaands enee 0@ -9 ---- > o0 ‘
@ e . © @ 0.4 1
o 1% o 0 1 gl i
. adts, Sat
°, 1 ee g LR
O: QO @ 10 45 Lo
! v 0.0 05, Lo 05 00 0.5 .
1 abe| ' - X Label
\
Not linearly separable in x space Same data, but now linearly separable in ¢(x) space
™ -~ - Deacie i : . DD\ KAarm e
Radial Basis Function (RBF) Kernel
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Coordination Function

Coordination function

Modality A A [ELCE:
fa

Modality B . encoder

Ij:

Learning with coordination function:

L=g(f,(M), f: (@)

with model parameters 6,, 6, and 6;_

Examples of coordination function:

N

= i
2 | EF
> ,

L 4

Viewzy W

@ Canonical Correlation Analysis (CCA): P .
[(ITT]
argmax corr(z,, Zg) Ul
V:U:fA'fB

[TIT]
s CCA includes multiple projections, m
all orthogonal with each others A
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Correlated Projection

@ Learn two linear projections, one for each view,
that are maximally correlated:

(u*,v*) = argmax corr(uf X, v'Y)

u,v
e e L -

Two views X, Y where same instances have the same color

s Remember that X and Y consist of paired data



Deep Canonically Correlated Autoencoders (DCCAE)

XI YI
Text Image
) [ )
4
06 .. 00 < [ )
———5_.-—"|£ Dt TS
—————— > //.)., . ~~~~~~~~
,,,,,,,,, View H, T
Hy QO ---00 00 ---00JH,
Ul 114
CIEE 1) argmax corr(H,, H,) \
w.,| V.UW., W Y W
) X . »Y X’ y ) 'y
00 - 00 |
Text Image
X Y
Wang et al., On deep multi-view representation learning, PMLR 2015
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Multi-view Latent “Intact” Space

Given multiple views z; from the same “object”:

View Space Z;

N’\
L
&

Q
S‘s, \N T E

View Space Z,
@
A
'\l‘.x é’ I||' > > _Aj
3
57 adeds maip

Latent Intact Space

1) There is an “intact” representation which is complete and not damaged

2) The views z; are partial (and possibly degenerated) representations
of the intact representation

Xu et al., Multi-View Intact Space Learning, TPAMI 2015

Language Technologies Institute



Auto-Encoder in Auto-Encoder Network

Reconstructed Text Reconstructed Image
Z7(M,1) Latent Intact 7(M,2)
(T ) Representation )

2 . GLD H GL2) <,
N 99 - - 09 D) @ e ° B @ ) ( ]\
“ el O oo o i
\10‘56 SuuHy e Lo
el ee e i 2ella TN
4v@e-. 00 €99 e @9 o @8 . 09z9?
| Transformation Transformation |

GQ . Q G network network

00 --00) \ ,

Input Text Input Image
xM x(2)

Zhang et al., AE2-Nets: Autoencoder in Autoencoder Networks, CVPR 2019
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Gated Coordination

Gated coordination:
Modality A - ® 4 - zy = ga(xa,Xp) * X4

Zg = gp(x4,xp) - Xp

Modality B\ N & = 1117
\J\:B Zp msp Related to attention modules in transformers

/

More about it next week!
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Coordination with Contrastive Learning

Contrastive loss:

ey brings closer and
pushes negative pairs apart

Modality A A Loy

fa

Modality B . encoder 2@ |
Jj: Zp Simple contrastive loss:
Paired data: {A ., @} max{0, & +5im(zy, z5) — sim(zA,i,g_)B
(e.g., images and text descriptions) negative pair
A O
A 2
A © ‘
A 4 ~ositve pairs wsp Similar to hinge loss
«—> Negative pairs
A 5
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Example — Visual-Semantic Embeddings

Two contrastive loss terms:

fi I max{0, a + sim(z,, z}) — sim(z,, zy)}

[T + max{0, & + sim(zy, z] ) — sim(zy, z})}
Zy

Visual . encoder
(image)

Nearest images

m - bowl + box =

-

r vy

! m - box + bowl =
Kt

Kiros et al., Unifying Visual-Semantic Embeddings with Multimodal Neural Language Models, NIPS 2014

- white + red =
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Example — CLIP (Contrastive Language—Image Pre-training)

Language A [ELLL) Popular contrastive loss: InfoNCE

fL

N \
1 sim(z}, z})
Visual . encoder B L=_N210g[——,v . . l-B 7
(image) ZV i=1 Z =1 Slm(ZA' ZR)

fv

negative pairs

Positive and negative pairs: and
0o L — wp CLIP encoders (f, and f,) are
3 E R great for language-vision tasks
E "E L > L || LT | LT | LT | . LTy .
S& W - e O R0 msp Z; and z, are coordinated but not
= = identical representation spaces

[Radford et al., Learning Transferable Visual Models From Natural Language Supervision. ICML 2021]
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Multimodal Coordination — Information Theory

Language A

Information in both modalities
» Described people, objects, actions I
Visual . * [llustrative gestures, motion
(image) *
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Information and Entropy — Information Theory

Language A How much information in the modality?

X Information Theory Shannon. 1948)
Main intuition: *

X 1AA111A411.1.1" Information content I(x)

® Not very random... So, low information I(x)~

p(x)

x."“0,1,0,1,0,0,1,1,1,0,0,1”
® More random... So, higher information

1
I(x) =log (p( )> = —log(p(x))

Shannon, A Mathematical Theory of Communication, 1948
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Information and Entropy — Information Theory

Language A How much information in the modality?

X Information Theory . ....on. 1948)

Information content 1(X) = —log(p(X))

® For discrete alphabet X, then X is discrete random variable

Entropy: weighted average of all possible outcomes from X

H(X) = ElI(0)] = El-log(p(X))] == ) p(Nlog(p())

XEX

o Entropy can also be defined for continuous random variables
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Entropy with Two Modalities

If no overlapping But in most real-world scenarios
information modalities are inter-connected

Modality A A A teacup on the right of a laptop

in a clean room.

Modality B @

Statistical Semantic
Association Dependency Correspondence  Relationship
— laptop used for
A——O A0 A A—0O
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Entropy with Two Modalities

Modality A A

9

Modality B @

H(®)
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Entropy with Two Modalities

H(M)

Modality A A HA|®) Conditional entropy H(Y|X)

2/.\« H(Y|X) = —Ex y[logp(y|x)]
Modality B @ " H@| ‘)/ __ [ p(x,y)]
| . ]EX,Y log p(x)
H(®)

If X and Y independent, H(Y|X) = H(Y).
If X fully determines Y, then H(Y|X) = 0.
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Entropy with Two Modalities

Mutual information I(X;Y)

I(X;Y) = H(X) — HX|Y)

Modality A A

. PXY(ny)
= Fxy [l"gpxoc)“‘)g Pr(») ]
PXY(x;y)
Py (x)Py (y)

Modality B @

I(X, Y) — ]EX,Y llog

I(X;Y) = Dir(Pxy (x,¥) | Px(x)Py(¥))
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Multimodal Fusion with Mutual Information

Modality A A .
o /4
[TTT]
Z

Modality B @ )

Assumption?

Information present in both
modalities is most important
for the downstream task

Colombo et al., Improving Multimodal Fusion via Mutual Dependency Maximization, EMNLP 2021
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Contrastive Learning and Connected Modalities

Language A [ELLL) Popular contrastive loss: InfoNCE

fL

N o
1 sim(z4, zy)
Visual " M encoder X L= N log v —— 7
(image) fV ZV i=1 ijl Slm(ZA' ZB)

Connected modalities: CLIP focuses or
shared connections

r N unique
Modality A A\ -

shared Viutual information I(X:Y)
Modality B @ |
- - unique . [l Pyy (%, )

xy |108
Py (x)Py(y)

[Oord et al., Representation Learning with Contrastive Predictive Coding. 2018]

Language Technologies Institute




Representation
Fission



Sub-Challenge 1c: Representation Fission

Definition: Learning a new set of representations that
reflects multimodal internal structure such

>‘< as data factorization or clustering
A ©
Modality-level fission: Fine-grained fission:

Modality A A\ 111 Modality A A\
[(TT
Modality B @ EEEE Modality B (@
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Modality-Level Fission

Information primarily in language modality

« Syntactic structure
« Vocabulary, morphology

Language A

» Described people, objects, actions
* [llustrative gestures, motion

Information in both modalities I

Visual O

(image)

Information primarily in visual modality

» Texture, visual appearance
» Depth, perspective, motion
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Modeling Multimodal Interactions

Task-relevant unique information

I(A;Y|®)

N
Modality A A\

/Mutual information...\
 Modality B .)

6 I@A;Y)

Information theory as a
framework for modeling

) : . ...but without
multimodal interactions between \ ® /
input modalities and responses
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Modeling Multimodal Interactions

Task-relevant unique information

I(A;Y|®)

r 2
Modality A A\

Modality B
\_ Y .)

Task-relevant unique information

I®;Y|A)
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Modeling Multimodal Interactions

Task-relevant unique information

I(A;Y|®)

r 2
Modality A A\

Modality B
\_ Y .)

Task-relevant shared information
I(A;®;Y)

...but how to compute this
3-way mutual information?

Task-relevant unique information

I®;Y|A)
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Modeling Multimodal Interactions

Task-relevant unique information

I(A;Y|®)

Partial Information
Decomposition (PID)

I(A;®;Y)=R—-S

factorizes 3-way mutual
information into:

Task-relevant shared information
I(A;®;Y)
...but how to compute

3-way mutual information?
Task-relevant unique information

More details: I(®;Y|A)

Liang et al., Quantifying & Modeling Feature Interactions: An
Information Decomposition Framework. Neurips 2023

R: redundancy

S: Synergy
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Quantifying Multimodal Interactions

These interactions can be efficiently estimated — gives a path towards understanding interactions

Language: And he I don 't think he got mad when hah

I don 't know maybe. Sheldon :
= Its just a privilege to watch your
- 2 I Sy mind at work. AB@ 'stherea
e 2 ' Y | red shape
* Text : suggests a compliment.
§ y * Audio : neutral tone. . A ab_ove a
Acoustic: Eiusiindviie) « Video : straight face. circle?
2 VO
Sentiment Sarcasm VQA
R UUuw S R UpUuy S RUU; S
Language/Agreement Multimodal Transformer Multiplicative/Transformer

Also matches human judgment of interactions, and other sanity checks on synthetic datasets
They can also be used to choose most appropriate models.

[Liang et al., Quantifying & Modeling Feature Interactions: An Information Decomposition Framework. ICMI 2023]
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Factorized Multimodal Representations

e=x) |
ez | - )

=20t NC O en<lire
encoder I DUL NOW (10 elisule
/ proper ractorization?

Modality A A

Modality B @

Tsai et al., Learning Factorized Multimodal Representations, ICLR 2019
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A Generative-Discriminative Approach

Lo
zAI A
L=L,+L,+ L,
[ -

Modality A A

L, L,
g ®
Lo
,.

Modality B @

[ [

e=m) -] — =) e

Independent priors
for z,, zg and zy

Tsai et al., Learning Factorized Multimodal Representations, ICLR 2019
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Learning Task-relevant Unique Information

I 2 ) Maximize task-relevant unique information
[(Z;Y|®)

Y
I 1 ) Maximize task-relevant shared information

Can you please pass he cow? I (Z; ‘ ; Y) d nd I (Z;A ; Y)

I 3 ) Maximize task-relevant unique information

[(Z; Y| &)

[Liang et al., Factorized Contrastive Learning: Going Beyond Multi-view Redundancy, arxiv 2023]
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Fine-Grained Fission

How to automatically discover
these internal clusters, factors?

Modality-level fission: Fine-grained fission:

Modality A A\ Modality A A\

Modality B @ Modality B @
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Fine-Grained Fission — A Clustering Approach

\

_i_ 5 _ =_ =

o = i | — L
fferent objects

Audio ConvNet

Hu et al., Deep Multimodal Clustering for Unsupervised Audiovisual Learning, CVPR 2019
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Input Image

[ ]
-j‘> Localized activations for ¢
l ‘:1‘

Feature I\N/Iaps

Visual ConvNet — T H :::, /Li/” = /L T
/ et B - ol r = = R ==
EEEENE PN
> EEERR T IR EEanNe
g NN Neeil e —
\ i =_lal} =} = | = =) | !
ol W L | | | .| M [ J
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Discovers

Fine-Grained Fission — A Clustering Approach multiple
audio-visual
Unimodal Encoders Multimodal Fission correspondences

i @
>> " ... . >> ¢
Visual ConvNet
J Audiovisual
>>
\

Audio ConvNet

7 \_ Shared (0 Clustering Module

:> Explores different

shared spaces (clusters)

Hu et al., Deep Multimodal Clustering for Unsupervised Audiovisual Learning, CVPR 2019
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