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.2 ____________________________________________________________________
Assignments for This Coming Week

Project proposal due today. Meet with me at 4-5pm if you want feedback.

| want to meet every group at least once regarding their project ideas either today
or this Thursday.

Compute credits: 40 x S50 Kimi credits, 40 x S40 other credits.

HW?2 released last week, due next Wednesday 3/4.
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Today’s lecture

Basics of multimodal interactions and fusion

Early, intermediate, late fusion
Multiplicative and dynamic fusion

Quantifying fusion

ONONONO,
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[credit: some slides in this lecture were co-developed with Louis-Philippe Morency for CMU course 11-777] intelligence



Multimodal Fusion

Definition: Learn a joint representation that models the multimodal
interactions between individual elements of different modalities.

A ©

Fusion with abstract modalities: Fusion with raw modalities:

\

Modality A SRR Modality A

Homogeneous I m HEEN Heterogeneous [T11]
) O

Modality B [EIEEN Modality B

[original slide co-developed with Louis-Philippe Morency for CMU course 11-777]



Multimodal Interactions

Interactions: How modalities combine to provide information for a task.

This movie is great! M ok A
o ) /> ) &4+

Modality1 X3

Y Task
Redundancy: Shared by

both modalities and task

Modality2 X5
I | Iiﬂt"éff%%%sc%”



Multimodal Interactions

Interactions: How modalities combine to provide information for a task.

The movie does a + N
good job developing ... > @ 2

Unique to modality 1 X1
and task Y
Y

Unique to modality 2
and task Y
X2
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https://thenounproject.com/icon/neutral-face-2970698/

Multimodal Interactions

Interactions: How modalities combine to provide information for a task.

\
=
/

X1

Y

Synergy: Emerging information
from multimodal interaction
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Fusion with Abstract Modalities

Modality A A\ encoder
Closer homogeneity HEEE
Modality B @ encoder

Example:

CNN, VIT

mage

[TTT1
(T TT]
Language  “happiness” encoder
l

Word2vec, BERT,.

multisensory
intelligence

ey Unimodal encoders can be jointly learned with fusion network, or pre-trained I-l-l
|

[original slide co-developed with Louis-Philippe Morency for CMU course 11-777]



Early and Late Fusion

Early fusion:

\
Modality A (I
X4

> LTI ©)
Combination

Modality B (NN
Xp J

Late fusion:

\
Modality A SIS
Modality B [HiEEN Predicti
/5 = ,
multisensory

[original slide co-developed with Louis-Philippe Morency for CMU course 11-777] I I I intelligence
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Basic Concepts for Fusion

Modality A x— Goal: Model cross-modal interactions
A y_ between the multimodal elements
Modality B (SIS w=y Let's study the univariate case first

XB |—>(on|y 1-dimensional features)

Linear regression:

=wy +WwWixs +Woxp +wa(x, Xx,) +€
0 T Wi1Xy 2Xp T W3lXg X Xp)

Y Y
intercept Additive Multiplicative  error
(bias term) terms term  (residual term)

I I I multisensory
[original slide co-developed with Louis-Philippe Morency for CMU course 11-777] intelligence



Linear Fusion Case

[ N

300 book reviews y: audience score
X 4- percentage of smiling

X g professional status
(O=non-critic, 1=critic)

J

Linear regression: .
W, average score when x, and xz are zero

y =Wwp + wixy + wyxp + ws (x, X xb)j‘l' e <

wy . effect from x, variable only
Y Y
intercept Additive Multiplicative  error _ :
(bias term) terms term  (residual term)| V2 effect from x; variable only
wy: effect from x, and x interaction only

e: residual not modeled by w,, w;, w, or wy
.

[original slide co-developed with Louis-Philippe Morency for CMU course 11-777]



Linear Fusion Case

@ )

300 book reviews y: audience score
X 4- percentage of smiling

X g professional status
(O=non-critic, 1=critic)

)

Linear regression:

YV = Wy +|W{Xy + €
slope
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Linear Fusion Case

@ )

300 book reviews y: audience score

X 4- percentage of smiling

X g professional status
(O=non-critic, 1=critic)
v

\_
Linear regression:
Y = Wy H|W{X4 +[WyXxp + € -
" (R TENE t N{ A— Wy 5.29
0 L T s _oriti Wy 1.19 Positive effect
Y 7 W, —1.69  wm Negative effect
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Linear Fusion Case

@ )

300 book reviews y: audience score
X 4- percentage of smiling

X g professional status
(O=non-critic, 1=critic)

)

Linear regression:

Y =wo + Wids + WoXp + Walxa X xp) + € I

is_critic Wl 0 " 6 8
Y 2 w,  —2.94 -
- 199 = Multiplicative

interaction!
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Basic Concepts for Representation Fusion

Modality A (N ) Goal: Model cross-modal interactions between the
XA multimodal elements
) o
Modality B x_ ) By Let’s study the univariate case first
B

I—» (only 1-dimensional features)

Linear regression: @ Additive interaction:
Z = W1X4 + WyXp + €
Z = W + W1 X4 + WrXp + Wg(xA X xb) + €

\ ) \ J

Y N | @ Multiplicative interaction:
constant Additive Multiplicative error
terms term z = ws(xg X xp) + €

@ Additive and multiplicative interactions:
Z=wiXs+wyxg +ws(xy Xxp) +€

[original slide co-developed with Louis-Philippe Morency for CMU course 11-777]
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Additive FUSiOn hly Back to multivariate case!

L» (multi-dimensional features)

\
Modality A (I
X4

[(TTT]
VA

Modality B (IR
xB )

With unimodal encoders:

Modality A A encoder X | )

Ja m—
VA

Modality B @ PEircs) HEEN

fs /

[original slide co-developed with Louis-Philippe Morency for CMU course 11-777]

Additive fusion:

Z = WXy + W-rXp

Additive fusion:
Z = fA(A) +fB(‘)

. It could be seen as an
ensemble approach
(late fusion)
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Multiplicative Fusion

\
Modality A (I
X
| o
Z

Modality B (I
Xp /

\

Modality A (I
X
A -
Z
J

Modality B IR
XB

Multiplicative fusion:

z=w(x, X xg)

Bilinear Fusion:

Z = w(x!xp)

H

multisensory
intelligence
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Tensor Fusion

bimodal

Modality A I
XA

Modality B (RN~
XB

Modality A [EIEEE:]
XA

Modality B (IR
XB

Modality C (N ]
Xc

trimodal
(multiplicative)

bimodal
(multiplicative)

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

dditive (multiplicative)
Tensor Fusion (bimodal):
1 T
Z

1"-[xg 1]

\_

... but the weight matrix

may end up quite large!

\

J
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Low-rank Fusion

Visual P P | - + " D ]
Low-rank 1 L\ w W@ i =) |
Fusion M TP 1
Language > >
B R
i‘ 1k -; i 1 —
\k‘ w® W ® w 2 /
Visual —>
Tensor 1 _1
Fusion m ?
Language —_— | ||
1
[Liu et al., Efficient Low-rank Multimodal Fusion with Modality-Specific Factors. ACL 2018] I I I multisensory
intelligence

[Hu et al., LoRA: Low-Rank Adaptation of Large Language Models. ICLR 2022]



Low-rank Fusion

multisensory

[Liu et al., Efficient Low-rank Multimodal Fusion with Modality-Specific Factors. ACL 2018] I I I
intelligence

[Hu et al., LoRA: Low-Rank Adaptation of Large Language Models. ICLR 2022]
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Low-rank Fusion

multisensory

[Liu et al., Efficient Low-rank Multimodal Fusion with Modality-Specific Factors. ACL 2018] I I I
intelligence

[Hu et al., LoRA: Low-Rank Adaptation of Large Language Models. ICLR 2022]



Low-rank Fusion

W

T

S .|
~
[\
—~/

~

V)

[Liu et al., Efficient Low-rank Multimodal Fusion with Modality-Specific Factors. ACL 2018]

[Hu et al., LoRA: Low-Rank Adaptation of Large Language Models. ICLR 2022]
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Gated Fusion

\\

E

4

Modality A (NI &
XA

Example with additive fusion:

m [TTT] z = ga(x4,Xp) - X4 + gp(Xa, Xp) * Xp
Modality B \'\DEEE ® g z

XB
\» / ) sy g, and gz can be seen as attention functions

=3

ModaliyA IIEE ® @
(T - Gating output can be one weight
VA
J

ModalityB DEEE & N for the whole modality

oo

I I I multisensory
[Arevalo et al., Gated Multimodal Units for Information Fusion. ICLR-workshop 2017] intelligence




Gated Fusion

Inﬁut - 25 — H

“Neural network designed to mask unwanted
signal from propagating forward” (gating)

What should it be? ...or with a more positive view:
“Neural network designed to select preferable
Target modality (IR signal to move forward” (attention)
Other modality (RN — t
. asler 1o compute
Soft attention -> H derivative (gradient)
All modality
(1TTT1]

Hard attention — H Derivative is harder (e.g.,

use reinforcement learning)

I I I multisensory
[Chen et al., Multimodal Sentiment Analysis with Word-level Fusion and Reinforcement Learning, ICMI| 2017] intelligence



Modality-Shifting Fusion

Primary shift
modality DR s— . HN | HEEE
X4 Z
EEEm |
Secon.d.ary Xg W oot
modalities T
xC S

Example with language modality:
Primary modality: language

Secondary modalities: acoustic and visual

[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]



Nonlinear Fusion
Nonlinear fusion:
j\’ = f(xA;xB) € Rd

where f could be a neural network
or any nonlinear model

Modality A SN

XA = This could be seen as early fusion:

y — f([xA'xB])

Fusion +

prediction

Modality B [EIREN
XB

[ ... but will our neural network learn the nonlinear interactions? ]

I I Imulti_sensory
intelligence
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Measuring Non-Additive Interactions

Nonlinear fusion:
Modality A NN

X4 _ y = f(x4,xp)
Nonlinear
fusion
Modality B (N Additive fusion:
1B y' = fa(xy) + fp(xp)
LXMERT i ernel svMm
Projection from nonlinear to additive (using EMAP): Net'\:\~
- e S
~ 7@ ‘ N
Fa x5) = E[f (xa, xp)] + E[f (x4, %5)] ONe @
.X'B xA Empirical Ill\: I.Anm(;aglelﬂext;n;emble \
Multimodalivi Multimodally-additive

I

C e 1
BrOlection 9 = falxa) + fuxs) 1)

\

I I I multisensory
[Hessel et al., Does my multimodal model learn cross-modal interactions? It’s harder to tell than you might think! EMNLP 2020] intelligence



Measuring Non-Additive Interactions

Nonlinear fusion:
Modality A NN

XA

Nonlinear

j\’ — f(xAi xB)
fusion @

Additive fusion:
= falxy) + fp(xp) + 1

Modality B [
XpB

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

Nonlinear ¢mm Neural Network
Polynomial == Polykernel SVM 91.3 74.4 81.5 — 80.9

Nonlinear ¢== FT LXMERT
Nonlinear == |, + Linear Logits 53 4 /64.1\ /75.5\ Always a

Additive ¢ Linear Model \90.4 / \72 8/ \80 9/ (51 3l £63.7l (75.6} \76 1 /™ good baseline!

Best Model 91.3 74.4 81.5 534 64.2 75.5 80.9
L + EMAP 91.1 74.2 81.3 1.0 64.1 75.9 80.7

I I I multisensory
[Hessel et al., Does my multimodal model learn cross-modal interactions? It’s harder to tell than you might think! EMNLP 2020] intelligence



Non-Additive Interactions

|dea: prioritize simpler interactions

Unimodal Bimodal Trimodal
(additive) residual (non-additive) residual (non-additive)
Multimodal Pl N
Residual - | £(y, Juni) | H LG = T I0) [t LG Tuni = Tod) Iert)
Optimization ) l
Yuni 0o Vi 0o Veri — @
NP3 L)l | (]
B AR RN
XB
[T xc W X Xp WY
Xc

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



Summary: How To Multimodal Fusion

I Definition: Learn a joint representation that models
cross-modal interactions between
)\ individual elements of different modalities

A ©

Homogenous
modalities

Heterogenous
modalities

I I Imulti_sensory
intelligence

Late fusion

Additive fusion
Multiplicative fusion
Tensor fusion
Polynomial fusion
Gated fusion
Maodality-shift fusion
Nonlinear fusion

Very early fusion
Dynamic early fusion
Heterogeneity-aware
Improving optimization
Improving robustness




Assignments for This Coming Week
Project proposal due today. Meet with me at 4-5pm if you want feedback.

| want to meet every group at least once regarding their project ideas either today
or this Thursday.

HW?2 released last week, due next Wednesday 3/4.
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