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Administrative Stuff
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Second Project Assignment (Due Sunday 10/10)

Main goals:

= Get familiar with unimodal representations
= Learn about tools based on CNNs, word2vec, BERT, ...

= Understand the structure in your unimodal data
= Perform some visualization of the unimodal data

= Explore qualitatively the unimodal data
= How does it relate to your labels? Look at specific examples
Examples of unimodal analyses:
= What are the different verbs used in the VQA questions?

* What objects do not get detected? Are they important?
= Visualize face embeddings with respect of emotion labels
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Share Your Thoughts! https://forms.gle/ZUBcMZVi4Ttv2uQ66

Deadline

Please submit your
feedback about this
course before this
Sunday 10/3

Course Feedback - 11777 Fall 2021

Please take a moment to share with us your feedback regarding the course Multimodal
Machine Learning (11777 Fall 2021). We love to hear about how your feel related to the
course structure and content, so that we can adjust the course if necessary. Thank you for
your time!

| * Optional,
,, | but greatly appreciated! ©

o O o @ @
Anonymous, by default.
* * You can optionally share
s o T your email address if
diegree T T agee you want us to follow-up
s O O O O O with you directly.

Course content

was organized O O O O O

and well
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Lecture objectives

= Multimodal alignment

= Explicit signal alignment
= Dynamic Time Warping
= Canonical Time Warping
= Multi-view video alignment

= Speech alignment
= Connectionist Temporal Classification

= Implicit alignment
= Hard attention
= Spatial Transformer Networks
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Multimodal alignment
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Multimodal-alignment

Multimodal alignment — finding relationships and
correspondences between two or more modalities
Modality 1 Modality 2

Two types
=  Explicit — alignment is the task in itself

= |mplicit / Latent — alignment helps when
solving a different task (for example using

“Attention” module)
Examples ? e
= |Images with captions -
= Recipe steps with a how-to video ¢
= Phrases/words of translated sentences a_,

Fancy algorithm
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Explicit multimodal-alignment

Explicit alignment - goal is to find correspondences between modalities
In other words: the alignment is part of the loss function

= Aligning speech signal to a transcript
= Aligning two out-of sync sequences
= Language grounding

RefClef RefCOCO RefCOCO+

I‘”I“”‘” g || . | I ’ H“ . |v || . ” | } right rocks woman on right in white shirt | guy in yellow dirbbling ball
rocks along the right side woman on right yellow shirt and black shorts
''''''''''' il i - it stone right side of stairs right woman yellow shirt in focus
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Implicit multimodal-alignment

Implicit alignment - uses internal latent alignment of modalities in order to
better solve various problems

= Machine Translation

= Cross-modal retrieval

= |Image & Video Captioning
= Visual Question Answering

What season does this appear to be?

RCNN detections Image Inner Product: Fragment Similarity Sentence Dependency Relations fal = Our Model: all
Fragments Fragments '
“ Mg “Black dog chasing
\ ---b QOO0 YV VoV | a young child”
9

o ) " D D D . . QOO «+ (AMOD, black, dog)
___’ 000 - DD.DD :-— (DEP, chasing, dog)

~ (DOBI, child, chasing)

v ..DDD [CO0)«+ (AMOD, young, child)
A

3
el l---/ L——— || [OOQ|«r (DET,a,chid)
&~

Image-Sentence Similarity
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Explicit alignment
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Temporal sequence alignment

Applications:

- Re-aligning asynchronous
data

- Finding similar data across
modalities (we can
estimate the aligned cost)

- Event reconstruction from
multiple sources
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Let’s start unimodal — Dynamic Time Warping

= We have two unaligned temporal unimodal
signals

= X =[x, x5 .., 2, | € R

= Y= [yl,yz, ...,yny] € Ry

» Find set of indices to minimize the alignment
difference: R

: 2
X —
Lp* p") = Z = Yy
t=1 I
TR
: g \\
| -"}F \"\ \

1 2 3 4 5 6 7 8

= MW kW = MW W

2

= Where p*and p”Yare index vectors of same
length

= Dynamic Time Warping is designed to find these
index vectors

= M W bk U = MW s,

—
—
—
-—
e}
-

Language Technologies Institute




Dynamic Time Warping continued

Lowest cost path in a cost matrix

. @i.p))
» Restrictions? Om
= Monotonicity — no going back in time ..
= Continuity - no gaps ®

= Boundary conditions - start and end at the

same points :
= Warping window - don'’t get too far from °
diagonal o
x LY
= Slope constraint — do not insert or skip too .(I’tf :

much ®

o
o
o
o0

®%,p))
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Dynamic Time Warping continued

Lowest cost path in a cost matrix

: : : i.p;)
= Solved using dynamic programming et [iete
’44!—‘ <I—O<I—‘ [ 2 = ]

while respecting the restrictions A otedt ot ole @

°
?
1 1 * x
<4 ;<—; ?io<—o<>—o { ] 14 ?
331-04 e ndiandh: 4o M
/‘ J._ [ 2ol ] .4'—: I <0 ? ? { ]
?4--0 4»4;-‘41—. .B(/. g o o<-o ¥<-3J/n<»—o<p-o
; [ BN J .41-. .% z{l-. o |0 74_.4_9 o< 0
; o« [ } }‘-. { ] tﬁ <0 @
x ’ o |0 ?ﬂ/.‘—“ (] Q<'|-. [ ] ? 04047 O
e [V eat%e 1@ st [T 1oL
; ? ?x /. [ ] /. -.4'-: ® |0 v(—’%
;4‘-: ;z-. ¥ @ ?4--.4--. % 4
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DTW alternative formulation

2
y
2 Replication doesn’t change the objective!

5 5 o
; 4 BEENA o o O oo oo
: vy = X R

1 S R T T | 4o 000000 off
1 ’ | [ | | | | I I 12 3 456 7 89
. SN . e o oo e
4 4 I I | I Ko oo coob
3 | [ — Y4 o000 offfoooo

3 | Hooooofffooo
2 2 T™1 ‘O T
1 1 0 0 0 0 0 0 0 Ofpl

1 2 3 4 5 6 7 8 12 3 45 67 89
Alternative objective: . _ _
) X, Y — original signals (same #rows, possibly
LW, W,) = ||wa — ywy”F different #columns)
W.,W. -alignment matrices
, x Wy g
Frobenius norm [|All7 = X, ¥ ;|a; |

A differentiable version of DTW also exists...
https://arxiv.org/pdf/1703.01541.pdf
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DTW — Some Limitations

m sequences

O(H 7;)

= Sensitive to outliers

= Unimodal!
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Canonical Correlation Analysis reminder

maximize: tr(UTZyyV)

subject to: UTs,yU=VTz,W=1I, u{j)zXYv(i) =0 fori#j

>_A )
Linear projections maximizing c
@ correlation g f
. projection of X=K
Orthogonal projections y \
@ omomaroes w /N
Unit variance of the projection CI% 00 (@0 'ﬂ"' 0]
@ vectors U V
00 - 00 | B~1")
Text Image
X Y
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Canonical Correlation Analysis reminder

When data is normalized it is actually equivalent to smallest RMSE reconstruction

CCA loss can also be re-written as:

L(U,V) = ||[UTX — VTY||Z

.
s
%
.,
P
- ]
B
L.

.

,

»

projection of Y

projection of X

subject to: H, 4 N H

,l \\ y
rrexrorneErre,mnm
UTSyyU = VTZyyV = I, ul; Zxyvp) = 0 ul lv
@0 00 L0 - 00)
Text Image
X Y
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Canonical Time Warping

Dynamic Time Warping + Canonical Correlation Analysis = Canonical Time
Warping

2

L(U,V,W,,W,) = |[UTXW, — VIYW, ||

= Allows to align multi-modal or multi-view (same modality but from a different
point of view)

W, W, —temporal alignment
= U,V - cross-modal (spatial) alignment

[Canonical Time Warping for Alignment of Human Behavior, Zhou and De la Tore, 2009]

Language Technologies Institute




Canonical Time Warping

L(U,V,W,W,) = |UTXW, — vTwaHi

Optimized by Coordinate-descent — fix one set of parameters, optimize another

Generalized Eigen-decomposition

N

W, W, u,v

VGauss—Newton

[Canonical Time Warping for Alignment of Human Behavior, Zhou and De la Tore, 2009, NIPS]
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Generalized Time warping

Generalize to multiple sequences all of different modality

L(U, W) = 2 2| U/ X;W; — U/ X;W,
i=1j=1

= W,; — set of temporal alignments
= U; — set of cross-modal (spatial) alignments

Cc}? (1) Time warping
% (2) Spatial embedding
>

[Generalized Canonical Time Warping, Zhou and De la Tore, 2016, TPAMI]
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Alignment examples (multimodal)

1/273 1/51 1/127
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Deep Canonical Time Warping

L(01,0, W, W) = |fo, X)Wy — fo, (Y)WyH;

Could be seen as generalization of DCCA and GTW

X, — _:fifz-: A AR fi(s) — axh A AGDH AGD AGD ... AGD
N A
@)
—y P>
=)
Xy —— s fot) — £ £ A RED .. A6
Spatial _ Temporal alignment
Transformation

[Deep Canonical Time Warping, Trigeorgis et al., 2016, CVPR]
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Deep Canonical Time Warping

L(01,0, W, W) = |fo, X)Wy — fo, (Y)WyHi

= The projections are orthogonal (like in DCCA)
= Optimization is again iterative:
= Solve for alignment (W, W,) with fixed projections (6,,6)
= Eigen decomposition
= Solve for projections (6,, 6,) with fixed alignment (W,, W)
» Gradient descent
= Repeattill convergence

[Deep Canonical Time Warping, Trigeorgis et al., 2016, CVPR]
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Multi-View
Video Alignment and
Representation Learning
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Temporal sequence alignment
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Reminder: Dynamic Time Warping for Sequence Alignment

Solved with dynamic programming...

5 ip))
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5 7] 4 o | 0g-0<e oI il *
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But how to do alignment and representation learning
at the same time?
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Temporal Alignment and Neural Representation Learning

Premise: we have paired video sequences
that can be be temporally aligned

Embedding A
Videos

Temporal
Alignment

embedding space >

How can we define a loss function to enforce
the alignment between sequences while at the
same time learning good representations?
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Temporal Cycle-Consistency Learning

Temporal
Alignment

T g t - = N s vr ..'.: = j.~.;‘ L ) ';'- g '; -' bz - '_: o k Y
Video 2 n ﬁ‘—‘ bt | : \ l p
“-!. !’ A

Self-supervised approach to learn an embedding space
where two similar video sequences can be aligned temporally

embedding space
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Temporal Cycle-Consistency Learning

nearest
neighbors

Video 2
: 1 T
cycle Cy cle consistency not C}-'r:le
consistent error consistent
-
embedding space

Main idea: My closest neighbor also views me as their closest neighbor
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Temporal Cycle-Consistency Learning

1

encoder VIIITI I

video embedding soft nearest neighbor . cycling back

Compute “soft” / “weighted” nearest neighbour:

e—lui—v;|?

M s —v. ]2
SM o fus—vrll

M
aj — U = Z U5,
J
Find the nearest neighbor the other way and then penalize the distance:
e [T—ukl|?

N o=llo-u;1?
. J
> €

i — pf?
Lepr = 2 + Alog(o)

Br =
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Temporal Cycle-Consistency Learning

Nearest Neighbour Retrieval

Query Retrieved Nearest Neighbors

S L

Glass half full

Leg tully u after throwing
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Temporal Cycle-Consistency Learning

Anomaly Detection

90
80
70

60

v
50

40

30 U

20 x

10

Distance to Nearest Frame in Typical Videos

0 5 10 15 20 25 30 35 40 45
Frame Index Anomalous ACtl\'lt)’

How could you extend this idea to multimodal?
Course project idea? ©
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Alignment for
Speech Recognition
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Architecture of Speech Recognition

—

W = argmax P(W|0)
74

= argmax P(A|0)P(0|Q)P(QIL)P(LIW)P(W)

P(A|0) P(0|Q) P(Q|L) P(L|W) P(W)
Feature Frame .| Sequence | Lexicon Language
Extraction Classification | Model | Model Model
: M% P III --I [ ‘ tah maatow tomato
1 0 Q L w w
Speech Audio Feature Frames Sequence States Phonemes Words Sentence
Spectogram

http://slazebni.cs.illinois.edu/springl7/lec26 _audio.pdf
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Architecture of Speech Recognition

—

W = argmax P(W|0)
74

= argmax P(A|0)P(0|Q)P(QIL)P(LIW)P(W)

P(A|0) P(0|Q) P(QIL) P(LIW) P(W)
Feature Frame | Sequence .| Lexicon Language

Extraction Classification | Model | Model Model

: MW% III«I ” ‘ tah maatow tomato
4 0 Q L 7% 7%
Speech Audio Feature Frames Sequence States Phonemes Words Sentence
= iw ' deterministic
Spectogram

http://slazebni.cs.illinois.edu/springl7/lec26 _audio.pdf
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Architecture of Speech Recognition

e

W = argmax P(W|0)
74

= argmax P(A|0)P(0|Q)P(QIL)P(LIW)P(W)

Sequence Labeling (and alignment)

P(A|0) P(0|Q) P(Q|L) P(LIW) P(W)
Feature Frame Sequence .| Lexicon Language

Extraction Classification Model | Model Model

: MW% III«I ” ‘ tah maatow tomato
4 0 Q L 7% 7%
Speech Audio Feature Frames Sequence States Phonemes Words Sentence
= iw ' deterministic
Spectogram

http://slazebni.cs.illinois.edu/springl7/lec26 _audio.pdf
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Sequence Labeling and Alignment

Phonemes

111111

— = - = = TS

Spectogram

4

How can we predict the sequence of phoneme
labels from the sequence of audio frames?
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Potential Solution: Sequence Labeling with RNN

Spectogram

What should be the loss function?
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Connectionist Temporal Classification (CTC)

Deep Speech 2

CTC is used in speech recognition
systems that were almost in par (
with human performances.

CTC )

7 Full
r [O 000000 O)I Conrl;‘egted
oo
orxrrxrxrxrron
@@ ©®@©®0@0 90| Rrecurent
or
Bat'ch' [. o000 O0O .] (Bidirectional)
WSJ evall92  3.60 5.03 Normalization
oarxrrxrxrxrron
WSJ evall93  4.98 8.08 xXxxxxon |
LibriSpeech 5.33 5.83 o0o000000)f
test-clean 1D or 2D
(© 0000000 nvariant
LibriSpeech 13.25 12.69 Convolution
test-other 100000000,

[ Spectrogram ]

Amodei, Dario, et al. "Deep speech 2: End-to-end speech recognition in english and mandarin." (2015)
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Connectionist Temporal Classification (CTC)

Training examples S = {(x1,21), ... (xy,ZN)} € Dy 2

X € X are spectrogram frames Shonemes (2
_ Not the
X = (xlr X2, --'rxT) ) same length , ~ W
z € Z are phoneme transcripts ¥ U =T

z = (24,29, ..., 2y)
\ defined over the space of labels L

Goal: train temporal classifierh : X - Z

Loss: Negative log likelihood Spectogram (x)

LSO == ) In(pe(zln)

(x,2)€ES
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Connectionist Temporal Classification (CTC)

Rule-based alignment: l={a} | ={bee} Phonemes (2)
1) Remove all blanks —aaa____ bbbeee_ee —~—
2) Remove repeated labels _--aaaa_ _bb_ee__e C AC OW
_aaaaaaa __bbbe_e_ \
: Temporal ® @
@ Predicted labels 1 alignment l @ @
@ O @
P(l|x) = z P(l|m)P (| x) Ve © @ o ® |,
g i e e /o\e e 35
@ over the activations: O O O O O
t —0® 0 0 O
P(m|x) = ny,’it,\m el v @ @ @ 0 O

@ Output activations (distribution): H"H"H"H"H

y = fo(x), where y' = (y1,y3, ., YL, V11 :::e-e Pace®

Spectogra (
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Connectionist Temporal Classification (CTC)

@ Most probable sequence labels Phonemes (z)
Al M ad OW
Z=h(x) = arg rln;i\%<P(l|x) \
€
[ [
@ Predicted labels 1 I @ @
@ O [
P(lx) = ) P(UmP(|x) $a® © B 0 © |
" i e e /e\e e
@ over the activations: O O O O O
o—0 @ 0 O
P(m|x) = ny,’it,\m el v @ @ @ 0 O
— SOoftmax Em e . . J
(1) output activations (distribution): e
y = fg (X), where yt = (y{’ th; m’yf’ ) : -he - E-

Spectogram (x)
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CTC Optimization

@ Most probable sequence labels Phonemes (z)
al T AC W
z* = h(x) = argmax P(l|x) :
leLT P P N
Option 1: Select most probable path «r [ ) ®
m* = arg maxP(nIx) , @ o ®
\ Get most probable labels z* Vna® 0 08 0 @ @)
directly from * yi O O O O O >(T|)
- : : : - @ o/ ¢ 0—0
Option 2: Solve using dynamic programming t o0 © © ©
Forward-backward algorithm w @ @ & 0 ©
> Forward variables a softmax fgs &= &= == =
» Backward variables f H-.H_.H_.H_.H
T |l
ac(s)B(s) re— : Y
— = yfs — ﬁ. T

Spectogram (x)
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Visualizing CTC Predictions

“Framewise” modeling: Learned using phoneme segmentation (vertical lines)

Waveform

2l :
= ; . Framewise
=1 =" ; (without CTC)
< '
o !
=, i 5
El“ 2
= L CTC
0! L . , : e
dh ax S aw n \4
"the" "sound" "of "
It gets penalized
for mistakes
. around the
CTC focuses on the phoneme transitions boundaries
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Implicit alignment
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Implicit alignment

We looked how to explicitly align temporal data
Could use that as an internal (hidden) step in our models?

Can we instead encourage the model to align data when solving a
different problem?

Yes!

Language Technologies Institute



Potential Solution and Inspiration: Human Attention

Foveal vision — we only see in “high resolution” in 2 degrees of vision

We focus our attention selectively to certain words (for example our names)

We attend to relevant speech in a noisy room

. TN
P \\
\
4 \
/ \
| \
'l/ """"""" \,
oo : |
ﬂ ————————— lime there was a little fox |iv
g L { ’|
\'\ ---------- /
\ /
\
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Implicit and “Uni-Directional” Alignment

Modality A ' ' ' .
(ql}/ery) A woman is throwing a frisbee @ Hard attention

!

Modality B
(key)

@ Warping

i s [0

W

@ Soft attention FR ™
(discussed on Thursday) L—“ F—”_-IW

o ¢ s sy
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Glimpse Network
(Hard Attention)
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Hard attention

Soft attention requires computing a representation for the whole image or sentence
(more detalls during next lecture)
Hard attention on the other hand forces looking only at one part

= Main motivation was reduced computational cost rather than improved accuracy (although
that happens a bit as well)

» Saccade followed by a glimpse — how human visual system works

[Recurrent Models of Visual Attention, Mnih, 2014]
[Multiple Object Recognition with Visual Attention, Ba, 2015]
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Hard attention examples
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Glimpse Sensor

Xt

Glimpse Sensor

= At a number of different scales combined to a single multichannel image (human retina like
representation)

= Given a location [; output an image summary at that location
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Glimpse network

= Combining the Glimpse and the location of the glimpse into a joint network

0
Glimpse Qg
Sensor : E ’
p(xt, lg-1)

X; ]
oa :
4,
Glimpse Network : 7,( 6,)

= The glimpse is followed by a feedforward network (CNN or a DNN)

= The exact formulation of how the location and appearance are combined varies, the important thing is
combining what and where

= Differentiable with respect to glimpse parameters but not the location

[ele)eleilelele)e)
0§I:>
[OOO0O0O0)
|
oQ
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Overall Architecture - Emission network

= Given an image a glimpse
location [, and optionally an

action a, @<

= Action can be:

. . . |
= Some action in a dynamic Ja(0g) | Jel0y)
system — press a button etc. I | I
= Classification of an object g‘ 5 'lg”" 5,
! t+1
=  Word output hy— fh(gh)-—> L | /u(0p)
= This is an RNN with two output O : O
gates and a slightly more ol T ool [
a | Ja /(v]

complex input gate!

® & e o
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Recurrent model of Visual Attention (RAM)

= Sample locations of glimpses
leading to updates in the network

= Use gradient descent to update the (7)
weights (the glimpse network @{ / ,‘ !

weights are differentiable)

|
= The emission network is an RNN s %
= Not as simple as backprop but g, :g,ﬁ,
doable Olh | Ol b,
= Turns out this is very similar and in ~ "— fh(ﬁ%ﬂ-—» : Jn(Op)
some cases equivalent to = | =
reinforcement learning using the 700 [ e :l 00| [

REINFORCE learning rule

[Williams, 1992] (%D’/ @‘L}D
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Spatial Transformer
networks (Warping)
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Some limitations of grid-based attention

Can we fixate on small parts of image but still have easy end-to-end training?

A stop sign is on a road with a
mountain in the background.

I et ”

A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water. trees in the background.
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Spatial Transformer Networks

Can we make this
function differentiable?

\M

Input image:
HxWx3 Cropped and
rescaled image:
XxYx3

Box Coordinates:
(xc, yc, w, h)
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Spatial Transformer Networks

Idea: Function mapping pixel
coordinates (x¢,y*) of output to
pixel coordinates (x*,y*®) of
input

S x't
Xi\ _ 011 012 91,3] ‘t
yf 92,1 92,2 92,3 yl‘

Can we make this
function differentiable?

\/ \ (x4

Input image:
HxWx3 Cropped and
rescaled image:
AXYxX3

Box Coordinates:
(xc, yc, w, h)
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Spatial Transformer Networks

Idea: Function mapping pixel
coordinates (x¢,y*) of output to
pixel coordinates (x*,y*®) of
input

t
xis>:[91,1 012 91,3] x‘t

""(;({,'yi)’” .
\ , (yls 0,1 022 033 yll

t

Can we make this
function differentiable?

Input image: Network “attends” to
HxWx3 Cropped and input by predicting 6
rescaled image:
XxYx3
¢ ;
Box Coordinates: d B Repeat forall pixels
_ in output to geta
(xc, ye, w, h) sampling grid

S
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Spatial Transformer Networks

A small
Localization network
predicts transform 6

Input: — Output: Region of
Full image interest from input
Spatial Transforme
Sampler uses How
bilinear interp0|ati0n Vi= E Z Ut max(0,1 - |zf — m|) max(0,1 - |y} —n])
to produce output "
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Spatial Transformer Networks

Insert spatial transformers into a
classification network and it learns

to attend and transform the input
Differentiable “attention /

transformation” module

= ] Mﬂ
U | K

Spatial Transformer
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