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Task 2: Alignment

Definition: Identifying and modeling cross-modal connections between all
elements of multiple modalities, building from the data structure

Sub-challenges:

Discrete Continuous Contextualized
Alignment Alignment Representation
...“' ...ooo ...ooo
Discrete elements Segmentation and Alighment + representation

and connections continuous warping



RS

(@ Discrete alignment

@ Local alignment

@ Global alignment



Sub-Challenge 2a: Discrete Alignment

A A A .. Definition: Identify and model connections
>< I between elements of multiple modalities
00..

Directed 4 —o Global

Undirected o~— @



Connections

A AA.. Why should 2 elements be connected?

Statistical Semantic
#
Association Dependency Correspondence Relationship
— laptop used for
A—©O A0 A—©O A—©O
€.g., correlation, e.g., causal, e.g., grounding e.g., function

co-occurrence temporal



LLanguage Grounding

Definition: Tying language (words, phrases,...)
to non-linguistic elements, such as the
visual world (objects, people, ...)

P :
A woman reading newspaper

Statistical Semantic
M
Association Correspondence
A — ' A laptop ‘

e.g., correlation,

e.g., groundin
co-occurrence 99 9



Local Alignment — Coordinated Representations

Visual A =

\ /4
Language @ = \V/

intformation

-earning coordinated representations:

Z
Modality A A [Eleer) N
Modality B @ [Eicely HEEm S“‘W?”W
f Zp function
B

or contrastive learning

el .
A woman reading newspaper

Supervision: Paired data




Directed Alignment

Modality A A

‘(query) /
ModaltyB @ @ @ ...

(key)

A woman is throwing a frisbee

Which 4___—/

object?

Attention




Cross-modal Interactions

MOdaIlty A A woman throwing

‘(query) /
ModaltyB @ @ @ ... ¢ doa e
(key) I_> % Lf‘ % lTJ

Features

Should we always use the final layer of
the CNN for all generated words?

Arevalo et al., Show, Attend and Tell: Neural Image Caption Generation with Visual Attention, ICML 2015. Citations: 12828



Directed Alignment — Image Captioning

Distribution™
over L
locations

Expectation over First word

patures: D




Attention Gates

Before:

pilye, - Yi-1, %) = g(Vi-1, 81, 2),
where z = h, last encoder state and s; is the current state of the decoder

Now:
pWilye, ) Vi1, x) = 9(3’1'—1;51'@

Have an attention “gate”
= Adifferent context z; used at each time step!

L
" ZFZ aijf . . — ——
j=1 a;; Is the (scalar) attention for word i at image position j




Attention Gates

So how do we determine a;;?

exp(e;ij)

Qaij =<7 => softmax, making sure they sum to 1
Zkicl exp(eix)
where:
el-j = UTO'(WSi_l + Uf])
a feedforward network that can tell us how important the current encoding is
v, W, U — |learnable weights
L N
7. — 2 Qs : f ) expectation of the context (a fancy way to
l ljJj = " :
j=1 say it's a weighted average)




Example — Image Captioning

woman(0.54)

throwing(0.33) frisbee(0.37)

park(0.35)




Global Alignment

Latent pairing information

Visual AAA.. 7
X< .
Language @ © O ... |

Jointly optimize representation + global alignment:
Z

73 L, \
Y\“A)4RB
\ A AP ~tAr

Modality A A encoder
fa

encoder

Ij:

(representation) (global alignment)

Modality B @

Zp function



Global Alignment

Bipartite Graph

Assignment:
(vector of indices)

Similarity weights:

Maximize:

f:A-B
Wi s = 924, 25)
N

max Wi, ()

fESn
=1

Initial assumptions:

« Same number of elements in A and B modalities
« 1-to-1 “hard” alignment between elements
 All elements assigned (aka “perfect matching”)

MOW 10 SOIvVe ¢

Naive solution: check all assignments

Hungarian algorithm



“IRER”

Girls




Hungarian algorithm

The Hungarian method, known also as the Kuhn—Munkres algorithm or Munkres assignment algorithm

Harold William Kuhn Dénes Konig Jeno Elek Egervary
(July 29, 1925 — July 2, 2014) (September 21, 1884 — October 19, 1944)  (April 16, 1891 — November 30, 1958)



Minimum-Weight Bipartite Matching

150
Set U

SetV

Vi VU, Vs
3 25 50
50 35 75
22 48 | 150




Minimum-Weight Bipartite Matching

Uq L1
25
5
50
Ug) 32 v,
75
2
48
9" 150 Vs
Set U SetV

Us @ 48 | 150

The minimum sum of weight is 50 + 35 + 22 = 107.
-




Minimum-Weight Bipartite Matching

Subtract Row Minima

Vi VU, Vs

3 25 50
50 35 75
22 48 | 150




Minimum-Weight Bipartite Matching

Subtract Row Minima

Vg V2 V3
3 25 50
50 35 75
22 48 | 150




Minimum-Weight Bipartite Matching

Subtract Row Minima

us | 22 | 48 | 150




Minimum-Weight Bipartite Matching

Subtract Row Minima

Now, the row minima are zeros.

251

Uy

U3

vV, Uy Vs
0 17 42
15 0 40
0 26 | 128




Minimum-Weight Bipartite Matching

Subtract Column Minima
vy V2 Vs

uy| 0 | 17 | 42

U | 15 0 40

Us | 0 | 26 | 128




Minimum-Weight Bipartite Matching

Subtract Column Minima

Vg V2 VU3

0 17 42
15 0 40
0 26 | 128




Minimum-Weight Bipartite Matching

Subtract Column Minima

Uy Vp V3

u; | 0 | 17 | 42
-0 -0 -40

U, | 15 0 40
-0 -0 -40

Us| 0 | 26 | 128
-0 -0 -40




Minimum-Weight Bipartite Matching

Subtract Column Minima

Now, the column minima are zeros.

251

Us

U3

Vi Uy Vs
0 17 2
15 0 0
0 26 | 88




Minimum-Weight Bipartite Matching

Ilteration 1A

Repeat the followings:

‘ A. Cover all the zeros with a
minimum number of lines.

» B. Decide whether to stop.
- C. Create additional zeros.

Vi Uy Vg
0 17 2
15 0 0
0 26 | 88




Minimum-Weight Bipartite Matching

Ilteration 1A

Repeat the followings:

‘ A. Cover all the zeros with a U
minimum number of lines.

B. Decide whether to stop. Uz

C. Create additional zeros.

V1 Vy V3
n 1 =7 |
U L7 4
15 0 0
A 25 98-




Minimum-Weight Bipartite Matching

Ilteration 1A

Repeat the followings:

‘ A. Cover all the zeros with a U
minimum number of lines.

B. Decide whether to stop. Uz

C. Create additional zeros.

A 17 o |
U L7 L
1 n n
1J V) V)
0 26——88—

Not optimal!




Minimum-Weight Bipartite Matching

Ilteration 1A

Repeat the followings:

M A. Cover all the zeros with a U1
minimum number of lines.

B. Decide whether to stop. Uz

C. Create additional zeros.

Uy V3
17 2
26 88




Minimum-Weight Bipartite Matching

lteration 1B

Repeat the followings:

A. Cover all the zeros with a
minimum number of lines.

‘ B. Decide whether to stop. Uz

C. Create additional zeros.

If n lines are required, the algorithm
stops.

Wwa» ¢ If less than n lines are required, then
continue with Step C.

Uy Vy V3
(I) 17 2
26 88




Minimum-Weight Bipartite Matching

lteration 1B

Repeat the followings:

A. Cover all the zeros with a
minimum number of lines.

B. Decide whether to stop. U
‘ C. Create additional zeros.

First, find the smallest element (denote
k) that is not covered by a line.

Vi Uy Vs
(I) 17 2
415 0 O

26 | 88




Minimum-Weight Bipartite Matching

Ilteration 1C

Repeat the followings:

A. Cover all the zeros with a Uq
minimum number of lines.

B. Decide whether to stop. U
‘ C. Create additional zeros.

First, find the smallest element (denote
k) that is not covered by a line.

vy V2 U3

o | 17 | 2
=k

26 88




Minimum-Weight Bipartite Matching

Ilteration 1C
Repeat the followings: V1 V2
A. Cover all the zeros with a Uq (I) 17
minimum number of lines.
B. Decide whether to stop. Uz | =815 S
‘ C. Create additional zeros.
Uj (P 26

Second, subtract k from all uncovered
elements.



Minimum-Weight Bipartite Matching

Ilteration 1C

Repeat the followings:

A. Cover all the zeros with a

minimum number of lines.

B. Decide whether to stop.
‘ C. Create additional zeros.

Second, subtract k from all uncovered

elements.

Vy Vs
15 0
15 0 0
24 | 86




Minimum-Weight Bipartite Matching

Ilteration 1C

Repeat the followings:

A. Cover all the zeros with a
minimum number of lines.

B. Decide whether to stop.
‘ C. Create additional zeros.

Third, add k to all the elements that
are covered twice.

Uy VUV V3
(I) 15 0
15 S, 3,
+2
24 86




Minimum-Weight Bipartite Matching

Ilteration 1C

Repeat the followings:

A. Cover all the zeros with a
minimum number of lines.

B. Decide whether to stop.
‘ C. Create additional zeros.

Second, subtract k from all uncovered
elements.

Vp Va2 V3

(I) 15 0

315 v, v
24 36




Minimum-Weight Bipartite Matching

Ilteration 1C

Repeat the followings:

A. Cover all the zeros with a

minimum number of lines.

B. Decide whether to stop.
‘ C. Create additional zeros.

Third, add k to all the elements that

are covered twice.

UV V3
15 0
15 O v
24 86




Minimum-Weight Bipartite Matching

Ilteration 1C

Repeat the followings:

A. Cover all the zeros with a U
minimum number of lines.
B. Decide whether to stop. U
- C. Create additional zeros.
U3

Third, add k to all the elements that
are covered twice.

Vy Va2 V3

(I) 15 0

17 v v
24 36




Minimum-Weight Bipartite Matching

Ilteration 2

Repeat the followings:

A. Cover all the zeros with a
minimum number of lines.

B. Decide whether to stop.

C. Create additional zeros.

vy Uy, Vs
0 15 0
17 0 0
0 24 86




Minimum-Weight Bipartite Matching

Ilteration 2A

Repeat the followings:

‘ A. Cover all the zeros with a Uq
minimum number of lines.

B. Decide whether to stop.

C. Create additional zeros.

Vi VU, Vs
0 15 0
17 0 0
0 24 | 86




Minimum-Weight Bipartite Matching

Ilteration 2A

Repeat the followings:

. u lI\ 1 a)

‘ A. Cover all the zeros with a 117Y T U
minimum number of lines.

B. Decide whether to stop. Uz | 7 6 6

C. Create additional zeros.

us| ¢ | 24 | 86

At least 3 lines are needed.



Minimum-Weight Bipartite Matching

lteration 2B

Repeat the followings:

A. Cover all the zeros with a
minimum number of lines.

‘ B. Decide whether to stop. U

C. Create additional zeros.

If n lines are required, the algorithm
stops.

The algorithm stops.

V1, Vp Vs
m 1C n
L\ A JJ |
7 0 v,
() 24 86




Minimum-Weight Bipartite Matching

Output the matching

Vi Uy Vs
0 15 0
17 0 0
0 24 | 86




Minimum-Weight Bipartite Matching

Output the matching

us;| 0 | 24 | 86

* Choose a matching among the zeros.
* Think of the zeros as edges.



Minimum-Weight Bipartite Matching

Output the matching

(251 U1
- 2 u, | 17 | 0 | o
Uz | 0 24 | 86
Vs V3
Set U Set V * Choose a matching among the zeros.

* Think of the zeros as edges.



Minimum-Weight Bipartite Matching

Output the matching

Uy v, V1 Uy
u1 0 15
2 vz U, | 17 | o

Set U SetV



Minimum-Weight Bipartite Matching

Output the matching

Set U SetV



Minimum-Weight Bipartite Matching

Set U

Output the matching

251
’UZ u2
U3
SetV

15




Minimum-Weight Bipartite Matching

Output the matching

» Va V3
Uy 15 | 0
Uy e—— ) - uZ ‘! 0 R 0

Set U SetV



Minimum-Weight Bipartite Matching

Set U

Output the matching




Minimum-Weight Bipartite Matching

Set U

Output the matching

251

Set V




Minimum-Weight Bipartite Matching

Output the matching
Vi Va2 V3

Uuq (%]
u; | o | 15| o
U2 = U, | 17 | o | 0
us| o | 24 | 86
Us Vg
SetU SetV The matching is

S ={(u3,v1), (uq,v3), (uzvy)}



Global Alignment

Bipartite Graph Initial assumptions:
« Same number of elements in A and B modalities

« 1-to-1 “hard” alignment between elements
 All elements assigned (aka “perfect matching”)

A
N\

> FOW 1O SOive ¢

Naive solution: check all assignments

Assignment: f:A—->B
(vector of indices)

Similarity weights: Wi r@) = 9(z, Z{;(i)) H Ungarian al gOrlth m
v Why it works?
Maximize: maxz Wi £ (i)

= | Complexity?



Global Alignment

Bipartite Graph Initial assumptions:
« Same number of elements in A and B modalities

« 1-to-1 “hard” alignment between elements
+ All elements assigned (aka “perfect matching”)

FIOW 10 S(

Naive solution: check all assignments

Better solution: Linear Programming

Assignment: —fA—B— x;j = 1 when matching connection, otherwise O
(vector of indices)

Similarity weights: %mj;g-@zﬁ—z-gﬂ) Wiy = 9(2a, 25

N e e
o max Wi X o
Maximize: Am.a.x%m_,a@_ (i) E : Lj A
fePerm(N) - (i,))EAXB

=1



Global Alignment

Bipartite Graph New assumptions:
« Different number of elements in A and B modalities

« Many-to-many “soft” alignment between elements

It can be seen as “transporting” elements
from modality A to modality B (and vice-versa)

Assignments: x(; jy: soft alignment between z; and zé

Similarity weights: Wi,y = 9(2}, z})

Wassertein distance
Wi ]XU

Maximize: i} give optimal transport



RS

2 Continuous alignment

(@ Continuous warping

@ Discretization and segmentation



Challenge 2b: Continuous Alignment

Definition: Model alignment between modalities with
continuous signals and no explicit elements

Continuous Discretization
warping (segmentation)




Continuous Warping — Example




Dynamic Time Warping (DTW)

We have two unaligned temporal unimodal signals
" X =|x, %, ., %, | € RPM

= Y =|y1y0 000, | € RO

- N W A O - N Wk O

Find set of indices to minimize the alignment difference:

1 2 3 4 5 6 7 8

2

2

l
A ORDY EELE
t=1

where p*and p”are index vectors of same length

- N W A O - N Wk O

1 2 3 4 5 6 7 8



Dynamic Time Warping (DTW)

Lowest cost path in a cost matrix

i p
= Restrictions? et [sietete 01010
= Monotonicity — no going back in time iz ;-«-i 2 3
= Continuity - no gaps piony 'i.:: &
= Boundary conditions - start and end at the e A E I i
. _'/ | @ /.41-. <o I —®
same points A o e (75 [ % »
=  Warping window - don’t get too far from $ o [8 [odfe’le” ﬁ- e
diagonal STy T dole [@leds =
= Slope constraint — do not insert or skip too s P leddsSte ‘é? peesre [94e Log;
mUCh 5 3 ; | .x/. .4'-;4{-. ;ﬁ: 14
. . . .n ,If"' » 31’4' v
Sol_ved usmg_dynamlc programming s e o de s f
while respecting the restrictions COC SRy

»i.p))



Dynamic Time Warping (DTW)

MEARANABXNRIA, — N AEFREHEK, HEE N1
3-3-2-4; B—MAFEREMHHEK, HEEH1-3-2-2-4-4

{37 ; / A(l)=1 A(2)=1 A(3)=3 A(4)=3 A(5) =2 A(6)=4 1 . i+gﬁ/l\r$§ljg¢'§\zrﬂjﬂg
ﬁ/ B(1) =1 o—-»o\ 2 2 1 3 B
~H- - 2. IHR—FNEME LREIA
B(2) =3 2 2 0—1—+0 1 1 4 26 ot 4 —
1 2 3 4 5 s \‘\ TRNEE, FEBELEMNT
I : B3)=2| 1 1 1 1 (I) 2 ZEMEx /)N
1 E | 3
= B(4) =2 1 1 1 1 0 2
/ \
l /¥/ BS)=4| 3 3 1 1 2 (I)
- *
B(6) =4 3 3 1 1 2 0


https://zhida.zhihu.com/search?content_id=8672639&content_type=Article&match_order=1&q=%E8%B7%9D%E7%A6%BB%E7%9F%A9%E9%98%B5&zhida_source=entity

DTW alternative formulation

Replication doesn’t change the objective!

o © O o © o EhEel

o o O OO O

1111111

o o.n © © © o EhE
o & ©o o 00!0 L]
opTno © 0!0 [=] ™~
©c O © 0!0 o O el
o o 0!00 © © gl
000000000
O OO O O © O g
0!0 o © © ©o oy
!0 © © O © © Opd

2 3 4 5 6 7 8

23 4567 829

1

Alternative objective:

X, Y — original signals (same #rows, possibly

different #columns)

2
F

LW, W) =|xw,-yw,|

W, W, -alignment matrices

| ./
Frobenius norm [|A|17 = X, X |a; |



Canonical Correlation Analysis — Reminder

CCA loss can also be re-written as:

.

.
.
.
»
i
- i
,,.qa
.

.

projection of X'

LU, V) = |[U"X - V'Y]}

projection of Y

subject to: H, /" \\ H,
00 - 00 00 - 00
UTZyyU =VTEyyV = I, u(yExyv(;y = 0 U v
@0 00 | a1~
Text Image

X Y



Canonical Time Warping

Dynamic Time Warping + Canonical Correlation Analysis = Canonical Time
Warping

LUV, W, W,) = [[UTXW, - VYW, |

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



Temporal Alignment and Neural Representation Learning

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

A

-
- -

2™ e kol s
+7  Alignment -

————.——.—————————.—

embedding pace

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




Temporal Cycle-Consistency Learning

Solution: Representation learning by enforcing Cycle consistency

/ EI'— * A
Video 1
nearest
neighbors
-

cycle consistency
error

cycle
consistent

not cycle
consistent

t
embedding space

Main idea: My closest neighbor also views me as their closest neighbor



Temporal Cycle-Consistency Learning

penalty!
' ' ’(/l-ﬂ)
S E‘EH_L e e LLLL l'-l"J'_}}

Ti'izﬂjnd VI [ rl}

video embedding soft nearest neighbor cycling back

Compute “soft” / “weighted” nearest neighbour:

e~ Iui—vslI® et sl ol
listances: a; = Soft nearest neighbor: 7= _ a;v;,
T M w2 -

Find the nearest neighbor the other way and then penalize the distance:
6_||§—uk||2

N —ll—u;]I2
i J
25 €

Br =

2
chr— |Z O_H| +/\10g( )



Discretization (aka Segmentation)

Common assumptions: (1) Segmented elements

A A A ..
M
© 0 0..

Medical imaging Signals

objects




Discretization — Example

Sequence Labeling and Alignment

Phonemes

t ah m aa t ow

Spectogram

How can we predict the sequence
of phoneme labels?



Low-rank Fusion with Trimodal Input

Sequence Labeling and Alignment

Phonemes Challenge: many-to-1 alignment

t t t t

Spectogram

How can we predict the sequence
of phoneme labels?



Discretization — A Classification Approach

Phonemes (z)

Connectionist Temporal Classification

@ Most probable sequence labels

@ Predicted labels for ‘blank’ or no label YLt+1 O
i

Y
210

@ Path m over the activations:

yi
@ Output activations (distribution): softmax

Spectogram (x)

Grave et al., Connectionist Temporal Classification: Labelling Unsegmented Sequence Data with
Recurrent Neural Networks, ICML 2006



Discretization and Representation — Cluster-based Approaches

HUBERT: Hidden-Unit BERT

CRCRCICACE

t t

Z1 Z) Z3 Zy Zs

@ K-mean
_ \ * clustering
Self-attention Transformer ‘

t 1 -

Hsu et al., HUBERT: Self-Supervised Speech Representation Learning by Masked Prediction of Hidden Units, arxiv 2021

[
»
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