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» Learn trends in high-dimensional data

Can we understand symptom trends and shared patient

experiences automatically?
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» Topic Modeling
. principal component analysis (PCA)

[Pearson 1901]

[Hotelling 1933]

∗ supervised PCA
[Bair, Hastie, Paul, Tibshirani 2006]

. latent dirichlet allocation (LDA)

[Pritchard, Stephens, Donnelly 2000]

[Blei, Ng, Jordan 2003]

∗ supervised LDA
[Blei, McAuliffe 2008]

∗ hierarchical LDA
[Blei, Griffiths, Jordan, Tenenbaum 2003]

. nonnegative matrix factorization (NMF)

[Paatero, Tapper 1994]

[Lee, Seung 1999]

∗ semi-supervised NMF
[H. Lee, Yoo, Choi 2009]

∗ hierarchical NMF
[Cichocki, Zdunek 2006]

Pearson, K. (1901) On lines and planes
of closest fit to systems of points in
space.

Lee, D., Seung, S. (1999) Learning the
parts of objects by non-negative matrix
factorization.
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» Nonnegative Matrix Factorization (NMF)
Model: Given nonnegative data X, compute nonnegative A and S of
lower rank so that

X ≈ AS.

X A
S

Y B S

≈

≈

n1 × n2 n1 × r

r × n2

k × n2 k × r
r × n2

. Popularized by [Lee & Seung 1999]

. Employed for dimensionality-reduction and topic modeling

. Often formulated as

min
A∈Rn1×r

≥0
,S∈Rr×n2

≥0

‖X− AS‖2
F or min

A∈Rn1×r

≥0
,S∈Rr×n2

≥0

D(X‖AS).1

. These formulations are MLE models
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Aij log
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» NMF Example
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Supervised Models
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» Semi-supervised NMF (SSNMF)
Model: Jointly factorize nonnegative data X and supervision information
Y so that

X ≈ AS and Y ≈ BS.

X A
S

Y B S

≈

≈

n1 × n2 n1 × r

r × n2

k × n2 k × r
r × n2

. Formulated in [Lee, Yoo & Choi 2009] as optimization problem

min
A∈Rn1×r

≥0
,B∈Rk×r

≥0
,S∈Rr×n2

≥0

‖X− AS‖2
F+λ‖Y − BS‖2

F .
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» SSNMF example

yields insight into relationship between symptom

expression and diagnoses, insight into common co-occuring

diagnoses, and a predictive model
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» NMF and SSNMF Models

NMF formulations

. [Lee & Seung 1999] ‖·‖F -NMF:

argminA,S≥0‖X− AS‖2
F

. [Lee & Seung 2001] D(·‖·)-NMF:
argminA,S≥0 D(X‖AS)

SSNMF formulations

. [H. Lee, Yoo & Choi 2009] (‖·‖F , ‖·‖F )-SSNMF:

argminA,B,S≥0‖X− AS‖2
F +λ‖Y − BS‖2

F

. [H., Kassab, Li, et. al. 2020] (‖·‖F ,D(·‖·))-SSNMF:

argminA,B,S≥0‖X− AS‖2
F +λD(Y‖BS)

. [H., Kassab, Li, et. al. 2020] (D(·‖·), ‖·‖F )-SSNMF:

argminA,B,S≥0 D(X‖AS) + λ‖Y − BS‖2
F

. [H., Kassab, Li, et. al. 2020]
(D(·‖·),D(·‖·))-SSNMF:
argminA,B,S≥0 D(X‖AS) + λD(Y‖BS)

∗ multiplicative updates [Lee &
Seung 2001]

∗ MLE [Favaro & Soatto 2007]

∗ (‖·‖F , ‖·‖F )-SSNMF
multiplicative updates [H.
Lee, Yoo & Choi 2009]

∗ multiplicative updates, MLE
[H., Kassab, Li, et. al. 2020]

[12/26]
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» Guided NMF
Idea: Instead of supervising factorization with class label matrix,
supervise with model or seed topics.

Model: Jointly factorize nonnegative data X ∈ Rn1×n2

≥0 and seed matrix

Y = [v (1), v (2), . . . , v (c)] ∈ Rn1×c
≥0 so that

X ≈ AS and Y ≈ AB.

. formulated as transposed SSNMF model, i.e.,

min
A,S,B≥0

‖X− AS‖2
F+λ‖Y − AB‖2

F

. allows for use of expert guidance

[H., Needell, Rebrova, Vendrow 2021]
Related work: [Jagarlamudi, Jagadeesh, Daume, Udupa 2012]
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» What about tensor data?

X A
S

n1 × n2 n1 × r

r × n2

ea1

es1

ear

esr
≈ = + · · ·+

nonnegative CANDECOMP/PARAFAC (CP) decomposition (NCPD)
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» Semi-supervised NCPD

X X1

X2≈

X3

X1

X2≈

B

Y

flexible to many forms of supervision

forthcoming work with Chau, Alaev, Vendrow, Grotheer, Kryshchenko, Leonard, Needell
Related work: [Verma, Liu, Wang, Zhu 2017], [Cao, Lu, Wei, Philip, Leow 2016], [Lock, Li 2018]
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» Application: COVIDx archive

Left: ‘viral pneumonia’ topic; Right: ‘Normal’ topic.
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Hierarchical Models
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» Hierarchical NMF
Model: Sequentially factorize

X ≈ A(0)S (0),S (0) ≈ A(1)S (1),S (1) ≈ A(2)S (2), ...,S (L−1) ≈ A(L)S (L).

. k(`): supertopics collecting k(`−1) subtopics

. error propagates through layers

[Cichocki, Zdunek 2006]
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» Feed-forward Neural Networks
Goal: Identify weights W (1),W (2), ...,W (L) to minimize model error

E ({W (i)}) =
N∑

n=1

f (y(xn, {W (i)}), xn, tn).

x (1)

x (2)

x (3)

x (4)

y (1)

y (2)

y (3)

Hidden
layer

Input
layer

Output
layer

Training:

. forward
propagation:
z (1) = σ(W (1)x),
z (2) = σ(W (2)z1),
...,
y = σ(W (L)z (L−1))

. back propagation:
update {W (i)} with
∇E ({W (i)})

[20/26]
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» Neural NMF
Goal: Develop forward and back propagation algorithms for hNMF.

X S (0) S (1)

q(·,A(0)) q(·,A(1))

Training:

. forward propagation:
S (0) = q(X ,A(0)),
S (1) = q(S (0),A(1)), ...,
S (L) = q(S (L−1),A(L))

. back propagation: update
{A(i)} with ∇E ({A(i)})

[Gao, H., Molitor, Needell, Sadovnik, Will, Zhang 2019]
Related work: [Flenner, Hunter 2018], [Trigeorgis, Bousmalis, Zafeiriou, Schuller 2016], [Le Roux, Hershey, Weninger 2015], [Sun,
Nasrabadi, Tran 2017]
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» What about tensor data?
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Neural NCPD model can again be formulated and trained in

neural network framework

[Vendrow, H., Needell 2021]
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» Application: MyLymeData

k(0) = 6 k(1) = 5 k(2) = 4

bulls-eye rash (diagnosing symptoms) topic does not seem

to persist for smaller number of topics
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» Application: MyLymeData

unwell and well patients have very different presentation

of bulls-eye rash symptom in topics [23/26]
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. SSNMF and SSNCPD models are maximum likelihood estimators

. they can be trained by multiplicative updates

. allow for use of side supervision information and expert guidance

. hNMF model can be implemented as a feed-forward neural network

. Neural NMF and Neural NCPD can decrease error propagation

. elucidate hierarchical relationships between learned topics and
decrease dependence upon hyperparameters

[25/26]



Motivation Introduction Supervised Models Hierarchical Models Conclusions

» Conclusions
. SSNMF and SSNCPD models are maximum likelihood estimators

. they can be trained by multiplicative updates

. allow for use of side supervision information and expert guidance

. hNMF model can be implemented as a feed-forward neural network

. Neural NMF and Neural NCPD can decrease error propagation

. elucidate hierarchical relationships between learned topics and
decrease dependence upon hyperparameters

[25/26]



Motivation Introduction Supervised Models Hierarchical Models Conclusions

» Conclusions
. SSNMF and SSNCPD models are maximum likelihood estimators

. they can be trained by multiplicative updates

. allow for use of side supervision information and expert guidance

. hNMF model can be implemented as a feed-forward neural network

. Neural NMF and Neural NCPD can decrease error propagation

. elucidate hierarchical relationships between learned topics and
decrease dependence upon hyperparameters

[25/26]



Motivation Introduction Supervised Models Hierarchical Models Conclusions

» Conclusions
. SSNMF and SSNCPD models are maximum likelihood estimators

. they can be trained by multiplicative updates

. allow for use of side supervision information and expert guidance

. hNMF model can be implemented as a feed-forward neural network

. Neural NMF and Neural NCPD can decrease error propagation

. elucidate hierarchical relationships between learned topics and
decrease dependence upon hyperparameters

[25/26]



Motivation Introduction Supervised Models Hierarchical Models Conclusions

» Conclusions
. SSNMF and SSNCPD models are maximum likelihood estimators

. they can be trained by multiplicative updates

. allow for use of side supervision information and expert guidance

. hNMF model can be implemented as a feed-forward neural network

. Neural NMF and Neural NCPD can decrease error propagation

. elucidate hierarchical relationships between learned topics and
decrease dependence upon hyperparameters

[25/26]



Motivation Introduction Supervised Models Hierarchical Models Conclusions

» Conclusions
. SSNMF and SSNCPD models are maximum likelihood estimators

. they can be trained by multiplicative updates

. allow for use of side supervision information and expert guidance

. hNMF model can be implemented as a feed-forward neural network

. Neural NMF and Neural NCPD can decrease error propagation

. elucidate hierarchical relationships between learned topics and
decrease dependence upon hyperparameters

[25/26]



Motivation Introduction Supervised Models Hierarchical Models Conclusions

» Thanks for listening! Questions?
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