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Einführung und Motivation Methodischer Überblick Verhältnis von PGM und KNN Integration von KNN in PGM Zusammenfassung/Ausblick

Probabilistische Graphische Modelle und Neuronale Netze

Beide Modelle werden oft als Netzwerk von Knoten mit Kanten dargestellt

Directed Probabilistic Graphical Model Feed-forward Neural Network
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Probabilistische Graphische Modelle und Neuronale Netze

Beide Modellparadigmen…
● …werden als Graphen visualisiert.
● …sind Methoden des maschinellen Lernens.
● …können strukturierte Eingaben verarbeiten und

strukturierte Ausgaben machen.
● …verwenden Algorithmen, welche Informationen

durch das Netzwerk propagieren.
● …sind populär.
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Probabilistische Graphische Modelle und Neuronale Netze
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Ziele dieses Vortrags

● Was sind künstliche neuronale Netze (KNN) und
was sind probabilistische graphische Modelle (PGM)?
● Neuronale Netze und Probabilistische Modelle werden beide als Graphen mit Knoten

und Kanten dargestellt: Was sind Gemeinsamkeiten und was sind Unterschiede?
● Haben KNNs vielleicht PGMs obsolet gemacht?
● Haben sie unterschiedliche Verwendungszwecke?

Bestehen jeweils Vorteile oder Nachteile?
● Wie können beide Paradigmen kombiniert werden?
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Vorgehen

● Einführung in PGMs und KNN (mit Schwerpunkt auf PGMs)
● Herausarbeiten von Unterschieden und Gemeinsamkeiten
● Verstehen von Herausforderungen und Chancen bei der Kombination
● Darstellung von möglichen zukünftigen Forschungsschritten
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Probabilistische Graphische Modelle und
Wahrscheinlichkeitsverteilungen

● PGM G ist Visualisierung von Wahrscheinlichkeitsverteilung p

● Zufallsvariablen xi entsprechen Knoten Vi

● Kanten E = (Vi, Vj) stellen Zusammenhänge zwischen xi und xj dar
● G ist … von p, wenn …

● Dependency-Map (D-Map):
xi ⊥ xj ⇒es gibt keine Kante E = (Vi, Vj) im Graph G

● Independency-Map (I-Map):
Es gibt keine Kante E = (Vi, Vj)⇒ xi ⊥ xj

● Perfect Map:
G ist D-Map und I-Map

p(x1, x2) = p(x1)p(x2)

V1

V2

V1

V2

⇒ Wir sind in der Regel an I-Maps interessiert, wenn wir Modelle graphisch erstellen.

(Beierle/Kern-Isberner 2003, Koller/Friedman 2010)
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Gerichtete Probabilistische Graphische Modelle:
Faktorisierung und Visualisierung

● Wie kommen wir nun von einer Verteilung zu einem Graph – und umgekehrt?
● Idee: Faktorisiere Verteilung mit der Kettenregel: p(x1, . . . , xn) =∏n

i=1 p(xi∣xi+1, . . . , xn)
● p(x1, x2, x3, x4, x5) = p(x1∣x2, x3, x4, x5) ⋅ p(x2∣x3, x4, x5) ⋅ p(x3∣x4, x5) ⋅ p(x4∣x5) ⋅ p(x5)

x1 x2 x3 x4 x5

● Diese Darstellung gilt für jede Verteilung und ist daher wenig hilfreich,…
● …aber wir können mit dem graphischen Modell Unabhängigkeiten implizieren.
⇒ Weniger Parameter, mit Vorannahmen angepasstes Modell

Institut für Maschinelle Sprachverarbeitung, Universität Stuttgart Roman Klinger 17. Juli 2020 9 / 65



Einführung und Motivation Methodischer Überblick Verhältnis von PGM und KNN Integration von KNN in PGM Zusammenfassung/Ausblick

Gerichtete Probabilistische Graphische Modelle:
Unabhängigkeitsannahmen

x1 x2 x3 x4 x5

p(x1, x2, x3, x4, x5) = p(x1∣x2) ⋅ p(x2∣x3) ⋅ p(x3∣x4, x5) ⋅ p(x4∣x5) ⋅ p(x5)
● Erinnerung: Wir nutzen den graphischen Formalismus um Aussagen über Annahmen in

der Wahrscheinlichkeitsverteilung zu machen.
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Populäre Beispiel-PGMs

Naïve Bayes

y

x1 x2 x3

p(y, x⃗) = p(y)∏n
i=1 p(xi∣y)

(Domingos, 1997)

Hidden Markov Model

y1

x1 x2 x3

y2 y3

p(y⃗, x⃗) =
p(y1)∏n

i=1 p(yi∣yi−1)p(xi∣yi)

(Rabiner, 1989)

Latent Dirichlet Allocation

βα

θ z w

N
M

p(w⃗, z⃗, θ⃗, α, β) =
p(β) ⋅∏M

j=1(p(θj ∣ α)⋅

∏N
t=1(p(zj,t ∣ θj)p(wj,t)))

(Blei, 2003)
Institut für Maschinelle Sprachverarbeitung, Universität Stuttgart Roman Klinger 17. Juli 2020 11 / 65
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Definition: Gerichtetes Graphisches Modell

Ein gerichtetes graphisches Modell, oder Bayesisches Netzwerk:
● ist ein gerichteter azyklischer Graph

● Knoten entsprechen Variablen
● Jeder Knoten hat eine bedingte Wahrscheinlichkeitsverteilung: p(xi ∣ Eltern(xi))
● Das Netzwerk stellt dann eine gemeinsame Wahrscheinlichkeitsverteilung dar:

p(x1, . . . , xn) =∏
i

p(xi ∣ Eltern(xi))

?
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Definition: Ungerichtete Probabilistische Graphische Modelle

● Ein paarweises Markov-Netzwerk ist ein ungerichteter Graph mit
Knoten, welche Variablen x1, . . . , xn darstellen
● Kante E = (xi, xj) ist mit Potentialfunktion Ψ(xi, xj) verknüpft

● Ein Markov-Netzwerk G mit Cliquen-Faktorisierung hat
Potenzialfunktionen welche (maximalen) Cliquen entsprechen

p(x⃗) = 1

Z
∏

C∈cliques(G)
ΨC(x⃗C)

● Typische Formulierung von Potentialfunktionen:
Ψi(x⃗) = exp(∑j λjfj(x⃗))

Ψ

Ψ
Ψ

Ψ

Ψ

Ψ

(Koller/Friedman 2010)
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Faktor-Graph

Ein Faktor-Graph ist ein bipartiter Graph über Faktoren und Variablen

● Faktor Ψi berechnet ein Skalar
über alle Variablen
● Seien x⃗ Zufallsvariablen
● Ψi(x⃗i) = exp(∑

k

λkifki(x⃗i))

● Wahrscheinlichkeitsverteilung:
p(x⃗) = 1

Z
∏
i

Ψi(x⃗i)

Ψ1

Ψ2 Ψ3

x2x1

x3 x4 x5 x6

Faktor-Knoten

Variablen-Knoten

(Bishop, 2006; Kschischang, 2001)
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Conditional Random Field als Faktorgraph

Conditional Random Field: Markovnetzwerk mit zusätzlichen, immer bekannten Parametern.

● Faktor Ψi berechnet ein Skalar
● Seien x⃗ Eingabe- und y⃗ Ausgabevariablen

● Ψi(x⃗i, y⃗i) = exp(∑
k

λkifki(x⃗i, y⃗i))

● Wahrscheinlichkeitsverteilung:
p(y⃗∣x⃗) = 1

Z(x⃗)∏i
Ψi(x⃗i, y⃗i)

Ψ1

Ψ2 Ψ3

x2x1

y1 y2 y3 y4

~x = (x1, x2)
T

~y = (y1, y2, y3, y4)
T

Faktor-Knoten

Variablen-Knoten
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Lernen und Inferenz

Lernen
● Gerichtete Modelle: Bestimmung der bedingten Wahrscheinlichkeiten durch Abzählen in

Trainingsdaten D
● Ungerichtete Modelle: Iterative Maximierung von log ∑

x⃗∈D
pλ⃗(x⃗)

Inferenzaufgaben
● Berechnen von Wahrscheinlichkeitsverteilungen einzelner Teilmengen von Knoten:

Sum-Product-Algorithm (später, Spezialfall: Forward-Backward)
● Berechnen der Belegung, welche die Gesamtwahrscheinlichkeit maximiert:

Max-Product-Algorithm (Spezialfall: Viterbi, kleine Variation zu Sum-Product)
● ⇒ Belief-Propagation
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Beispielfaktorgraph

z

yx

w

Ψ(x = 1, z = 1) = 100

Ψ(x = 1, z = 0) = 1

Ψ(x = 0, z = 1) = 1

Ψ(x = 0, z = 0) = 100

Ψ(x = 1, y = 1) = 30

Ψ(x = 1, y = 0) = 5

Ψ(x = 0, y = 1) = 1

Ψ(x = 0, y = 0) = 10

Ψ(y = 1, w = 1) = 100

Ψ(y = 1, w = 0) = 1

Ψ(y = 0, w = 1) = 1

Ψ(y = 0, w = 0) = 100

Ψ(z = 1, w = 1) = 1

Ψ(z = 1, w = 0) = 100

Ψ(z = 0, w = 1) = 100

Ψ(z = 0, w = 0) = 1
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Beispielfaktorgraph

z

yx

w

Ψ(x = 1, z = 1) = 100

Ψ(x = 1, z = 0) = 1

Ψ(x = 0, z = 1) = 1

Ψ(x = 0, z = 0) = 100

Ψ(x = 1, y = 1) = 30

Ψ(x = 1, y = 0) = 5

Ψ(x = 0, y = 1) = 1

Ψ(x = 0, y = 0) = 10

Ψ(y = 1, w = 1) = 100

Ψ(y = 1, w = 0) = 1

Ψ(y = 0, w = 1) = 1

Ψ(y = 0, w = 0) = 100

Ψ(z = 1, w = 1) = 1

Ψ(z = 1, w = 0) = 100

Ψ(z = 0, w = 1) = 100

Ψ(z = 0, w = 0) = 1

Werte
Variablenbelegung Wert Wahrscheinlichkeit

x y z w

0 0 0 0 100000 0.0159445
0 0 0 1 100000 0.0159445
0 0 1 0 100000 0.0159445
0 0 1 1 10 0.0000016
0 1 0 0 10000 0.0015945
0 1 0 1 10000 0.0015945
0 1 1 0 100 0.0000159
0 1 1 1 100 0.0000159
1 0 0 0 500 0.0000797
1 0 0 0 500 0.0000797
1 0 0 1 500 0.0000797
1 0 1 0 5000000 0.7972269
1 0 1 1 50000 0.0079723
1 1 0 0 30 0.0000048
1 1 0 1 300000 0.0478336
1 1 1 0 300000 0.0478336
1 1 1 1 300000 0.0478336
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Beispiel-Faktorgraphen

Naïve Bayes

y

x1 x2 x3

Hidden Markov Model

y1

x1 x2 x3

y2 y3

Linear-Chain
Conditional Random Field

y1

x

y2 y3

(Laffery, 2001)
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Inferenz auf einer Kette (I)

x1 x2 x3 x4 xn

● p(x⃗) = 1
ZΨ1,2(x1, x2)Ψ2,3(x2, x3)⋯Ψn−1,n(xn−1, xn)

● Annahme: Variablen können k diskrete Werte annehmen
● Jede Potentialfunktion hat also k2 Parameter
● Anzahl aller Parameter für die gemeinsame Verteilung entsprechend der Faktoren:
(n − 1)k2

● Inferenz der Randverteilung durch Aussummieren von xi:

p(xi) =∑
x1

⋯ ∑
xi−1

∑
xi+1

⋯∑
xn

p(x⃗)

● kn Werte für x⃗ – schade.
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Inferenz auf einer Kette (II)

● p(x⃗) = 1

Z
Ψ1,2(x1, x2)Ψ2,3(x2, x3)⋯Ψn−1,n(xn−1, xn)

● p(xi) =∑
x1

⋯ ∑
xi−1

∑
xi+1

⋯∑
xn

p(x⃗)

Idee: Umsortieren dieser Berechnung:

p(xi) =
1

Z
⋅

[∑
xi−1

Ψi−1,i(xi−1, xi)⋯ [∑
x2

Ψ2,3(x2, x3) [∑
x1

Ψ1,2(x1, x2)]]⋯] ⋅

[∑
xi+1

Ψi,i+1(xi, xi+1)⋯ [∑
xn

Ψn−1,n(xn−1, xn)]⋯]

⇒ O(nk2) Berechnungen, wie wir gleich sehen werden.
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Inferenz auf einer Kette (III)

p(xi) =
1

Z
⋅ [∑

xi−1

Ψi−1,i(xi−1, xi)⋯ [∑
x2

Ψ2,3(x2, x3) [∑
x1

Ψ1,2(x1, x2)]]⋯] ⋅

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
µα(xi)

[∑
xi+1

Ψi,i+1(xi, xi+1)⋯ [∑
xn

Ψn−1,n(xn−1, xn)]⋯]

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
µβ(xi)

x1 xi−1 xi xi+1 xn

µα(xi−1) µα(xi) µβ(xi) µβ(xi+1)

● Jede Nachricht ist eine Menge von k Werten
● Eine Wahrscheinlichkeit für jeden Wert
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Inferenz auf einer Kette (IV)

x1 xi−1 xi xi+1 xn

µα(xi−1) µα(xi) µβ(xi) µβ(xi+1)

Rekursive Evaluation von Nachrichten:

● µα(xi) = ∑
xi−1

Ψi−1,i(xi−1, xi)
⎡⎢⎢⎢⎢⎣
∑
xi−2

⋯
⎤⎥⎥⎥⎥⎦
= ∑

xi−1

Ψi−1,i(xi−1, xi)µα(xi−1)

● Erste Evaluation: µα(x2) = ∑x1
Ψ1,2(x1, x2)

● µβ(xi) = ∑
xi+1

Ψi+1,i(xi+1, xi)
⎡⎢⎢⎢⎢⎣
∑
xi+2

⋯
⎤⎥⎥⎥⎥⎦
= ∑

xi+1

Ψi+1,i(xi+1, xi)µβ(xi+1)
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Stand der Dinge

● Probabilistische Graphische Modelle stellen Unabhängigkeitsannahmen über
Wahrscheinlichkeitsverteilungen dar
● Inferenz ist effizient, wenn Graph ein Baum ist
● Bei beliebigen Graphen ist Inferenz NP schwer:

Approximationsalgorithmen und Samplingverfahren existieren
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Probabilistische Graphische Modelle und Neuronale Netze

Beide Modelle werden oft als Netzwerk von Knoten mit Kanten dargestellt

Directed Probabilistic Graphical Model Feed-forward Neural Network
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Ein sehr einfaches künstliches neuronales “Netzwerk”

x1

x2

x3

Eingabe Ausgabe

y

1

z =
∑
i
wixi

z

y = f (z)

w0
w1

w2

w3

f(∑
i

wixi) = y

● z =∑
i

wixi: interner Zustand

● f(⋅) Aktivierungsfunktion
(z.B. linear, tanh, sigmoid, ReLU)
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ODER mit einem Neuron

0 1

0

1

OR

x1

x2

y

1

f (
∑
i
wixi)

w2 = 10

w1 = 10

w0 = −5

x1 x2 ∑wixi Sigmoid
0 0 −5 0.007
0 1 5 0.993
1 0 5 0.993
1 1 15 0.999
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UND mit einem Neuron

0 1

0

1

AND

x1

x2

y

1

f (
∑
i
wixi)

w2 = 10

w1 = 10

w0 = −15

x1 x2 ∑wixi Sigmoid
0 0 −15 0.000
0 1 −5 0.007
1 0 −5 0.007
1 1 5 0.993
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ENTWEDER-ODER als Netzwerk von UND, NUND, und ODER

0 1

0

1

XOR

y1

1
w1,0=−10

y2

1

y3

w2,0 = 30

x1

x2

1 w3,0 = −30

w1,1=20

w1,2 = 20

w2,1=−20

w2,2=−20

w3,1=20

w3,2=20

OR

NAND

AND

x1 x2 ∑xiw1,i y1 ∑xiw2,i y2 ∑xiw3,i y3
0 0 −10 ≈ 0 30 ≈ 1 ≈ −10 ≈ 0
0 1 10 ≈ 1 10 ≈ 1 ≈ 10 ≈ 1
1 0 10 ≈ 1 10 ≈ 1 ≈ 10 ≈ 1
1 1 30 ≈ 1 −10 ≈ 0 ≈ −10 ≈ 0

● XOR = AND(OR(x1, x2),NAND(x1, x2))
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Semantik von vorwärtsgerichteten Neuronalen Netzen

Schicht 1 2 3 4

W1 W2 W3 W4

● Feed-forward Neuronal Network stellt
eine Funktionskomposition dar
● y⃗ = f⃗4(f⃗3(f⃗2(f⃗1(x⃗,W1),W2),W3),W4)
● Vorwärtspropagierung durch das Netz:

Ebenenweise Berechnung der jeweiligen
Ausgabewerte
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Inferenz und Lernen

~x Layer 1 Layer 2 Layer n− 1 Layer n ~y

● Inferenz: Forward Propagation, berechne
Ergebnisse Ebene für Ebene
● Lernen: Gewichtsanpassung durch

Minimierung eines Fehlers der Vorhersage
auf Trainingsdaten:
E(W,D) = ∑

x⃗,y⃗∗∈D

1

2
∣∣y⃗(x⃗,W) − y⃗∗∣∣2

● Minimierung durch Gradientabstieg,
Berechnung des Gradienten:
Backpropagation

(Bishop 2006)
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Backpropagation

● wt
a,b = w

t−1
a,b + α ⋅ δb ⋅ ya

● wa,b: Gewicht von Neuron a zu Neuron b
● a: Neuron in Schicht i
● b: Neuron in Schicht i + 1
● ya: Ausgabe von Neuron a

a b
wa,b

ya

c

c

c
wb,c

yb

● Lokale Gradienten δb:

● δb =
⎧⎪⎪⎨⎪⎪⎩

(y∗b − yb) ⋅ f ′(zb) wenn b in Ebene n

(∑c∈Succ(b)(δc ⋅wb,c)) ⋅ f ′(zb) sonst.
● zb: interner Zustand von b
● Rekursive Berechnung
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Beispiele für Architekturen Neuronaler Netze

Vorwärtsgerichtet

Rekurrent

Long Short-Term Memory

× +

××
σσ tanh σ

tanh

× +

××
σσ tanh σ

tanh

× +

××
σσ tanh σ

tanh

Konvolutional
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Stand der Dinge

● KNN stellen Funktionskompositionen dar
● Berechnung der Ausgabe: Vorwärtspropagierung
● Lernen: Gradientenabstieg, Backpropagation
● Komplexe Zusammenhänge durch latente Variablen lernbar
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Vergleich der Propagierungsalgorithmen

Modell-Paradigma

Aufgabe PGM FF-KNN

Inferenz Belief Propagation
(Max-Product, Max-Sum)

Vorwärtspropagierung

Lernen Zählen, Gradientenaufstieg
(Normalisierungsberechnung:
Max-Product)

Gradientenabstieg
(Gradientenbestimmung:
Backpropagation)
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Ist Belief Propagation das Gleiche wie Backpropagation?

Nein.

Unterschiede:
● Belief Propagation:

Inferenz entsprechend Struktur des graphischen Modells
● Backpropagation:

Berechnung von Gradienten entsprechend eines Fehlers in der Ausgabe
Aber:
● Es existieren Arbeiten, die die Verfahren aufeinander abbilden.

(Eisner, 2016; Dauwels, 2005; Dauwels, 2006)
● Diese Arbeiten führen nicht zu einer Gleichstellung von PGMs und KNNs.
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Sind KNN und PGM verwandt? Beispiel: XOR

● XOR mit KNN:

y1

1
w1,0=−10

y2

1

y3

w2,0 = 30

x1

x2

1 w3,0 = −30

w1,1=20

w1,2 = 20

w2,1=−20

w2,2=−20

w3,1=20

w3,2=20

OR

NAND

AND

● Faktor-Graph-Idee 1:

x1

x1

y1

y2

y3

Ψor

Ψnand

Ψand
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Sind KNN und PGM verwandt? Beispiel: XOR

x1

x1

y1

y2

y3

Ψor

Ψnand

Ψand

● Ψi(⋅) = exp(∑j λijfij(⋅))
● fi1(xa, xb) = {1, wenn xa = 1 ∧ xb = 1 ∧ y = 1; 0 sonst}
● fi2(xa, xb) = {1, wenn xa = 1 ∧ xb = 0 ∧ y = 1; 0 sonst}
● fi3(xa, xb) = {1, wenn xa = 0 ∧ xb = 1 ∧ y = 1; 0 sonst}
● fi4(xa, xb) = {1, wenn xa = 0 ∧ xb = 0 ∧ y = 1; 0 sonst}

● Ψor: λi1 = 1, λi2 = 1, λi3 = 1, λi4 = 0
● Ψnand: λi1 = 0, λi2 = 1, λi3 = 1, λi4 = 0
● Ψand: λi1 = 1, λi2 = 0, λi3 = 0, λi4 = 0

● Vergleichbare Darstellung möglich, aber Inferenz und Lernen dennoch vollkommen
unterschiedlich.
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Sind KNN und PGM verwandt? Beispiel: XOR

Idee 2:

x1

x1

y3

ΨXOR

● Ψxor(⋅) = exp(∑j λjfj(⋅))
● fi1(xa, xb) = {1, wenn xa = 1 ∧ xb = 1 ∧ y = 1; 0 sonst}
● fi2(xa, xb) = {1, wenn xa = 1 ∧ xb = 0 ∧ y = 1; 0 sonst}
● fi3(xa, xb) = {1, wenn xa = 0 ∧ xb = 1 ∧ y = 1; 0 sonst}
● fi4(xa, xb) = {1, wenn xa = 0 ∧ xb = 0 ∧ y = 1; 0 sonst}

● λ1 = 0, λ2 = 1, λ3 = 1, λ4 = 0
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Restricted Boltzmann-Machine

Versteckt

Sichtbar

h1 h2 h3 h4

v1 v2 v3 v4 v5

~h

~v

W

w
1,
1

1 bh1
1 bh2 1 bh3 1 bh4

1 1 1 1 1

bv1 bv2 bv3 bv4 bv5

~bh

~bv

h1 h2 h3 h4

v1 v2 v3 v4 v5

~h

~v

W

Versteckt

Sichtbar

~bh

~bv

● Lernt Zusammenhänge zwischen
sichtbaren Variablen v⃗ mit Hilfe der
latenten Variablen h⃗

● p(v⃗, h⃗) = 1

Z
⋅ exp (−E(v⃗, h⃗))

● E( ⃗v, h) = −b⃗⊺v v⃗ − b⃗⊺hh⃗ − v⃗
⊺Wh⃗

● p(h⃗ ∣ v⃗) =∏
i

p(hi ∣ v⃗) und

p(v⃗ ∣ h⃗) =∏
i

p(vi ∣ h⃗)

● Inferenz/Training mit
Block-Gibbs-Sampling
● Baustein zur Erstellung tiefer Netzwerke

(Goodfellow, 2016)
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Beispiele eines Deep Belief Networks

h1
1 h1

2 h1
3 h1

4

v1 v2 v3 v4 v5

h2
1 h2

2 h3
3 h4

4 h5
4

⇒ PGM
⇒ Struktur entsprechend tiefem neuronalen Netz
⇒ Semantik versteckter Variablen nicht a priori definiert
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Probabilistisches Modell mit latenten Variablen: Hidden CRF

yi−1 yi yi+1

xi−1 xi xi+1

z
● Eingabevariablen x

(immer beobachtbar)
● Ausgabevariablen z

(zum Trainingszeitpunkt beobachtbar)
● Ausgabevariablen y

(niemals beobachtbar)
⇒ Vergleichbare Situation zu

Feed-Forward Neural Networks
● Semantik der latenten Variablen ist aber

vordefiniert.
● Training: Gradientaufstieg (aber nicht konvex)

oder Expectation Maximization
(Quattoni, 2007; Tackstrom, 2011)
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Stand der Dinge

● PGMs und KNNs sind nicht das Gleiche, haben aber ähnliche Komponenten
● KNNs nutzen latente Variablen um komplexe Zusammenhänge zu lernen

● PGMs können das ebenfalls: Hidden CRF
● PGMs sind Formalismen um Annahmen über Variablenzusammenhänge zu modellieren

● Eher unüblich in KNNs
● Gewichte in (manchen) neuronalen Netzen können als Faktoren in PGMs gesehen

werden: Repräsentationslernen mit Hilfe von RBM
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Einbindung von KNN-Faktoren in PGMs?

Idee mit Beispiel:
● Modellierung der Zusammenhänge entsprechend

Expertenwissen für Variablen mit bekannter
Semantik
● Einbindung von neuronalen Faktoren für

automatisches Lernen komplexer Zusammenhänge
● Ψ1(x11, x21, x22) = exp(∑i(λif(x11, x21, x22)))
● Ψ4(x31, x32, x33) = RNN(⋅)
● Ψ5(x⃗) = FFNN(⋅)
● p(x⃗) = 1

Z ⋅∏iΨi(⋅)
● Welche Realisierungen gibt es von solchen Modellen?
● Ich stelle nun einige Fallstudien vor.

x11

x21 x22

x31 x32 x33

Ψ1

Ψ2 Ψ3

Ψ4

Ψ5
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LSTM-CRF

Idee: Modelliere Eigenschaften der Ausgabevariablen mit einem PGM, nutze flexibles RNN
um Dateneigenschaften zu lernen.

x1

y1 y2 y3

lstm lstm lstm

x2 x3

● Standard linear-chain CRF:
p(y⃗ ∣ x⃗) = 1

Z(x⃗)∏i
exp(∑

j

λjfj(yi−1, yi, x⃗, i))

● Andere Formulierung:
p(y⃗ ∣ x⃗) =
1

Z(x⃗)
⋅∏

i

exp(∑
j

λjf(yi−1, yi)) ⋅∏
i

exp(∑
j

λjf(x⃗, yi, i))

● Ersetze datenbezogenes Log-lineares Modell durch LSTM:
p(y⃗ ∣ x⃗) = 1

Z(x⃗)
⋅∏

i

exp(∑
j

λjf(yi−1, yi)) ⋅∏
i

lstm(x⃗i, yi)

Dies ist ein etabliertes Modell.
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LSTM-CRF Anwendungsbeispiele (1)

Labeling von Wörtern in Text mit einer IOBE-Sequenz (Huang et al., 2015)

x⃗ = the Severe acute respiratory syndrome coronavirus 2 …
y⃗ = O B I I I I E …

CRF-Schicht zeigt Fehlerreduktion von etwa 10 %
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LSTM-CRF Anwendungsbeispiele (2)

2D-Variante: Bildsegmentierung (Zheng et al., 2015)

Verbesserungen insbesondere bei filigranen Strukturen
(http://www.robots.ox.ac.uk/~szheng/crfasrnndemo/)
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LSTM-CRF Anwendungsbeispiele (3)

Manoeverentscheidungen bei autonomem Fahren (Wang et al., 2018)

LSTM-CRF Sub-Model
for Saliency Detection

LSTM-CRF Sub-Model
for Maneuver Decision

Salient
Situation?

Context 
Vectors
(50x32)

Decision
OutputLane Keeping No

Yes

Fig. 3. The overall architecture of proposed human-like maneuver decision method. Two LSTM-CRF sub-models are combined in this method. One
sub-model is to distinguish whether the current neighboring traffic situation is ordinary or salient. The other one is to make maneuver decision under salient
traffic situations.

Moving Direction

Lane Changing

(5s)

Lane Keeping

(5s)

Lane Keeping

(5s)

Salient Traffic Situation

Fig. 4. Proposed four stages of lane-changing procedure inside one salient
traffic situation. Other traffic situations with no lane-changing instances are
regarded as ordinary ones.

decision of preparing a lane changing will always be given
after lane keeping decisions, and lane changing decisions will
always be followed by lane keeping decisions. LSTM can
not model the relationship between decisions, thus the CRF
model, which is good at addressing transitions among hidden
states, is added to smooth the outputs of LSTM. Figure 2
shows the architecture of the proposed LSTM-CRF model.
In the beginning, a set of context vector ci over a time
window of th is fed into two layers of LSTM neural network,
with 128 units at each layer. Then, one layer of CRF units
is deployed to output the maneuver decision. Note that the
structure of the LSTM network is carefully chosen according
to a comparitive experiment. In this experiment, a number of
samples from the NGSIM dataset are used to evaluate the
learning performance of LSTMs with different structures.
Table I shows the evaluation result. The 128-128 LSTM
network is chosen to achieve the best compromise between
learning performance and computational consumption.

C. Proposed Method

If one can effectively train a LSTM-CRF model with
human driving datasets, human-like maneuver decision can
be achieved. However, it is difficult due to the unbalanced
nature of human driving dataset. Lane keeping always acts as
the dominance maneuver inside the dataset. Other maneuvers
are, in contrary, rarely happened. This unbalancing makes
it difficult to train a LSTM-CRF model end-to-end directly.
Therefore, following strategies are applied to mitigate this
issue.

1) Despite that human drivers will face a great variety
of neighboring traffic situations, they will consider
to change the lane only in some of these situations.

Thus, neighboring traffic situations are first divided into
ordinary and salient situations as shown in Figure 4.
It is assumed that human drivers will merely follow
the lane in ordinary traffic situations, and will consider
other maneuvers in salient ones.

2) Similar as [19], the entire lane changing process is
separated into four stages inside one salient situation,
as shown in Figure 4. In the first stage, the human
driver follows the lane while considering whether it
is better to change a lane. In the second stage, the
human driver decides to change the lane, and is looking
for opportunities. In the third stage, the lane changing
behavior is executed. In the final stage, the human
driver adjusts the vehicle to follow the new lane.
According to the statistics in [24], 5 seconds are given
for each stage. The maneuver in Equation 3 is thus
defined as:

mt =

8
>>><

>>>:

[1, 0, 0, 0] if Lane Keeping

[0, 1, 0, 0] if Change Preparing

[0, 0, 1, 0] if Left Changing

[0, 0, 0, 1] if Right Changing

(4)

3) Obviously, the task to distinguish ordinary and salient
traffic situations can also be described as a sequence
labeling problem. Thus, another LSTM-CRF model is
applied to solve this task.

In total, the proposed human-like maneuver decision
method is consisted of two LSTM-CRF sub-models, as
shown in Figure 3. One is dedicated to distinguish whether
the current neighboring traffic situation is ordinary or salient.
The other one is to make maneuver decision merely under
salient situations. During ordinary situations, only lane keep-
ing decisions will be given.

IV. EXPERIMENT

In order to learn from human drivers, the proposed model
need to be trained on naturalistic driving data. The NGSIM
dataset [12] is choosen as the data source for training
and testing. This dataset contains driving maneuvers and
trajectories from over 5000 human drivers, collected at U.S.
Highway 101 in Los Angeles, California and several other
urban traffics. Because the quality of samples can not be
guaranteed, cross validation is not adopted here. Instead, we
picked out ideal samples for training, and used the entire
dataset for performance evaluation.

213
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Lane Keeping Change prep Left change Right change
P R P R P R P R F1

LSTM .99 .80 .39 .97 .67 .97 .61 .97 .75
LSTM+CRF .99 .78 .42 .99 .80 .98 .79 .99 .81

Institut für Maschinelle Sprachverarbeitung, Universität Stuttgart Roman Klinger 17. Juli 2020 52 / 65



Einführung und Motivation Methodischer Überblick Verhältnis von PGM und KNN Integration von KNN in PGM Zusammenfassung/Ausblick

Mehrere in Relation stehende Sequenzen

Faktorielle Conditional Random Fields (Sutton, 2007)

~x

y11 y12 y13

y21 y22 y23

● Entspricht Kombination zweier linearer
Ketten, welche mit einer Eingabe
konditioniert werden
● Aber: Vorhersage ist nicht unabhängig,

daher messen Faktoren Kompatibilität
zwischen Ausgabesequenzen
● Loopy Graph!
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Mehrere in Relation stehende Sequenzen:
Morphologisches Tagging

Neural Factor Graph Models for Cross-lingual Morphological Tagging (Malaviya et al., 2018)

Proceedings of the 56th Annual Meeting of the Association for Computational Linguistics (Long Papers), pages 2653–2663
Melbourne, Australia, July 15 - 20, 2018. c�2018 Association for Computational Linguistics

2653

Neural Factor Graph Models for Cross-lingual Morphological Tagging

Chaitanya Malaviya and Matthew R. Gormley and Graham Neubig

Language Technologies Institute, Machine Learning Department
Carnegie Mellon University

{cmalaviy,mgormley,gneubig}@cs.cmu.edu

Abstract

Morphological analysis involves predict-
ing the syntactic traits of a word (e.g.
{POS: Noun, Case: Acc, Gender: Fem}).
Previous work in morphological tagging
improves performance for low-resource
languages (LRLs) through cross-lingual
training with a high-resource language
(HRL) from the same family, but is limited
by the strict—often false—assumption
that tag sets exactly overlap between the
HRL and LRL. In this paper we pro-
pose a method for cross-lingual morpho-
logical tagging that aims to improve in-
formation sharing between languages by
relaxing this assumption. The proposed
model uses factorial conditional random
fields with neural network potentials, mak-
ing it possible to (1) utilize the expres-
sive power of neural network represen-
tations to smooth over superficial differ-
ences in the surface forms, (2) model pair-
wise and transitive relationships between
tags, and (3) accurately generate tag sets
that are unseen or rare in the training data.
Experiments on four languages from the
Universal Dependencies Treebank (Nivre
et al., 2017) demonstrate superior tagging
accuracies over existing cross-lingual ap-
proaches.1

1 Introduction

Morphological analysis (Hajič and Hladká (1998),
Oflazer and Kuruöz (1994), inter alia) is the task
of predicting fine-grained annotations about the
syntactic properties of tokens in a language such

1Our code and data is publicly available at
www.github.com/chaitanyamalaviya/

NeuralFactorGraph.

Figure 1: Morphological tags for a UD sentence
in Portuguese and a translation in Spanish

as part-of-speech, case, or tense. For instance,
in Figure 1, the given Portuguese sentence is la-
beled with the respective morphological tags such
as Gender and its label value Masculine.

The accuracy of morphological analyzers is
paramount, because their results are often a first
step in the NLP pipeline for tasks such as transla-
tion (Vylomova et al., 2017; Tsarfaty et al., 2010)
and parsing (Tsarfaty et al., 2013), and errors in
the upstream analysis may cascade to the down-
stream tasks. One difficulty, however, in creating
these taggers is that only a limited amount of anno-
tated data is available for a majority of the world’s
languages to learn these morphological taggers.
Fortunately, recent efforts in morphological an-
notation follow a standard annotation schema for
these morphological tags across languages, and
now the Universal Dependencies Treebank (Nivre
et al., 2017) has tags according to this schema in
60 languages.

Cotterell and Heigold (2017) have recently
shown that combining this shared schema with
cross-lingual training on a related high-resource
language (HRL) gives improved performance
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Figure 2: FCRF-LSTM Model for morphological
tagging

on tagging accuracy for low-resource languages
(LRLs). The output space of this model consists of
tag sets such as {POS: Adj, Gender: Masc, Num-
ber: Sing}, which are predicted for a token at each
time step. However, this model relies heavily on
the fact that the entire space of tag sets for the
LRL must match those of the HRL, which is of-
ten not the case, either due to linguistic divergence
or small differences in the annotation schemes be-
tween the two languages.2 For instance, in Fig-
ure 1 “refrescante” is assigned a gender in the Por-
tuguese UD treebank, but not in the Spanish UD
treebank.

In this paper, we propose a method that in-
stead of predicting full tag sets, makes predictions
over single tags separately but ties together each
decision by modeling variable dependencies be-
tween tags over time steps (e.g. capturing the fact
that nouns frequently occur after determiners) and
pairwise dependencies between all tags at a sin-
gle time step (e.g. capturing the fact that infini-
tive verb forms don’t have tense). The specific
model is shown in Figure 2, consisting of a facto-
rial conditional random field (FCRF; Sutton et al.
(2007)) with neural network potentials calculated
by long short-term memory (LSTM; (Hochreiter
and Schmidhuber, 1997)) at every variable node
(§3). Learning and inference in the model is made

2In particular, the latter is common because many UD re-
sources were created by full or semi-automatic conversion
from treebanks with less comprehensive annotation schemes
than UD. Our model can generate label values for these tags
too, which could possibly aid the enhancement of UD anno-
tations, although we do not examine this directly in our work.

tractable through belief propagation over the pos-
sible tag combinations, allowing the model to con-
sider an exponential label space in polynomial
time (§3.5).

This model has several advantages:

• The model is able to generate tag sets un-
seen in training data, and share information
between similar tag sets, alleviating the main
disadvantage of previous work cited above.

• Our model is empirically strong, as vali-
dated in our main experimental results: it
consistently outperforms previous work in
cross-lingual low-resource scenarios in ex-
periments.

• Our model is more interpretable, as we can
probe the model parameters to understand
which variable dependencies are more likely
to occur in a language, as we demonstrate in
our analysis.

In the following sections, we describe the model
and these results in more detail.

2 Problem Formulation and Baselines

2.1 Problem Formulation

Formally, we define the problem of morpholog-
ical analysis as the task of mapping a length-T
string of tokens x = x1, . . . , xT into the tar-
get morphological tag sets for each token y =
y1, . . . ,yT . For the tth token, the target label
yt = yt,1, . . . , yt,m defines a set of tags (e.g.
{Gender: Masc, Number: Sing, POS: Verb}). An
annotation schema defines a set S of M possi-
ble tag types and with the mth type (e.g. Gen-
der) defining its set of possible labels Ym (e.g.
{Masc, Fem, Neu}) such that yt,m 2 Ym. We
must note that not all tags or attributes need to
be specified for a token; usually, a subset of S is
specified for a token and the remaining tags can
be treated as mapping to a NULL 2 Ym value. Let
Y = {(y1, . . . , yM ) : y1 2 Y1, . . . , yM 2 YM}
denote the set of all possible tag sets.

2.2 Baseline: Tag Set Prediction

Data-driven models for morphological analy-
sis are constructed using training data D =
{(x(i),y(i))}Ni=1 consisting of N training exam-
ples. The baseline model (Cotterell and Heigold,
2017) we compare with regards the output space
of the model as a subset Ỹ ⇢ Y where Ỹ is the
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Language Model tgt size = 100 tgt size=1000
Accuracy F1-Micro F1-Macro Accuracy F1-Macro F1-Micro

SV
Baseline 15.11 8.36 10.37 68.64 76.36 76.50

Ours 29.47 54.09 54.36 71.32 84.42 84.46

BG
Baseline 29.05 14.32 29.62 59.20 67.22 67.12

Ours 27.81 40.97 42.43 39.25 60.23 60.84

HU
Baseline 21.97 13.30 16.67 50.75 58.68 62.79

Ours 33.32 54.88 54.69 45.90 74.05 73.38

PT
Baseline 18.91 7.10 10.33 74.22 81.62 81.87

Ours 58.82 73.67 74.07 76.26 87.13 87.22

Table 3: Token-wise accuracy and F1 scores on mono-lingual experiments

4.2 Baseline Tagger

As the baseline tagger model, we re-implement
the SPECIFIC model from Cotterell and Heigold
(2017) that uses a language-specific softmax layer.
Their model architecture uses a character biLSTM
embedder to obtain a vector representation for
each token, which is used as input in a word-level
biLSTM. The output space of their model is all
the tag sets seen in the training data. This work
achieves strong performance on several languages
from UD on the task of morphological tagging and
is a strong baseline.

4.3 Training Regimen

We followed the parameter settings from Cotterell
and Heigold (2017) for the baseline tagger and
the neural component of the FCRF-LSTM model.
For both models, we set the input embedding and
linear layer dimension to 128. We used 2 hidden
layers for the LSTM where the hidden layer di-
mension was set to 256 and a dropout (Srivastava
et al., 2014) of 0.2 was enforced during training.
All our models were implemented in the PyTorch
toolkit (Paszke et al., 2017). The parameters of the
character biLSTM and the word biLSTM were ini-
tialized randomly. We trained the baseline models
and the neural factor graph model with SGD and
Adam respectively for 10 epochs each, in batches
of 64 sentences. These optimizers gave the best
performances for the respective models.

For the FCRF, we initialized transition and pair-
wise parameters with zero weights, which was im-
portant to ensure stable training. We considered
BP to have reached convergence when the maxi-
mum residual error was below 0.05 or if the max-
imum number of iterations was reached (set to
40 in our experiments). We found that in cross-

lingual experiments, when tgt size = 100, the
relatively large amount of data in the HRL was
causing our model to overfit on the HRL and not
generalize well to the LRL. As a solution to this,
we upsampled the LRL data by a factor of 10 when
tgt size = 100 for both the baseline and the pro-
posed model.

Evaluation: Previous work on morphological
analysis (Cotterell and Heigold, 2017; Buys and
Botha, 2016) has reported scores on average
token-level accuracy and F1 measure. The av-
erage token level accuracy counts a tag set pre-
diction as correct only it is an exact match with
the gold tag set. On the other hand, F1 mea-
sure is measured on a tag-by-tag basis, which al-
lows it to give partial credit to partially correct tag
sets. Based on the characteristics of each eval-
uation measure, Accuracy will favor tag-set pre-
diction models (like the baseline), and F1 mea-
sure will favor tag-wise prediction models (like
our proposed method). Given the nature of the
task, it seems reasonable to prefer getting some of
the tags correct (e.g. Noun+Masc+Sing becomes
Noun+Fem+Sing), instead of missing all of them
(e.g. Noun+Masc+Sing becomes Adj+Fem+Plur).
F-score gives partial credit for getting some of the
tags correct, while tagset-level accuracy will treat
these two mistakes equally. Based on this, we
believe that F-score is intuitively a better metric.
However, we report both scores for completeness.

5 Results and Analysis

5.1 Main Results

First, we report the results in the case of mono-
lingual training in Table 3. The first row for each
language pair reports the results for our reimple-
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Relationserkennung in Text

● Relationserkennung: Integration von neuronalen Netzen mit
Merkmalen (Gormley, 2015)
● SRL: Prädikate und Rollen werden durch neuronale

Faktoren bewertet (FitzGerald, 2015)
● AMR Parsing: Integration von Konzepterkennung und

Relationserkennung in gemeinsamem Model (Lyu, 2018)
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Based on above ideas, we achieve a general model and can easily apply to model to an NLP task
without the need for designing model structures or selecting features from scratch. Specifically, if
we denote a instance as (y, S), where S is an arbitrary language structure and y is the label for
the structure. Then we decompose the structure to some factors following S = {f}. For each
factor f , there is a list of m associated features g = g1, g2, ..., gm, and a list of t associated words
wf,1, wf,2, ..., wf,t � f . Here we suppose that each factor has the same number of words, and there
is a transformation from the words in a factor to a hidden layer as follows:

hf = �
��

ewf,1 : ewf,2 : ... : ewf,t

�
· W

�
, (1)

where ewi is the word embedding for word wi. Suppose the word embeddings have de dimensions
and the hidden layer has dh dimensions. Here W = [W1W2...Wt], each Wj is a de � dh matrix,
is a transformation from the concatenation of word embeddings to the inputs of the hidden layer.
Then the sigmoid transformation � will be used to get the values of hidden layer from its inputs.
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Dev MRR Test MRR
Model Fine-tuning supervison 1,000 10,000 100,000 1,000 10,000 100,000

SUM
- - 46.95 35.29 30.69 52.63 41.19 37.32
Y PPDB 50.81 36.81 32.92 57.23 45.01 41.23

RNN (d=50) Y PPDB 45.67 30.86 27.05 54.84 39.25 35.49
RNN (d=200) Y PPDB 48.97 33.50 31.13 53.59 40.50 38.57

FCT
N PPDB 47.53 35.58 31.31 54.33 41.96 39.10
Y PPDB 51.22 36.76 33.59 61.11 46.99 44.31

FCT
- LM 49.43 37.46 32.22 53.56 42.63 39.44
Y LM + PPDB 53.82 37.48 34.43 65.47 49.44 45.65

joint LM + PPDB 56.53 41.41 36.45 68.52 51.65 46.53

Table 9: Performance on the semantic similarity task with PPDB data.
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Based on above ideas, we achieve a general model and can easily apply to model to an NLP task
without the need for designing model structures or selecting features from scratch. Specifically, if
we denote a instance as (y, S), where S is an arbitrary language structure and y is the label for
the structure. Then we decompose the structure to some factors following S = {f}. For each
factor f , there is a list of m associated features g = g1, g2, ..., gm, and a list of t associated words
wf,1, wf,2, ..., wf,t � f . Here we suppose that each factor has the same number of words, and there
is a transformation from the words in a factor to a hidden layer as follows:

hf = �
��

ewf,1 : ewf,2 : ... : ewf,t

�
· W

�
, (1)

where ewi is the word embedding for word wi. Suppose the word embeddings have de dimensions
and the hidden layer has dh dimensions. Here W = [W1W2...Wt], each Wj is a de � dh matrix,
is a transformation from the concatenation of word embeddings to the inputs of the hidden layer.
Then the sigmoid transformation � will be used to get the values of hidden layer from its inputs.

Figure 1: Tensor representation of the FCT model. (a) Representation of an input sentence. (b)
Representation for the parameter space.

Based on above notations, we can represent each factor as the outer product between the feature
vector and the hidden layer of transformed embedding gf�hf . The we use a tensor T = L�E�F
as in Figrure 1(b) to transform this input matrix to the labels. Here L is the set of labels, E refers to
all dimensions of hidden layer (|E| = 200) and F is the set of features.

In order to predict the conditional probability of a label y given the structure S, we have

P (y|S;T ) =
exp{s(y, S;T )}�

y��L exp{s(y�, S;T )} , (2)

where s(y, S;T ) is the score of label y computed with our model. Since we decompose the struc-
ture S to factors, each factor fi � S will contribute to the score based on the model parameters.
Specifically, each label y corresponds to a slice of the tensor Ty , which is a matrix �(y, ·, ·). Then
each factor fi will contribute a score

s(y, fi) = Ty � gf � hf , (3)
where � correspond to tensor product, while in the case of Eq.(3), it has the equivalent form:

Ty � gf � hf = Ty � (gf � hf ) = (�(y, ·, ·) · gf )T hf .

In this way, the target score of label y given an instance S and parameter tensor T can be written as:

s(y, S;T ) =
n�

i=1

s(y, fi;T ) =
n�

i=1

Ty � gfi � hfi . (4)

The FCM model only performs linear transformations on each view of the tensor, making the model
efficient and easy to implement.

Learning In order to train the parameters we optimize the following cross-entropy objective:

�(D;T,W ) =
�

(y,S)�D

log P (y|S;T,W )

where D is the set of all training data. We used AdaGrad [9] to optimize above
objective. Therefore we are performing stochastic training; and for each in-
stance (y, S) the loss function � = �(y, S;T,W ) = log P (y|S;T,W ). Then
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Classifier Features F1
SVM [] POS, prefixes, morphological, WordNet, dependency parse, 82.2
(Best in SemEval2010) Levin classed, ProBank, FrameNet, NomLex-Plus,

Google n-gram, paraphrases, TextRunner

RNN word embeddings, syntactic parse 74.8
word embeddings, syntactic parse, POS, NER, WordNet 77.6

MVRNN word embeddings, syntactic parse 79.1
word embedding, syntactic parse, POS, NER, WordNet 82.4

FCM (fixed-embedding) word embeddings, dependency parse, WordNet 82.0
FCM (fine-tuning) word embeddings, dependency parse, WordNet 82.3
FCM + linear word embeddings, dependency parse, WordNet

Table 2: Feature sets used in FCM.
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where ewi is the word embedding for word wi. Suppose the word embeddings have de dimensions
and the hidden layer has dh dimensions. Here W = [W1W2...Wt], each Wj is a de � dh matrix,
is a transformation from the concatenation of word embeddings to the inputs of the hidden layer.
Then the sigmoid transformation � will be used to get the values of hidden layer from its inputs.
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Representation for the parameter space.

Based on above notations, we can represent each factor as the outer product between the feature
vector and the hidden layer of transformed embedding gf�hf . The we use a tensor T = L�E�F
as in Figrure 1(b) to transform this input matrix to the labels. Here L is the set of labels, E refers to
all dimensions of hidden layer (|E| = 200) and F is the set of features.

In order to predict the conditional probability of a label y given the structure S, we have
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where s(y, S;T ) is the score of label y computed with our model. Since we decompose the struc-
ture S to factors, each factor fi � S will contribute to the score based on the model parameters.
Specifically, each label y corresponds to a slice of the tensor Ty , which is a matrix �(y, ·, ·). Then
each factor fi will contribute a score

s(y, fi) = Ty � gf � hf , (3)
where � correspond to tensor product, while in the case of Eq.(3), it has the equivalent form:
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efficient and easy to implement.
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�(D;T,W ) =
�

(y,S)�D

log P (y|S;T,W )

where D is the set of all training data. We used AdaGrad [9] to optimize above
objective. Therefore we are performing stochastic training; and for each in-
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Figure 1: Tensor representation of the FCT model. (a) Representation of an input structure. (b)
Representation for the parameter space.

Based on above notations, we can represent each factor as the outer product between the feature
vector and the hidden layer of transformed embedding gf�hf . The we use a tensor T = L�E�F
as in Figrure 1(b) to transform this input matrix to the labels. Here L is the set of labels, E refers to
all dimensions of hidden layer (|E| = 200) and F is the set of features.

In order to predict the conditional probability of a label y given the structure S, we have

P (y|S;T ) =
exp{s(y, S;T )}�

y��L exp{s(y�, S;T )} , (2)

where s(y, S;T ) is the score of label y computed with our model. Since we decompose the struc-
ture S to factors, each factor fi � S will contribute to the score based on the model parameters.
Specifically, each label y corresponds to a slice of the tensor Ty , which is a matrix �(y, ·, ·). Then
each factor fi will contribute a score

s(y, fi) = Ty � gf � hf , (3)

where � correspond to tensor product, while in the case of Eq.(3), it has the equivalent form:

Ty � gf � hf = Ty � (gf � hf ) = (�(y, ·, ·) · gf )T hf .

In this way, the target score of label y given an instance S and parameter tensor T can be written as:

s(y, S;T ) =
n�

i=1

s(y, fi;T ) =
n�

i=1

Ty � gfi � hfi . (4)

The FCM model only performs linear transformations on each view of the tensor, making the model
efficient and easy to implement.

Learning In order to train the parameters we optimize the following cross-entropy objective:

�(D;T,W ) =
�

(y,S)�D

log P (y|S;T,W )

where D is the set of all training data. We used AdaGrad [9] to optimize above
objective. Therefore we are performing stochastic training; and for each in-
stance (y, S) the loss function � = �(y, S;T,W ) = log P (y|S;T,W ). Then

2

bc cts wl
Model P R F1 P R F1 P R F1
HeadEmb
CNN (wsize=1) + local features
CNN (wsize=3) + local features
FCT local only
FCT global 60.69 42.39 49.92 56.41 34.45 42.78 41.95 31.77 36.16
FCT global (Brown) 63.15 39.58 48.66 62.45 36.47 46.05 54.95 29.93 38.75
FCT global (WordNet) 59.00 44.79 50.92 60.20 39.60 47.77 50.95 34.18 40.92
PET (Plank and Moschitti, 2013) 51.2 40.6 45.3 51.0 37.8 43.4 35.4 32.8 34.0
BOW (Plank and Moschitti, 2013) 57.2 37.1 45.0 57.5 31.8 41.0 41.1 27.2 32.7
Best (Plank and Moschitti, 2013) 55.3 43.1 48.5 54.1 38.1 44.7 39.9 35.8 37.8

Table 7: Performance on ACE2005 test sets. The first part of the table shows the performance of different models on
different sources of entity types, where ”G” means that the gold types are used and ”P” means that we are using the
predicted types. The second part of the table shows the results under the low-resource setting, where the entity types
are unknown.

Dev MRR Test MRR
Model Fine-tuning 1,000 10,000 100,000 1,000 10,000 100,000
SUM - 46.95 35.29 30.69 52.63 41.19 37.32
SUM Y 50.81 36.81 32.92 57.23 45.01 41.23
Best Recursive NN (d=50) Y 45.67 30.86 27.05 54.84 39.25 35.49
Best Recursive NN (d=200) Y 48.97 33.50 31.13 53.59 40.50 38.57
FCT N 47.53 35.58 31.31 54.33 41.96 39.10
FCT Y 51.22 36.76 33.59 61.11 46.99 44.31
FCT + LM - 49.43 37.46 32.22 53.56 42.63 39.44
FCT + LM +supervised Y 53.82 37.48 34.43 65.47 49.44 45.65

joint 56.53 41.41 36.45 68.52 51.65 46.53

Table 8: Performance on the semantic similarity task with PPDB data.
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Figure 1: Example construction of substructure embeddings. Each substructure is a word wi in S, augmented by the target
entity information and related information from annotation A (e.g. a dependency tree). We show the factorization of the
annotated sentence into substructures (left), the concatenation of the substructure embeddings for the sentence (middle), and a
single substructure embedding from that concatenation (right). The annotated sentence embedding (not shown) would be the
sum of the substructure embeddings, as opposed to their concatenation.

the previous subsection. The model uses its pa-
rameters to score the annotated sentence embed-
ding and uses a softmax to produce an output la-
bel. We call the entire model the Feature-rich
Compositional Embedding Model (FCM).

Our task is to determine the label y (relation)
given the instance x = (M1, M2, S,A). We for-
mulate this as a probability.

P (y|x;T, e) =
exp (

�n
i=1 Ty � (fwi � ewi))

Z(x)
(2)

where � is the ‘matrix dot product’ or Frobe-
nious inner product of the two matrices. The
normalizing constant which sums over all possi-
ble output labels y� � L is given by Z(x) =�

y��L exp
��n

i=1 Ty� � (fwi � ewi)
�
. The pa-

rameters of the model are the word embeddings
e for each word type and a list of weight matrix
T = [Ty]y�L which is used to score each label
y. The model is log-bilinear 6 (i.e. log-quadratic)
since we recover a log-linear model by fixing ei-
ther e or T . We study both the full log-bilinear and
the log-linear model obtained by fixing the word
embeddings.

3.3 Discussion of the Model

Substructure Embeddings Similar words (i.e.
those with similar embeddings) with similar func-
tions in the sentence (i.e. those with similar fea-
tures) will have similar matrix representations. To
understand our selection of the outer product, con-
sider the example in Fig. 1. The word “driving”
can indicate the ART relation if it appears on the

6Other popular log-bilinear models are the log-bilinear
language models (Mnih and Hinton, 2007; Mikolov et al.,
2013).

dependency path between M1 and M2. Suppose
the third feature in fwi indicates this on-path
feature. Our model can now learn parameters
which give the third row a high weight for the
ART label. Other words with embeddings similar
to “driving” that appear on the dependency path
between the mentions will similarly receive high
weight for the ART label. On the other hand, if the
embedding is similar but is not on the dependency
path, it will have 0 weight. Thus, our model gen-
eralizes its model parameters across words with
similar embeddings only when they share similar
functions in the sentence.

Smoothed Lexical Features Another intuition
about the selection of outer product is that it is
actually a smoothed version of traditional lexical
features used in classical NLP systems. Consider
a lexical feature f = u � w, which is a conjunc-
tion (logic-and) between non-lexical property u
and lexical part (word) w. If we represent w as
a one-hot vector, then the outer product exactly re-
covers the original feature f . Then if we replace
the one-hot representation with its word embed-
ding, we get the current form of our FCM. There-
fore, our model can be viewed as a smoothed ver-
sion of lexical features, which keeps the expres-
sive strength, and uses embeddings to generalize
to low frequency features.

Time Complexity Inference in FCM is much
faster than both CNNs (Collobert et al., 2011) and
RNNs (Socher et al., 2013b; Bordes et al., 2012).
FCM requires O(snd) products on average with
sparse features, where s is the average number of
per-word non-zero feature values, n is the length
of the sentence, and d is the dimension of word
embedding. In contrast, CNNs and RNNs usually
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Figure 2: Neural network architecture.

Let R|S| denote the set of all possible assign-
ments of semantic roles to argument spans (si, ri)
for si 2 S that satisfy the constraints. Given a
potential function g(s, r) , g(s, r;✓), the proba-
bility of a joint assignment r 2 R|S|, subject to the
constraints, is given by

p(r | x, t, `, f) = exp

0

@
X

si2S
g(si, ri)�A(S)

1

A ,

(1)

where the log-partition function A(S) sums over
all satisfying joint role assignments:

A(S) = log
X

r02R|S|

exp

0

@
X

si2S
g(si, r

0
i)

1

A . (2)

3.2 Neural Network Potentials
Our approach replaces the standard linear poten-
tial function gL(s, r;✓) with the real-valued output
of a feed forward neural network with non-linear
hidden units. The network structure is outlined in
Figure 2. The frame f and role r are initially en-
coded using a one-hot encoding as if and ir. In
other words, if and ir have all zeros except for one
position at f and r respectively. These are passed
through fully connected linear layers to give ef

and er. We call these linear layers the embedding

layers since if selects the embedding of the frame
f and ir for r. Next, ef and er are passed through
a fully connected rectified linear layer (Nair and
Hinton, 2010), to obtain the final frame-role repre-
sentation v(f,r). For the candidate span, the process
is similar. Atomic features �(s, x, t, `) for the ar-
gument span s are extracted first. (These features
are the non-conjoined features used in the linear

• first word of s • tag of the first word of s
• last word of s • tag of the last word of s
• head word of s • tag of the head word of s
• bag of words in s • bag of tags in s
• cluster of s’s head • linear distance of s from t
• t’s children words • word cluster of s’s head
• dependency path between s’s head and t
• subcategorization frame of s
• position of s w.r.t. t (before, after, overlap or same)
• predicate use voice (active, passive, or unknown)
• whether the subject of t is missing (missingsubj)
• position of s w.r.t. t (before, after, overlap or same)
• word, tag, dependency label and cluster of the words

immediately to the left and right of s

Table 1: Span features �(s, x, t, `) in Figure 2.

model of Täckström et al.; see Table 1 for the list).
These are next passed through a fully-connected
linear embedding layer to get the span embedding
es, which is subsequently passed through a fully
connected rectified linear layer to obtain vs, the
final span representation. The final output is the
dot product of vs and v(f,r):

gNN(s, r;✓) = v>s · v(f,r) . (3)

The weights of all the layers constitute the param-
eters ✓ of the neural network. We initialize ✓ ran-
domly, with the exception of embedding parame-
ters corresponding to words, which are initialized
from pre-trained word embeddings (see §4.4 for
details). We train the network as described in §3.3.3

Note that unlike typical linear models, the atomic
span features are not explicitly conjoined with each
other, the frame or the role. Instead the hidden
layers learn to emulate span feature conjunctions
and frame and role feature conjunctions in paral-
lel.4 Moreover, note that span vs and frame-role
v(f,r) representations are decoupled in this model.
This decoupling is important as it allows us to train
a single model in a multitask setting. We demon-
strate this by successfully combining PropBank
and FrameNet training data, as described in §5.

3.3 Parameter Estimation

We consider two methods for parameter estimation.

3Various other network structures are worth investigating,
such as concatenating the span, frame and role representa-
tions and passing them through fully connected layers. This
treatment, for example, has been used by Chen and Manning
(2014) for syntactic parsing. We leave these explorations to
future work.

4We found that adding feature conjunctions to the net-
work’s input layer did not improve performance in practice.

963
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Figure 2: Relation identification: predicting a re-
lation between boy and go-02 relying on the two
concepts and corresponding RNN states.

that each word corresponds to at most one con-
cept (if any). This encourages competition: align-
ments are mutually-repulsive. In our example, ob-
ligate is not lexically similar to the word must and
may be hard to align. However, given that other
concepts are easy to predict, alignment candidates
other than must and the will be immediately ruled
out. We believe that these are the key reasons for
why attention-based neural models do not achieve
competitive results on AMR (Konstas et al., 2017)
and why state-of-the-art models rely on aligners.
Our goal is to combine best of two worlds: to
use alignments (as in state-of-the-art AMR meth-
ods) and to induce them while optimizing for the
end goal (similarly to the attention component of
encoder-decoder models).

Our model consists of three parts: (1) the
concept identification model P✓(c|a,w); (2) the
relation identification model P�(R|a,w, c) and
(3) the alignment model Q (a|c, R,w).4 For-
mally, (1) and (2) together with the uniform
prior over alignments P (a) form the generative
model of AMR graphs. In contrast, the align-
ment model Q (a|c, R,w), as will be explained
below, is approximating the intractable posterior
P✓,�(a|c, R,w) within that probabilistic model.

In other words, we assume the following model
for generating the AMR graph:

P✓,�(c, R|w)=
X

a

P (a)P✓(c|a,w)P�(R|a,w, c)

=
X

a

P (a)
mY

i=1

P (ci|hai)
mY

i,j=1

P (rij |hai ,ci,haj ,cj)

4✓, � and  denote all parameters of the models.

AMR concepts are assumed to be generated condi-
tional independently relying on the BiLSTM states
and surface forms of the aligned words. Similarly,
relations are predicted based only on AMR con-
cept embeddings and LSTM states corresponding
to words aligned to the involved concepts. Their
combined representations are fed into a bi-affine
classifier (Dozat and Manning, 2017) (see Fig-
ure 2).

The expression involves intractable marginal-
ization over all valid alignments. As stan-
dard in variational autoencoders, VAEs (Kingma
and Welling, 2014), we lower-bound the log-
likelihood as

logP✓,�(c, R|w)

� EQ[logP✓(c|a,w)P�(R|a,w, c)]

�DKL(Q (a|c, R,w)||P (a)), (1)

where Q (a|c, R,w) is the variational posterior
(aka the inference network), EQ[. . .] refers to the
expectation under Q (a|c, R,w) and DKL is the
Kullback-Liebler divergence. In VAEs, the lower
bound is maximized both with respect to model
parameters (✓ and � in our case) and the parame-
ters of the inference network ( ). Unfortunately,
gradient-based optimization with discrete latent
variables is challenging. We use a continuous re-
laxation of our optimization problem, where real-
valued vectors âi 2 Rn (for every concept i) ap-
proximate discrete alignment variables ai. This
relaxation results in low-variance estimates of the
gradient using the parameterization trick (Kingma
and Welling, 2014), and ensures fast and stable
training. We will describe the model components
and the relaxed inference procedure in detail in
sections 2.6 and 2.7.

Though the estimation procedure requires the
use of the relaxation, the learned parser is straight-
forward to use. Given our assumptions about the
alignments, we can independently choose for each
word wk (k = 1, . . . ,m) the most probably con-
cept according to P✓(c|hk). If the highest scor-
ing option is NULL, no concept is introduced.
The relations could then be predicted relying on
P�(R|a,w, c). This would have led to generating
inconsistent AMR graphs, so instead we search for
the highest scoring valid graph (see Section 3.2).
Note that the alignment model Q is not used at
test time and only necessary to train accurate con-
cept and relation identification models.
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Einführung und Motivation Methodischer Überblick Verhältnis von PGM und KNN Integration von KNN in PGM Zusammenfassung/Ausblick

Werkzeuge

● Lineare CRF-Schicht, z.B. PyTorch oder AllenNLP
● Torch Struct (Rush, 2020; demo honorable mention vor einer Woche auf der ACL 2020)

● Vorimplementierte Faktorgraphen,
u.a. Bäume, Sequenzen, Semi-Markov-Modelle, Alignierung

● LP-SparseMAP (Nicolae, 2020; publiziert diese Woche auf ICML 2020)
● Beliebige Faktorgraphen möglich, Beispiele gezeigt für Multilabelklassifikation, Ketten und

Bäume sowie weitere Nebenbedingungen zwischen Variablen
● SPEN (Belanger/McCallum, 2016)

● Beliebige Faktorgraphen möglich, insbesondere wird die Struktur hier aber gemeinsam mit
den Parametern in dem neuronalen Netz gelernt
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Einführung und Motivation Methodischer Überblick Verhältnis von PGM und KNN Integration von KNN in PGM Zusammenfassung/Ausblick

Sind KNNs und PGMs also wirklich unterschiedlich?

Deep Learning
Deep learning models typically have more
latent variables than observed variables.
Complicated nonlinear interactions
between variables are accomplished via
indirect connections that flow through
multiple latent variables.

Graphische Modelle
[...] traditional graphical models usually contain mostly
variables that are at least occasionally observed [...]
[and] use higher-order terms and structure learning to
capture complicated nonlinear interactions between
variables. If there are latent variables, they are usually
few in number.

Variablen
The deep learning practitioner typically does not intend for the latent variables to take on any specific
semantics ahead of time—the training algorithm is free to invent the concepts it needs to model a
particular dataset.

(Goodfellow/Bengio/Courville: Deep Learning, p. 575)
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Einführung und Motivation Methodischer Überblick Verhältnis von PGM und KNN Integration von KNN in PGM Zusammenfassung/Ausblick

Mitnachhausenehmennachricht

● PGMs und KNN sind stark verwandt, haben aber in der
praktischen Verwendung Unterschiede
● PGM:

● Vorteile: Gut geeignet um Weltwissen zu modellieren
● Nachteile: Mit latenten Variablen nicht effizient (exakt) zu trainieren

● KNN:
● Vorteile: Lernverfahren entscheidet datengetrieben über Bedeutung von Variablen,

Parameterschätzung durch Backpropagation effizient
● Nachteile: Unklar zu interpretieren

● Was fehlt?
● Kombinationsstrategien, um Modellierung von Weltwissen mit neuronalem

Ende-zu-Ende-Lernen zu kombinieren
● Aber: Einzelne Beispiele existieren
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Diskussion

● Software zur Nutzung bestimmer PGM-Strukturen existiert
● PGMs mit flexiblen Strukturen können mit Hilfe von verschiedenen Sprachen definiert

werden:
● Deklarative Faktorgraphen: FACTORIE (McCallum, 2010)
● Markov-Logik: Alchemy (Richardson, Domingos, 2006) und Markov thebeast (Riedel, 2008)
● Infer.Net/CSoft von Microsoft
⇒ Keiner dieser Ansätze hat auch nur annähernd den Erfolg von KNN

● Software zur Nutzung bestimmer PGM-Strukturen mit KNN existiert
● Torch-Struct, LP-SparseMAP, CRF-Layer in DL-Bibliotheken…

Stand der Dinge
Software zur Kombination von beliebigen PGMs mit KNN-Faktoren ist limitiert.
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Wieso gibt es das nicht? (Hypothesen)

● Definition von Faktorgraphen bedarf komplexer Sprachen, welche schwierig zu erlernen
sind (insbesondere bei repetitiven Strukturen und Parameter-Binding).
● Die manuelle Modellierung von Weltwissen ist nicht notwendig.
● PGMs mögen das Problem akkurater abbilden als einfache Klassifikationsprobleme zu

nutzen. Aber die Modellierung ist komplizierter, als das Problem zu vereinfachen.
● …

Institut für Maschinelle Sprachverarbeitung, Universität Stuttgart Roman Klinger 17. Juli 2020 63 / 65



Einführung und Motivation Methodischer Überblick Verhältnis von PGM und KNN Integration von KNN in PGM Zusammenfassung/Ausblick

Diskussion

https://twitter.com/adveisner/status/894261230285803520
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