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Training Embedding Architectures
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Linear Separation (Linear Models)
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Frank Rosenblatt, The Perceptron--a perceiving and recognizing
Pe rce pt ron automaton. Report 85-460-1, Cornell Aeronautical Laboratory, 1957

Input Function

Activation Function

Xl
12
o(nety)
2 — O
Z 7 sigmoid
net, = Z Wi X; '
Xy i=0
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Perceptron (simplified views)
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Other Examples for Activation Functions

* Linearactivation: ay = f,(nety) = ¢y - nety

1, falls net;, = ék,

* Threshold activation: ar = fact(nety) = {0 sonst

» Logisticactivation: a;, = f . (nety) = ;netk

o 1+e T
/ Special case Sigmoid: T=1
| e"®tk—e M€k 1+tanh(nety)
ehetgg—nety — 2

* Hyperbolictangent: a; = f . (nety) =
7|
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Limitations of Linear Models

Some function are linearly separable, but many are not

AND OR XOR

Possible solution: composition
x; XOR x, = (x; OR x,) AND not(x; AND x,)
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FIGURE 6.2. A 2-4-1 network (with bias) along with the response functions at different units; each hidden
output unit has sigmoidal activation function f{-). In the case shown, the hidden unit outputs are paired in
opposition thereby producing a “bump” at the output unit. Given a sufficiently large number of hidden units,
any continuous function from input to output can be approximated arbitrarily well by such a network. From:
Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley
& Sons, Inc,
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two layer ) !

-1,

FIGURE 6.3. Whereas a two-layer network classifier can only implement a linear deci-
sion boundary, given an adequate number of hidden units, three-, four- and higher-layer
netwaorks can implement arbitrary decision boundaries. The decision regions need not
be convex or simply connected. From: Richard O. Duda, Peter E. Hart, and David G.
Stork, Fattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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Fields class
14 27 1.9 0
38 34 32 0
(6428 17 1)

4.1 0.1 0.2 0
etc ...

Simple case 0o = Wx
WiSe2025.2026 GenAl | Ralf Moller, Sylvia Melzer n
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Delta Learning Rule for Perceptrons
= Given: Set T of training data {(x,, t;), ..., (Xn, ty)}

= Select training datum d € T

xld. Oq

Input X,

Target t
" Output oq error -0.1;
. Wl'k+1 = AWi + Wik ./
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Derivation of a suitable update value Aw;

« Idea: minimize quadratic error

- tgvalueford € T an arbitrarily selected (“sampled”) datum d = (X4, t;) from dataset T
- 04 outputfor %,

Liw] = > (tg — 04)
- deD
« Determine minimum with 15t derivative

WiSe2025.2026 GenAl | Ralf Moller, Sylvia Melzer 13
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Gradient Descent L(w;)

= Gradient

ALW]
oL dL 9L

ow, ow, ' dwn

Visualization of Lfor w = (wg, w;)

= Learningrule
Aw = —n ALW]

" le.

— oL
Aw; = =1 —~(W)

WiSe2025.2026 GenAl | Ralf Méller, Sylvia Melzer

Projection onto wj;

Wi, = Aw; +w;,

2
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What if only linear mappings were considered?

dL d 1
t, — 2
Gw; ~ aw, 2\t~ o)
1 9]
= 2w, b 7 0a)’
Lt = 000t — 00
-5 — 0 — 0 — L
274 TV gy, e T Aw; = —77%(147)
( J — W - fd) [teration for sampled data points d
dw; Aw; = n(tg —og)x;q

= (tg — Od)(_xi,d) = —(tqg —0g)xiq
WiSe2025.2026 GenAl | Ralf Méller, Sylvia Melzer 15
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With sigmoid 9. _ 91, o(x) =1/(1—e™)
Wi omiZ 0'(x) = o(x) (1- 0(x))
= 5w (ta — 04)°
Multivariate 1 l 0
logistic =5 2(tqg — 0q) T (tq — 0a)
regression '
= (td — Od) (td — O'(W . fd))

aWi
= (tg = o) (x40’ (W - Xy))

= —(tqg — 0)x;,q0' (W - Xg)

—(tg — 0g)x; 90 W- %) (1 — 0 (W- %y))

—(tg — 04)x;q04(1 — 04)
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Stochastic Gradient Descent (for sampled data point)

= Gradient
aL oL

)
. ow,’

= Learningrule
Aw = —n ALW]

= e

Aw; = —1 awf)

WiSe2025.2026

oL

T own

dL
oW, = —(tg — 0g)x;q04(1 — 04)

Iteration for sampled data points d
Aw; = n(tq — 04)x;,304(1 — 04)

GenAl | Ralf Méller, Sylvia Melzer 17
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Stochastic Gradient Descent for batch of data

Given batch of data D sampled from from training

set T':
D = {dli""dN} cT:

1
Aw; = UN Z(td —04)0(1 — 0q)Xiq

deD

WiSe2025.2026 GenAl | Ralf Méller, Sylvia Melzer 18
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deD

Learning Parameters (“Hyper parameters”)
= learning raten

= Batch size
Number of samples processed before model is updated

» Epochs
Number of complete passes through the training dataset

WiSe2025.2026 GenAl | Ralf Méller, Sylvia Melzer
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Multilayer Perceptron

= General layer: Parallel composition of perceptrons

= Multilayer perceptron:
series of parallel compositions
= How to train based on forward pass? O0d = Od new

= We can adjust the mapping parameters of the last layer

= How to adjust parameters of previous layers?
Problem: no targets t for previous layer given
Idea: Propagate change from o4 to 04 ey to input value changes (green circles)
to obtain a target t for previous layer (= Backpropagation)

WiSe2025.2026 GenAl | Ralf Méller, Sylvia Melzer 20
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Input layer Hidden Output
layer(s) layer

01 Y1

A\

h, 0,7 " Y2

R4- f) RS 1) RZ
- - y

y=f(g@x; W) w?

k:

Layer k

wk .
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Weight matrix for k

Matrix form
computations

= o(W?es(Wlx))

21
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Recap: Multivariate chain rule f(x, y)

@ In the context of backpropagation:

Mathematical expressions
to be evaluated

df _ofdr  0fdy
dt Oz dt Oy dt

Values already computed
by our program

N/
/ N\
\/

y/r

@ In our notation:

22
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@ Suppose we have a function f(x, y) and functions x(t) and y(t). (All
the variables here are scalar-valued.) Then

OO S A >

@ Example:

fx,y) =y +e?
x(t) = cost
y(t)=1t*
@ Plug in to Chain Rule:
df  Of dx N of dy
dt Oxdt Oydt
= (ye”) - (—sint) + (1 + xe¥) - 2t
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Multilayer Perceptron (multiple outputs):

1) (2) . =L
“‘5'1) (1) Wi \2) CHAI "7, -

) Wyo @ 2 Backward pass: Humanities-Centered Al
Wfo) Wio \ +

XSS
L Ve =L (yx —t
k — k k
5132——-32—-}L2———-92/f Y (y )
Ay o
W | w®
20 (1) 20 (2)
”‘-{:-])} ”21 H'..-.z) ”‘EJ
Forward pass: i Z_Wf)
= i
Zi — W(l)X k
P= ij X _
j J Zi = h; OJ(Z;)
hi = o(z) w&(.l) = Z; X;

k 24



Backprop as message passing:
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w > Incoming messages

A
\‘\ sum to

@ Each node receives a bunch of messages from its children, which it
aggregates to get its error signal. It then passes messages to its

parents.
@ This provides modularity, since each node only has to know how to

compute derivatives with respect to its arguments, and doesn’t have
to know anything about the rest of the graph. 25
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Full backpropagation algorithm:

Let vi,...,vy be a topological ordering of the computation graph

(i.e. parents come before children.)

vy denotes the variable we're trying to compute derivatives of (e.g. loss).

forward pass

backward pass

Forid &= lieews N

Compute v; as a function of Pa(v;)

uny =1

Fori=N-1,...,1

Uy

=X,

— Ov;

_ e 99
J€Ch(v;) I Ov;

26



U In vectorized form:

RRRRRRRRRRR

w ) wW (2)

\

X—Z—h—Y

Forward pass:

z=WWx.

h=0(2)

y = W®h
_ 1 2

L=l

WiSe2

f\ Backward pass:
"y L=1
y=~L(y—t)
W2 =yh'
b =y
h=WOTy
Z=hoo(z)
W) =zx '
b() =z

27
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Sigmoid vs. ReLU (Rectified Linear Unit)

10 sigmoid RelU ¢
- é - — loglexp(x) + 1)
08 J(Z) o 10} —  Max(0, x) L
—  1/(1 + exp(-x))
3.
0.6
6..
04
4 =
0.2 s
0.0 L L ——--"“f |
-10 3 10 -6 -4 -2 10
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Ole Dreessen: Training Convolutional Neural Networks:

Autoe nCOd er What Is Machine Learning?—Part 2
* Training of convolutional networks

* Need good starting points

Flattening

Layer Cat
Feature Maps Feature Maps m
Input Data < Featur;e Maps
Feature Maps Dog
B - : ﬁ Tiger
32x32x3 T 32x32x32 1816 %32 16 %16 x 16 8%8x16
Convolution and Pooling Convolution and Pooling
Activation Activation
- House

WiSe2025.2026 GenAl | Ralf Moller, Sylvia Melzer 29



Feedforward

o
N/

Input Data . \ Actual Values Target Values
Airplane Automobile  Bird \\l’ ‘V "b Truck Deer Bird Airplane Automobile  Bird
KA SR
()@ @ mp oot mh @@ @ @@
Cat Deer Dog }’\‘\ i‘}‘ Cat Automobile  Dog Cat Deer Dog
.. %

s D

Truck ? Airplane Truck

Adjusted Weights and Biases

< Loss Function

Correction Values

Repeat Until
Error Falls
Below Threshold

A

Backpropagation Ole Dreessen: Training Convolutional Neural Networks:
What Is Machine Learning?—Part 2
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Softmax output L e

. . . . J L?®
hidden layer 1  hidden layver 2 hidden layer 3 Ek ek

input layer
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