
CHAI
Humanities-Centered AI

Ralf Möller, Sylvia Melzer 

Training Embedding Architectures



CHAI
Humanities-Centered AI

Linear Separation (Linear Models)
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Embedding 
𝑥1, 𝑥2 data

into 𝑦
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Perceptron
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Input Function

Activation Function

Output Function

Frank Rosenblatt, The Perceptron --a perceiving and recognizing 
automaton. Report 85-460-1, Cornell Aeronautical Laboratory, 1957

𝑛𝑒𝑡𝑘 = ෍

𝑖=0

𝑛

𝑤𝑖𝑥𝑖

𝜎(𝑛𝑒𝑡𝑘)
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Perceptron (simplified views)

WiSe2025.2026 GenAI | Ralf Möller, Sylvia Melzer 4

𝑤2

𝑤0
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Other Examples for Activation Functions

WiSe2025.2026

Threshold 
(often 0)

GenAI | Ralf Möller, Sylvia Melzer
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Limitations of Linear Models
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Z = x1 XOR x2 = (x1 OR x2) AND NOT(x1 AND x2)
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Multi-level networks of sigmoid units
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Adaptation of mapping parameters (“weights”)
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Simple case 𝑜 = 𝑊𝑥
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Delta Learning Rule for Perceptrons

▪ Given: Set 𝑇 of training data {( Ԧ𝑥1, 𝑡1), … , ( Ԧ𝑥𝑁 , 𝑡𝑁)}

▪ Select training datum 𝑑 ∈ 𝑇:
▪ Input Ԧ𝑥𝑑
▪ Target 𝑡𝑑

▪ Output 𝑜𝑑

▪ 𝑤𝑖
𝑘+1 = ∆𝑤𝑖 +𝑤𝑖

𝑘
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D. Hebb: The organization of behavior. A neuropsychological theory. 
Erlbaum Books, Mahwah, N.J., 1949

Ԧ𝑥𝑑

𝑜𝑑

𝑡𝑑

𝑥1,𝑑

𝑥2,𝑑

𝑥3,𝑑

𝑤1

𝑤2

𝑤3

How to 
compute 
∆𝑤𝑖?

error -0.1
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Derivation of a suitable update value ∆𝑤𝑖
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L 𝑤 =
1

2
𝑡𝑑 − 𝑜𝑑

2

an arbitrarily selected (“sampled”) datum 𝑑 = ( Ԧ𝑥𝑑, 𝑡𝑑) from dataset 𝑇

Ԧ𝑥𝑑

𝑇



CHAI
Humanities-Centered AI

Gradient Descent
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𝐿 𝑤 =
1

2
𝑡𝑑 − 𝑜𝑑

2

L(𝑤𝑖)

𝑤𝑖𝑤𝑖1
𝑤𝑖2

𝑤𝑖2 = ∆𝑤𝑖 + 𝑤𝑖1

Visualization of L for 𝑤 = (w0, w1)

Projection onto wi

How to compute 
the derivative

▪ Gradient
∆L[𝑤]

≡
𝜕L

𝜕𝑤0

,
𝜕L

𝜕𝑤1

, … ,
𝜕L

𝜕𝑤𝑛

▪ Learning rule
∆𝑤 = −𝜂 ∆L[𝑤]

▪ i.e.

∆𝑤𝑖 = −𝜂
𝜕L
𝜕𝑤𝑖

(𝑤)
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What if only linear mappings were considered?

𝜕𝐿

𝜕𝑤𝑖
=

𝜕

𝜕𝑤𝑖

1

2
𝑡𝑑 − 𝑜𝑑

2

=
1

2

𝜕

𝜕𝑤𝑖
𝑡𝑑 − 𝑜𝑑

2

=
1

2
2 𝑡𝑑 − 𝑜𝑑

𝜕

𝜕𝑤𝑖
𝑡𝑑 − 𝑜𝑑

= 𝑡𝑑 − 𝑜𝑑
𝜕

𝜕𝑤𝑖
𝑡𝑑 −𝑤 ⋅ Ԧ𝑥𝑑

= 𝑡𝑑 − 𝑜𝑑 −𝑥𝑖,𝑑 = − 𝑡𝑑 − 𝑜𝑑 𝑥𝑖,𝑑
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Multivariate 
linear 

regression

Iteration for sampled data points 𝑑
Δ𝑤𝑖 = 𝜂 𝑡𝑑 − 𝑜𝑑 𝑥𝑖,𝑑

∆𝑤𝑖 = −𝜂
𝜕L
𝜕𝑤𝑖

(𝑤)
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With sigmoid
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L 𝑤 =
1

2
𝑡𝑑 − 𝑜𝑑

2

𝜕𝐿

𝜕𝑤𝑖
=

𝜕

𝜕𝑤𝑖

1

2
𝑡𝑑 − 𝑜𝑑

2

=
1

2

𝜕

𝜕𝑤𝑖
𝑡𝑑 − 𝑜𝑑

2

=
1

2
2 𝑡𝑑 − 𝑜𝑑

𝜕

𝜕𝑤𝑖
𝑡𝑑 − 𝑜𝑑

= 𝑡𝑑 − 𝑜𝑑
𝜕

𝜕𝑤𝑖
𝑡𝑑 − 𝜎(𝑤 ⋅ Ԧ𝑥𝑑)

= 𝑡𝑑 − 𝑜𝑑 −𝑥𝑖,𝑑𝜎′(𝑤 ⋅ Ԧ𝑥𝑑)

= − 𝑡𝑑 − 𝑜𝑑 𝑥𝑖,𝑑𝜎′(𝑤 ⋅ Ԧ𝑥𝑑)

= − 𝑡𝑑 − 𝑜𝑑 𝑥𝑖,𝑑𝜎 𝑤 ⋅ Ԧ𝑥𝑑 1 − 𝜎 𝑤 ⋅ Ԧ𝑥𝑑
= − 𝑡𝑑 − 𝑜𝑑 𝑥𝑖,𝑑𝑜𝑑 1 − 𝑜𝑑

𝜎′ 𝑥 = 𝜎 𝑥 (1- 𝜎 𝑥 )

𝜎 𝑥 = 1/(1 − 𝑒−𝑥)

Multivariate 
logistic 

regression



CHAI
Humanities-Centered AI

Stochastic Gradient Descent (for sampled data point)
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𝜕𝐿

𝜕𝑤𝑖
= − 𝑡𝑑 − 𝑜𝑑 𝑥𝑖,𝑑𝑜𝑑(1 − 𝑜𝑑)

Iteration for sampled data points 𝑑
Δ𝑤𝑖 = 𝜂 𝑡𝑑 − 𝑜𝑑 𝑥𝑖,𝑑𝑜𝑑(1 − 𝑜𝑑)

▪ Gradient

∆L[𝑤] ≡
𝜕L
𝜕𝑤0

,
𝜕L
𝜕𝑤1

, … ,
𝜕L
𝜕𝑤𝑛

▪ Learning rule
∆𝑤 = −𝜂 ∆L[𝑤]

▪ i.e.

∆𝑤𝑖 = −𝜂
𝜕L
𝜕𝑤𝑖

(𝑤)
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Stochastic Gradient Descent for batch of data
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Δ𝑤𝑖 = 𝜂
1

𝑁
෍

𝑑∈𝐷

𝑡𝑑 − 𝑜𝑑 𝑜(1 − 𝑜𝑑)𝑥𝑖,𝑑

Given batch of data 𝐷 sampled from from training 
set 𝑇:

𝐷 = {𝑑1, … , 𝑑𝑁} ⊆ 𝑇:
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Learning Parameters (“Hyper parameters”)

▪ Learning rate 𝜂

▪ Batch size
▪ Number of samples processed before model is updated

▪ Epochs
▪ Number of complete passes through the training dataset
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Δ𝑤𝑖 = 𝜂
1

𝑁
෍

𝑑∈𝐷

𝑡𝑑 − 𝑜𝑑 𝑜(1 − 𝑜𝑑)𝑥𝑖,𝑑
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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?

▪ 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 𝑜𝑑 to 𝑜𝑑,𝑛𝑒𝑤 to input value changes (green circles) 
to obtain a target 𝑡 for previous layer (→ Backpropagation)
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Mapping 
parameters 

adjustable by 
Delta rule

𝑜𝑑 → 𝑜𝑑,𝑛𝑒𝑤



CHAI
Humanities-Centered AI

WiSe2025.2026 GenAI | Ralf Möller, Sylvia Melzer 21

ෝ𝒚 = 𝒇 (𝒈 (𝒙 ; 𝑾1); 𝑾2)

𝑘: Layer 𝑘
𝑾𝑘 : Weight matrix for 𝑘

Hidden 
layer(s)

Output 
layer

𝒙 ↦ 𝒉 ↦ ෝ𝒚

Input layer

= 𝛔(𝑾𝟐𝛔(𝑾1𝒙 ))

𝑥4

𝑤𝑗𝑘
2

𝑥1

𝑥2

𝑥3

𝑤𝑘𝑙
1

ො𝑦1

ො𝑦2

𝑜1

𝑜2

ℎ1

ℎ2

ℎ3

ℎ4

ℎ5

ℝ4 →
𝒈

ℝ5 →
𝒇

ℝ2

Matrix form
computations
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Recap: Multivariate chain rule 𝒇(𝒙, 𝒚)
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Output value changes to input value changes
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𝑤10
(1)

𝑤20
(1)

𝑤10
(2)

𝑤20
(2)
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Derivation of function term 
for 𝑧 w.r.t.𝑤 as discussed in 

the above examples

Adaptation of 
mapping parameters
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Sigmoid vs. ReLU (Rectified Linear Unit)
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ReLU
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Autoencoder
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Ole Dreessen: Training Convolutional Neural Networks: 

What Is Machine Learning?—Part 2

▪ Training of convolutional networks

▪ Need good starting points



CHAI
Humanities-Centered AI

WiSe2025.2026 GenAI | Ralf Möller, Sylvia Melzer 30
Ole Dreessen: Training Convolutional Neural Networks: 
What Is Machine Learning?—Part 2
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Softmax output

WiSe2025.2026 GenAI | Ralf Möller, Sylvia Melzer 31

Softmax
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