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Jobs for Students @GESIS 

Áhttp://www.hidden-

professionals.de/HPv3.Jobs/gesis/job/6198/Studentische-

Hilfskraft-m-w-aus-dem-Bereich-Informatik 

 

ÁWhere? 

Èhttps://www.gesis.org/institut/adresse-und-

anreise/standort-koeln/ 

Á8-16 hours per week 

 

ÁSkills: python, data management & analytics, unix systems 

 

ÁSalary: 10~12 EUR per hour 
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Unsupervised Models 

 

ÁClustering 

 

ÁTopic Models 

ÈWhat are the main themes in this corpus? 

ÈWhat are the topics a document is about? 

 

ÁProbabilistic Language Models 

 

ÁWord Embeddings 
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Clustering and Vector Semantics 

Goal: Given a set of items group items into some set of 

clusters so that 

ÈMembers of the same cluster are similar to each other  

ÈMember of different clusters are dissimilar 

 

 

Items (can be words or documents) Ą we represent then as  

points in a high dimensional space (vectors) 

 

How to compute similarity between items? 
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Cluster Document 

doc1 doc2 doc3 doc4 

recipe 200 100 3 10 

pizza 19 2 0 2 

algorithms 0 0 100 30 

text mining 0 0 40 55 

Two documents are similar if their word-vectors are similar 
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Similarity Measures for Vectors 

ÁDot Product (or inner product) of 2 vectors: 

 

 

 

 

 

ÁProblem: dot product is high if vectors are long 
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Similarity Measures for Vectors 

ÁLength of a vector 

 

 

 

 

ÁCosine Similarity:  divide dot-product by length of two 

vectors 

 

 

 

ÁMeasures angle between two vectors 
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Similarity Measures for Vectors 

ÁWhich words are most similar? 

       cosine(apricot,information) =  

 
1+36+1

ς π π 

τ π π  
 
ς

τσψ
πȢρφ 

https://web.stanford.edu/class/cs124/lec/vectorsemantics.video.pdf 

cos(apricot,information) 

cos(apricot,digital) 

cos(digital,information) 
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Clustering 

ÁGoal: Given a set of items group items into some set of 

clusters so that 

ÈMembers of the same cluster are similar to each other  

ÈMembers of different clusters are dissimilar 

 

 

ÈItems (can be words or documents) and are represented 

as vectors 

ÈWe also know  a similarity measures for vectors 

 

ÈOpen Question: how to cluster documents? 
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Clustering Algorithms 

ÁNot Hierarchical / Point Assignments 

ÈDefine set of clusters 

ÈPoints belongs to the Ănearestñ cluster 

 

ÁHierarchical 

ÈDivisive (top down) 

ÅStart with one cluster and recursively split it 

 

ÈAgglomerative (bottom up) 

ÅInitially each point is a cluster 

ÅRepeatedly combine nearest clusters  
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K-means 

ÁInitialize: Pick K random points as cluster centers 

(centroids) 

 

ÁAlternate:  

ÈAssign data points to closest cluster center  

ÈChange the cluster center to the average of its assigned 

points  

 

ÁStop when no pointsᾷ assignments change  
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Example 

Ák=2 

http://people.csail.mit.edu/dsontag/courses/ml12/slides/lecture14.pdf 
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Example 

ÁAssign data points to closest centroid 

http://people.csail.mit.edu/dsontag/courses/ml12/slides/lecture14.pdf 
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Example 

ÁChange centroid to the average of all points assigned to it  

http://people.csail.mit.edu/dsontag/courses/ml12/slides/lecture14.pdf 
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Example 

ÁRepeat until convergence 

http://people.csail.mit.edu/dsontag/courses/ml12/slides/lecture14.pdf 
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Example 

 

http://people.csail.mit.edu/dsontag/courses/ml12/slides/lecture14.pdf 
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How to pick k? 

ÁTry different k and explore the change in average distance 

to centroid as k increases 
A

v
e
ra

g
e
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is
ta

n
c
e
 

k 
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Problem 

ÁDocuments will only be assigned to same cluster if they 

use the same words 

 

ÁWhat if documents are about the same topic but use mainly 

different words? 

 

 

ÁWhich words belong to the same topic? 
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Unsupervised Models 

ÁClustering 

ÈCluster documents based on word-vectors 

ÈCluster words based on documents-vectors 

 

ÁTopic Models 

ÈWhat are the main themes in this corpus? 

ÈWhat are the topics a document is about? 

 

ÁLanguage Models 

ÁWord Embeddings 
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Topic Models (LDA) 

ÁCluster words based on word-coocurrence in documents 
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Intuition  

ÁA document is about a limited set of topics 

ÁA topic is described by a limited set of words 

 

ÁA word in a document is likely to belong to the same topic 

as the other words of that document 

 

 

 

 

ÁWe need some preference for already assigned  topics in a 

document (and words to topics) 

ÈDirichlet distribution! 
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Conference Dinner 

ÁI enter the room and sit down with a probability proportional 

to the number of people already sitting on each table 

ÁIf everybody does the same and more and more people are 

entering, the probabilities for choosing the table converge 

ÁThe final probability is a sample from a Dirichlet distribution 

ÁInitial number of people on each table is the parameter 
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Animation: Conference Dinner 

http://topicmodels.info/ 
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Dirichlet Distribution 

 

(pb, pr, pg)=(1, 0, 0) 

(pb, pr, pg)= 

(1/3, 1/3, 1/3) 
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Priors 

ÁDirichlet Parameter 

 

 

symmetric 

 

 

 

Asymmetric 

https://people.cs.umass.edu/~wallach/talks/priors.pdf 
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LDA 

ÁGenerative Model: we generate words 

 

https://en.wikipedia.org/wiki/Latent_Dirichlet_allocation 

M documents 

N words 

K topics 
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Learning Step 

ÁEstimate topic distribution per document and word 

distribution per topic in parallel (e.g. via Gibbs Sampling) 

ÈStep 1: Assign each word in all document to one of the K 

topics. 

ÈStep 2: Reassign a new topic t to word w, where we 

choose topic t that maximizes this probability: 

Å P(topic t | document d) * P(word w | topic t)  

ÅAll other word-topic assignments are fixed and we can 

condition on them 

ÅP(topic t | document d) = the proportion of words in 

document d that are currently assigned to topic t 

ÅP(word w | topic t) = the proportion of assignments to topic t 

for word w across all documents  

ÈStep 3: Repeat Step 2 for all words many times 
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Evaluation 

ÁTests the semantic coherence of topics with a game 

ÈGiven the top-5 words of a topic and an intruder word  from 

a different topic ï find the intruder word! 

 

ÈExample:  

Åair pollution power blood environmental nuclear 

 

ÁUse Perpexity on test-data 

ÈEvaluates topic-distribution of the document and word-

distributions of topics 
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Perplexity 

ÁHow surprised is the model about hold-out documents?  

ÁThe lower the perplexity, the better 

http://topicmodels.info/ckling/tmt/part4.pdf 
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Perplexity 

ÁBetter: How surprised is the model about hold-out words in a 

document?  

 

http://topicmodels.info/ckling/tmt/part4.pdf 
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Perplexity 

ÁThe best language model is the one that best predicts 
unseen test words 

 

ÁPerplexity is the inverse probability of test words, 
normalized by the number of words: 

 

 

 

 

ÁCompare multiple topic models Ą better model has 
lower perplexity on test sentences 

 

PP(W) = P(w1w2...wN )
-

1

N

           =
1

P(w1w2...wN )
N
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Unsupervised Models 

ÁClustering 

ÈCluster documents based on word-vectors 

ÈCluster words based on documents-vectors 

 

ÁTopic Models 

ÈWhat are the main themes in this corpus? 

ÈWhat are the topics a document is about? 

 

ÁLanguage Models 

ÁWord Embeddings 
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Language Models 

ÁGoal: compute the probability of a sentence or sequence 
of words: 

     P(W) = P(w1,w2,w3,w4,w5Χwn) 

 

ÁRelated task: probability of an upcoming word: 

      P(w5|w 1,w2,w3,w4) 

 

ÁA model that computes either of these: 

    P(W)     or     P(wn|w 1,w2Χǿn-1)      is called a language model. 
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Use Case 

Compare for example: 

P(the, woman, is, cooking, dinner) > P(the, man, is, cooking, dinner) 

 

 

How to compute this joint probability? 

 

 

IntuitionΥ ƭŜǘΩǎ ǊŜƭȅ ƻƴ ǘƘŜ /Ƙŀƛƴ wǳƭŜ ƻŦ Probability 

 

P(x1,x2,x3ΣΧΣxn) = P(x1)P(x2|x 1)P(x3|x 1,x2ύΧtόȄn|x 1ΣΧΣȄn-1) 
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tόάǘƘŜ ǿƻƳŀƴ ƛǎ ŎƻƻƪƛƴƎ ŘƛƴƴŜǊέύ = 

 P(the) × P(woman|the) ×  P(is|the woman)  

         ×  P(cooking|the woman is) ×  P(dinner|the woman is cooking) 

 

 

P(the) = Count(the)/Count(all other words) 

 

P(woman|the) = Count(the women)/Count(the)  

 

P(cooking | the woman is) = Count(the women is cooking )/ 

      Count(the women is) 
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Problem 

Too many sentences Ą not enough data 

 

Simplify the model using the Markov Assumption: 

P(cooking | the woman is) ~ P(cooking | is)  

Or maybe: 

P(cooking | the woman is) ~ P(cooking | woman is)  

 

More general:  we approximate each component in the product with 

the k previous words 

 

 

k defines how much memory the Markov Chain has 
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ÁIf k=0 Ą unigram model Ą we do not condition on any 

word 

 

ÁIf k=1 Ą bigram model Ą we only condition on the 

previous word 

 

ÁIf k>1 Ą n-gram model Ą we condition on n previous 

words 
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Example: bigram model 

 

 

 

 

ÁThe woman is cooking dinner 

ÁThe men is eating lunch 

ÁThe women is watching TV 

 

ÁP(cooking | the woman is) = ? 

ÈP(cooking | the women is) ~ P(cooking | is)  

ÈP(cooking | is) = Count(is cooking)/Count(is) =1/3 
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Practical Issue 

ÁLanguage model 

 

 

 

ÁWe compute language models in log space 

 

 

 

ÁAdding is faster than multiplying 

ÁAvoid underflow Ą very small probabilities 

 

 

 

 


