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Agenda: IR Agents
▪ Agents visit accessible document 

repository structures (e.g., FDR1)
▪ Task descriptions: 
▪ Document retrieval w.r.t. search string
▪ Statistics: Topic characterization of 

documents w.r.t. reference corpus
▪ GenAI: Question answering and 

information retrieval w/ and w/o 
references, summaries or 
interpretations (subjective context 
descriptions, SCDs)
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Example:
Interpretative
information
retrieval

Counter
hypothesis

Also in doubt

Subjective 
content 

descriptions
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AI Hypothesis: Agent exhibits intelligent IR behavior

5

Feedback

Percepts

Action 
Explanation

G: “Goals”
M: Models
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How are goals 
represented?

How is feedback 
acquired, 

represented and 
handled?
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Search string queries

▪ Rank documents by “usefulness” or “relevance” 
that “match” a query string (e.g., “sorting”)

▪ Rank score from [0,1]

▪ For each document in the repository w.r.t. a certain query

▪ No notion of a “correct” answer

▪ Only local perspectives of “match” and “relevance” as a utility measure

▪ In human (principal) as well as agent

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 6
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Option: Linear combination of rank measures

▪ First generation of rank determination with different measures for 
different areas/zones:

▪ Example for linear combination 0.6*<"sorting"in Title> + 0.3*<"sorting" 
in Abstract>+ 0.05*<"sorting" in Body>+ 0.05*<"sorting" in Boldface>

▪ Each expression such as <sorting in Title> results in a value from {0,1}

▪ Then the total value is in [0,1]
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In this case, the rank measure can 
only assume a finite set of values 

values. What are these?
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Multiple words in search strings?

▪ We expect the following lists for the query bill AND rights:

▪ Typically, one is only interested in the k highest-rated documents

WiSe2025-2026

bill

rights

bill

rights

bill

rights

Author

Title

Body

1

5

2

83

3 5 9

2 51

5 83

9

9

Determine rank 
for each 

document based 
on the weights 

0.6,0.3,0.1

0.6

0.3

0.1

GenAI | Ralf Möller, Sylvia Melzer 8

So-called 
inverted indes

aka “postings lists”

What to do for 
bill OR rights ?
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Where do the weights come from?

▪ Given

▪ A retrieval corpus

▪ One set of test questions

▪ Relevance statements/rankings for respective answers

▪ Determine a set of weights so that relevance information fits (better)

▪ Data mining for matching weights:

▪ Solve an optimization problem

9

Data mining and IR 
closely interwoven
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Incidence matrices and rank measures

▪ Bag of words model: Document is a set of words

▪ Sets = bit vectors: document as binary vector X in {0,1}v

▪ where v is the size of the vocabulary

▪ Query as vector Y in {0,1}v

▪ Rank measure: Overlap measure: 𝑋 ∩ 𝑌 = 𝑋 ∙ 𝑌

10

No zones
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Document and query representation

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 11

Antony and Cleopatra Julius Caesar The Tempest Hamlet Othello Macbeth

Antony 1 1 0 0 0 1

Brutus 1 1 0 1 0 0

Caesar 1 1 0 1 1 1

Calpurnia 0 1 0 0 0 0

Cleopatra 1 0 0 0 0 0

mercy 1 0 1 1 1 1

worser 1 0 1 1 1 0

… … … … … … …

So-called 
incidence matrix
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Example

▪ Query ides of march:

▪ All docs contain of

▪ Shakespeare's Julius Caesar has rank 3 (all words appear)

▪ Other Shakespeare plays have rank 2 
(for march) or 1

▪ Julius Caesar comes first in ranking order

12WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Measure of Overlap

▪ What is going wrong?

▪ Not considered:

▪ Term frequency ignored in the document

▪ Term rarity not observed in the collection

▪ of more frequent than ides or march

▪ Length of documents ignored

▪ Normalization necessary

13WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Overlap measure: Normalization

▪ Jaccard measure (Sets or bit vectors):

▪ 𝑋 ∩ 𝑌 / 𝑋 ∪ 𝑌

▪ „Cosine measure“ (only for bit vectors):

▪ 𝑋 ∩ 𝑌 / 𝑋 ∙ 𝑌

▪ Discuss: Jaccard measure for query with rare terms and with frequent terms. 
Problems with frequent terms?

▪ Does the cosine measure solve this problem?

14

X: document in repository
Y: query

Two possibilities

Normalization with product of vector lengths 
(max value of 𝑋 ∙ 𝑌)

Number of ones / 
Cardinality of the set
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Term document counters

▪ Number of occurrences of a term in a document:

▪ Bag of words model

▪ Document is a vector in ℕv: a column in the matrix

15

Antony and Cleopatra Julius Caesar The Tempest Hamlet Othello Macbeth

Antony 157 73 0 0 0 0

Brutus 4 157 0 1 0 0

Caesar 232 227 0 2 1 1

Calpurnia 0 10 0 0 0 0

Cleopatra 57 0 0 0 0 0

mercy 2 0 3 5 5 1

worser 2 0 1 1 1 0

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer



CHAI
Humanities-Centered AI

Calculation of the rank
▪ Addition of the measure for each individual word

(possibly range weighted)

▪ Let's consider the query ides of march

▪ Julius Caesar has 5 occurrences of ides

▪ No other part mentions ides

▪ march occurs in dozens of documents

▪ All pieces contain of

▪ The piece with the most occurrences of of is ranked highest by a simple 
counting rank measure

16WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Term Frequency tf

▪ Long documents contain high counters per se

▪Normalization by document length

▪Use of relative counts / frequencies of occurrence
(term frequency tf)

▪ Is this already sufficient?

17WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Weighted term frequency

▪ Number of occurrences with linear influence?

▪ 0 vs. 1 occurrence of a term in a document

▪ 1 vs. 2 occurrence of a term in a document

▪ 2 vs. 3 occurrence of a term in a document

▪ Much helps a lot, but really much does not really help much more

▪  𝑤𝑖,𝑑 = 0 𝑖𝑓 𝑡𝑓𝑖,𝑑 = 0, 𝑠𝑜𝑛𝑠𝑡 1 + log 𝑡𝑓𝑖,𝑑

▪ Terms that are rare, but characterize a document to a certain extent

▪ 10 occurrences of hernia vs

▪ 10 occurrences of the

18WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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TF.IDF (Term Frequency – Inverse Document Frequency)

cij = number of terms ti in document dj

ni = Number of documents with term i

N = Total number of documents

TF.IDF measure 
wij = TFij  IDFi

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 19

Introduction to Web and Data Science
Non-standard Databases and Data Mining

Antony and Cleopatra Julius Caesar The Tempest Hamlet Othello Macbeth

Antony 13,1 11,4 0,0 0,0 0,0 0,0

Brutus 3,0 8,3 0,0 1,0 0,0 0,0

Caesar 2,3 2,3 0,0 0,5 0,3 0,3

Calpurnia 0,0 11,2 0,0 0,0 0,0 0,0

Cleopatra 17,7 0,0 0,0 0,0 0,0 0,0

mercy 0,5 0,0 0,7 0,9 0,9 0,3

worser 1,2 0,0 0,6 0,6 0,6 0,0

TFij = cij / number of terms overall in dj

K. Spärck Jones. A Statistical Interpretation of Term 
Specificity and Its Application in Retrieval. Journal of 

Documentation 28: 11–21, 1972

see Kishore Papineni, NAACL 2, 2002
for theoretical justification
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Embedding Data into Vector Spaces

▪ Terms as axes (20000+ dimensions, even with word stems)

▪ Manually defined embedding

▪ Later shown
to be optimal
in a certain 
sense

20

Antony and Cleopatra Julius Caesar The Tempest Hamlet Othello Macbeth

Antony 13.1 11.4 0.0 0.0 0.0 0.0

Brutus 3.0 8.3 0.0 1.0 0.0 0.0

Caesar 2.3 2.3 0.0 0.5 0.3 0.3

Calpurnia 0.0 11.2 0.0 0.0 0.0 0.0

Cleopatra 17.7 0.0 0.0 0.0 0.0 0.0

mercy 0.5 0.0 0.7 0.9 0.9 0.3

worser 1.2 0.0 0.6 0.6 0.6 0.0

NB: measures can be >1!

Documents are 
vectors (or points)

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer

see 
Kishore Papineni, NAACL 2, 2002
for theoretical justification
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Distance dissimilarity

▪ Embedding space
operations

▪ Idea: Points being close, docs being „similar“, i.e., docs are about similar things
▪ Dissimilarity as Euclidean distance of the end points

▪ dissim(dj, dk) = 𝑑𝑗 − 𝑑𝑘 = σ𝑖=1
𝑛 (𝑑𝑖,𝑗 − 𝑑𝑖,𝑘)2

▪ The greater the distance, the more dissimilar
▪ Normalization of doc vecs necessary (length of vectors = 1)

t1

d2

d1

d3

d4

d5

t3

t2

θ

φ
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Cosine similarity

▪ Definition 2: Similarity between documents d1 and d2 captured by cosine of the 
angle between d1 and d2 

▪ Normalization would further reduce computational effort

▪ The more similar two objects are, the greater the similarity measure

22

sim(dj, dk) = cos(∠(dj, dk)))

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer

Dot product
(aka scalar product)
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Queries in the vector space model

▪ Central idea: Query is small document

▪ Result: Documents sorted by cosine of the angle of the assigned vectors to the 
query vector

▪ Note: Vector dq is sparse!

23

Siehe auch: Salton, G., Automatic information organization and 
retrieval. New York: McGraw-Hill Book Company. 1968.

sim(dj, dq) = cos(∠(dj, dq)))

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Polysemy and context

▪ Word has several meanings, depending on the context
▪ Example: horse = animal, gymnastic apparatus, chess piece
▪ Vector space model does not differentiate between meanings

24WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Synonymy and context

▪ Correspondence of different words or constructions in the same language

▪ Example: gift, souvenir

▪ Missing association in the vector space model

▪ If meanings of different words are the same, the use of words in the 
environment will be similar

▪ How can we capture this?

25WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Dimensionality reduction

▪ Instead of using m=20000 terms for vectors,

▪ Reduction to approx. k=100 new dimensions, so that similarities are 
retained

▪ Known as Latent Semantic Indexing (LSI)

▪ 2 Methods

▪ Random projection on k<<m axes

▪ Singular value decomposition or principle component analysis

26WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Example: Projection from 3 to 2 axes

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 27

d2

d1

x1

t 3

x2

t 2

t 1

x1

x2
d2

d1

Choose x1 randomly in (t1,t2,t3) space
Choose x2 randomly but orthogonal to x1

Dot product of x1 and x2 equal to 0 27
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General: Projection on k<<m axes

▪ Choose random direction x1 in vector space

▪ For i from 2 to k

▪ Randomly choose a direction xi orthogonal to x1, x2, … xi–1

▪ Project each vector into the subspace spanned by {x1, x2, …, xk}

▪ Relative distances are preserved with high probability

▪ But: Relatively complex calculations

28WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Mappings:
Rotation

29WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer

[Wikipedia]
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Mappings:
Scaling

30WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer

[Wikipedia]
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▪ Example: Shear mapping

▪ The red arrow does not 
change

▪ Eigenvector

31
[Wikipedia]
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Mappings
and their
properties

Horizontal shear
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Shear decomposed

34WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer

[Wikipedia]
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SVD example

Singular values are usually arranged in descending order (corresponding multiplications with exchange matrices)
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Number of rows: m=3
Number of columns: n=2

2D point mapped into 3D point
Dimensions of vector space: rank
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Approximation by matrix with small rank

Optimization problem         k fix

Solution using SVD

37

Set smallest r-k
Eigenvalues to 0

k

C. Eckart, G. Young, The approximation 
of a matrix by another of lower rank. 

Psychometrika, 1, 211-218, 1936

new document representations

Ak =
X:rank(X )=k

argmin A- X F

𝐴𝑘 = 𝑈 ∙ 𝑑𝑖𝑎𝑔(𝜎1, ⋯ , 𝜎𝑘, 0, ⋯ , 0) ∙ 𝑉𝑇

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Application for information retrieval

▪ Term-document matrix can have m=50000, n=10 million entries 
(rank close to 50000)

▪ We can construct an approximation A100  with rank 100 and smallest Frobenius
norm error

▪ Also known as Principle Component Analysis (PCA)

▪ The new matrix (see previous presentation) defines latent characteristics (no more 
comprehensible terms) for information retrieval (Latent Semantic Indexing, LSI)

38WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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How do we handle queries?

39

q

qk
T

Uk 𝛴k

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer

▪ Query q (sparsely populated)

▪ A query q is mapped into the LSI space as follows

▪ Query qk is not sparse

▪ Query response via k nearest neighbors (cosine distance)

▪ Efficiently done in vector databases
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Summary

▪ Significant reduction of the vector space dimensions

▪ Reduction of the memory requirement

▪ Faster processing

▪ Reduction of "noise“

▪ "Semantic clustering“

▪ Similar terms mapped to the same dimension

▪ Synonymy and polysemy more manageable (many tests in the literature)

40

Scott Deerwester, Susan Dumais, George Furnas, Thomas Landauer, Richard Harshman: Indexing by Latent Semantic Analysis. In: Journal of the American society for information 
science. 1990.
Landauer, Thomas; Foltz, Peter W.; Laham, Darrell. "Introduction to Latent Semantic Analysis". Discourse Processes. 25 (2–3): 259–284, 1998.

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer

http://lsa.colorado.edu/papers/JASIS.lsi.90.pdf
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External evaluation of retrieval results

▪ Precision/Recall

41

Recall also means sensitivity

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 41



CHAI
Humanities-Centered AI

Evaluation measures: Overview

42

[Wikipedia]
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Relevance Feedback / Reinforcement

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 43
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Relevance Feedback on Initial Query 

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 44
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Wikipedia: Gerard Salton, The SMART (System for the Mechanical Analysis and Retrieval of Text or Salton’s Magic Automatic Retriever of Text) 
Information Retrieval System is an information retrieval system, developed at Cornell University in the 1960s. Many important concepts in 
information retrieval were developed as part of research on the SMART system, including the vector space model, relevance feedback, and 
Rocchio algorithm.

Salton, G. (Ed.). The SMART retrieval system: Experiments in automatic 
document processing. Englewood Cliffs, NJ: Prentice-Hall. 1971.

Modified Query: Rocchio Algorithm



CHAI
Humanities-Centered AI

Query

How exact is the 
representation of the document ?

How exact is the 
representation of the query ?

How well is query 
matched to data?

How relevant is the result
to the query ?

Document collection

Document Representation

Query 
representation

Query
Answer

TYPICAL IR
PROBLEM

46
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Topic Models

Statistical methods that 
analyze the words of texts 
in order to:
▪ Discover the themes that 

run through them (topics)
▪ How those themes are 

connected to each other
▪ How they change over time

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 47

Just for 
illustration 
purposes

© David M. Blei wr l.
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Topic Modeling Scenario

▪ Each topic is a 
distribution over words

▪ Each document is a 
mixture of corpus-wide 
topics

▪ Each word is drawn 
from one of those 
topics

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 48© David M. Blei wr l.
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Topic Modeling: Latent Dirichlet Allocation (LDA, Blei at al.)

▪ In reality, we only 
observe the documents

▪ The other structures 
are hidden variables

▪ Topic modeling 
algorithms infer these 
variables from data

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 49

Latent Dirichlet allocation (LDA)

Topics Documents
Topic proportions and

assignments

• In reality, we only observe the documents

• The other structure are hidden variables

• Topic modeling algorithms infer these variables from data.

© David M. Blei wr l.
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Why/how does LDA work?

▪ Trade-off between two goals

1. For each document, allocate its words to as few topics as possible

2. For each topic, assign high probability to as few terms as possible

▪ These goals are at odds

▪ Putting a document in a single topic makes #2 hard: 
All of its words must have non-negligible probability under that topic

▪ Putting very few words in each topic makes #1 hard:
To cover a document’s words, it must assign many topics to it

▪ Trading off these goals finds groups of tightly 
co-occurring words

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 50

Technical 
details 

ommitted
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LDA Application: Reuters Data

▪ Setup

▪ 100-topic LDA trained on a 16,000 documents corpus of news articles by 
Reuters

▪ Some standard stop words removed

▪ Top-7 words

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 51
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LDA Application: Reuters Data

▪ Result

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 52
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Back to Agents

▪ Agents not only use models

▪ Agents build models that are appropriate to fulfil the agents’ task 
descriptions …

▪ … or maximize the utilities derived from preference structures and goals

▪ Agents need to derive approximation algorithms for query answering on 
the models they find appropriate

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer 53

Agents also “learn” 
QA strategies
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Approaches for Representing Word Semantics

Distributional Semantics (Count)

▪ Used since the 90’s

▪ Sparse word-context PMI/PPMI matrix

▪ Decomposed with SVD

Word Embeddings (Predict)

▪ word2vec (Mikolov et al., 2013)

▪ GloVe (Pennington et al., 2014)

54

Underlying Theory: The Distributional Hypothesis (Harris, ’54; Firth, ‘57)

“Similar words occur in similar contexts”

Beyond bags of words

https://nlp.stanford.edu/projects/glove/

https://www.tensorflow.org/tutorials/word2vec

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Point(wise) Mutual Information: PMI

▪ Measure of association used in information theory and statistics

▪ Positive PMI:  PPMI(x, y) = max( pmi(x, y), 0 )

▪ Quantifies the discrepancy between the probability of their coincidence given their 
joint distribution and their individual distributions, assuming independence

▪ Finding collocations and associations between words 

▪ Countings of occurrences and co-occurrences of words in a text corpus can be used 
to approximate the probabilities p(x) or p(y) and p(x,y) respectively 55

Kenneth Ward Church and Patrick Hanks. "Word association 
norms, mutual information, and lexicography". Comput. 

Linguist. 16 (1): 22–29. 1990.
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PMI – Example

• Counts of pairs of words getting the 
most and the least PMI scores in the 
first 50 millions of words in Wikipedia
(dump of October 2015)

• Filtering by 1,000 or more co-
occurrences. 

• The frequency of each count can be 
obtained by dividing its value by 
50,000,952. 
(Note: natural log is used to calculate 
the PMI values in this example, instead 
of log base 2)

56[Wikipedia]WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Approaches for Representing Word Semantics

Distributional Semantics (Count)

▪ Used since the 90’s

▪ Sparse word-context PMI/PPMI matrix

▪ Decomposed with SVD

Word Embeddings (Predict)

▪ word2vec (Mikolov et al., 2013)

▪ GloVe (Pennington et al., 2014)

57WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Embedding Approaches

▪ Represent each word with a low-dimensional vector

▪ Word similarity = vector similarity

▪ Key idea: Predict surrounding words of every word

▪ Faster and can easily incorporate a new sentence/document or add a 
word to the vocabulary

58WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Represent the meaning of a word – word2vec

2 basic models:

▪ Continuous Bag of Word 
(CBOW): use a window to 
predict the middle word

▪ Skip-gram (SG): use a word 
to predict the surrounding 
ones in window. 

59WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer
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Word2vec – Continuous Bag of Words

▪ E.g. “The cat sat on floor”

▪ Window size = 2

60

the

cat

on

floor

sat

Distributed Representations of Words and Phrases and their Compositionality Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg Corrado, Jeffrey Dean, NIPS 2013
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Word2vec – Continuous Bag of Words

61
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Word2vec – Continuous Bag of Words
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Word2vec
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Word2vec – Continuous Bag of Words
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Logistic function
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[Wikipedia]



CHAI
Humanities-Centered AI

softmax(z)
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[Wikipedia]

WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer

The



CHAI
Humanities-Centered AI

Word2vec – Continuous Bag of Words
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Word2vec
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Intrinsic Evaluation
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Word analogies
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Word Analogies (Tense)
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Extrinsic Evaluation

▪ Evaluate in applications

▪ Sentiment analysis

▪ …
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CBOW
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Word2vec – Continuous Bag of Words

▪ Used to predict a target word given its surrounding context words

▪ It has three key layers:

▪ Input layer: This layer takes the surrounding context words, represented as one-
hot vectors, as input

▪ Hidden layer: This layer learns the word embeddings by transforming the one-
hot input vectors into lower-dimensional vectors (the embeddings)

▪ Output layer: This layer predicts the target word (the word being predicted) by 
applying SoftMax, which gives a probability distribution over all possible words 
in the vocabulary
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Skip-Gram

75WiSe2025-2026 GenAI | Ralf Möller, Sylvia Melzer

Skip-Gram

0

1

0

1

0

0

0

0

…

0

cat
0

0

0

0

0

0

0

1

…

0

Ouptut layer Hidden layer

ො𝑦sat

Input layer

𝑊𝑉×𝑁 × ො𝑣 = 𝑧

V-dim

N-dim

𝑊𝑁×𝑉
′ × 𝑤𝑐 = ො𝑣

V-dim

N will be the size of word vector

ො𝑣

0.01

0.5

0.00

0.4

0.01

0.02

0.01

0.01

…

0.00

ො𝑦

We would prefer ො𝑦 close to 𝑧

on

ො𝑦 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑧)

sat



CHAI
Humanities-Centered AI

Skip-Gram (reverse of CBOW)

▪ Used to predict the context words given the target word

▪ It tries to maximize the probability of predicting the surrounding words for a given 
target word

▪ It has three key layers:

▪ Input Layer: The target word is represented as a one-hot vector

▪ Hidden Layer: This learns the word embeddings (dense vectors)

▪ Output Layer: The model predicts the surrounding context words for the given 
target word
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What is word2vec?

▪ word2vec is not a single algorithm

▪ It is a software package for representing words as vectors, containing:
▪ Two distinct models
▪ CBoW
▪ Skip-Gram

▪ Various training methods
▪ Softmax is a bottleneck

▪ A rich preprocessing pipeline
▪ Dynamic Context Windows
▪ Subsampling of Frequent Words
▪ Deleting Rare Words (left out)
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Represent the meaning of sentence/paragraph/doc

▪ Paragraph Vector (Le and Mikolov, 2014)

▪ Extend word2vec to text level

▪ Also two models: add paragraph vector as the input

78

Quoc Le and Tomas Mikolov. Distributed 
representations of sentences and 

documents. In Proceedings ICML'14. 2014.
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Paragraph Vector

▪ Learn document embedding by predicting the next word in the document 
using the context of the word and the (‘unknown’) document vector as 
features.

▪ Resulting vector captures the topic of the document.

▪ Update the document vectors, but not the word vectors [Le et al.]

▪ Update the document vectors, along with the word vectors [Dai et al.]

▪ Improvement in the accuracy for document similarity tasks.
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Dai, A.M., Olah, C., Le, Q.V., Corrado, G.S.: Document embedding 
with paragraph vectors. In: NIPS Deep Learning Workshop. 2014
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sentences and documents. In Proceedings ICML'14. 2014.
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Architecture Diagram
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