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neural text models
with R package ruimtehol
Brussels and in Starspace

Jan Wijffels
BNOSAC - jwijffels@bnosac.be
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Starspace / ruimtehol
▶ The Starspace neural model learns to map enƟƟes (e.g. text) to a set of

numbers called embeddings
▶ An R wrapper called ruimtehol was developed by BNOSAC

▶ https://github.com/bnosac/ruimtehol

▶ wrapping the Starspace C++ library https://github.com/facebookresearch/StarSpace

▶ Example applicaƟons
▶ Email / Customer feedback categorisaƟon
▶ RouƟng incoming customer quesƟons to the right person
▶ Enrich predicƟve models based on what is wriƩen in text
▶ Chatbots
▶ AutomaƟc matching of quesƟons of clients to possible answers
▶ Recommending reading certain online help documents to clients
▶ Matching CV to Job descripƟon
▶ SenƟment scoring

Figure:
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▶ R package ruimtehol allows to do
▶ MulƟ-label Text classificaƟon
▶ Learning word, sentence or document level embeddings
▶ Finding sentence or document similarity
▶ Ranking web documents
▶ Content-based or CollaboraƟve filtering-based RecommendaƟon

Figure: embed all the things with ruimtehol
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Logic

▶ Starspace allows to embed enƟƟes
▶ EnƟƟes are typically a customer mail, a webpage, a person, a type of

category of customer answers, a department, a senƟment label, …
▶ Each enƟty can have several features (e.g. words, ngrams, user clicked

viewed a webpage which consists itself of words, an email was classified with
a certain category)

▶ EnƟty = sum of the embeddings of the features which are part of the
enƟty
▶ ∑

featurei∈entity embeddingfeaturei
▶ Example:

▶ if embedding of the word ‘field’ is [0.1, 0.2, 0.3, 0.4]
▶ if embedding of the word ‘work’ is [-0.1, 0.1, 0.2, -0.2]
▶ embedding of bigram ‘field work’ is the sum: [0, 0.3, 0.5, 0.2]

▶ Embeddings cover the meaning of text
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▶ Model learns these embeddings By comparing enƟƟes which are the
same to enƟƟes which are not the same
▶ A set of posiƟve pairs of enƟƟes (E+) are selected from the data
▶ A set of negaƟve enƟƟes (E−) are selected from the RHS of the data

▶ Minimises loss funcƟon over all enƟty similariƟes
▶ ∑

(entitya,entityb∈E+),(entityb−∈E−) Lossbatch
▶ Loss = (sim(a, b), sim(a, b−1 ), ..., , sim(a, b−k ))

▶ similariƟes are cosine or dot product similariƟes of the embeddings
▶ entitya is the leŌ hand side, entityb / entity−b are from the right hand

side
▶ Embeddings are learned with stochasƟc gradient descent
▶ Learned embeddings can then be used to calculate similariƟes between

enƟƟes

Example for classificaƟon
▶ leŌ (a enƟty) would be the text of a customer email
▶ right (b enƟty) would be the email category
▶ you creaƟng negaƟves by indicaƟng k email categories that are not the

right category (b−)
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Techniques will be showcased on the following dataset containing
quesƟons/answers in Belgian parliament.

library(ruimtehol)
data("dekamer", package = "ruimtehol")
str(dekamer)

'data.frame': 3811 obs. of 12 variables:
$ doc_id : int 184501 184502 184503 184504 184505 184506 184507 184508 184509 184521 ...
$ depotdat : Date, format: "2017-01-04" "2017-01-04" ...
$ aut_party : Factor w/ 16 levels "CD&V","CDH","DEFI",..: 6 6 9 9 1 6 6 7 11 9 ...
$ aut_person : Factor w/ 156 levels "Almaci, Meyrem",..: 10 17 87 87 86 12 12 154 67 87 ...
$ aut_language : Factor w/ 2 levels "dutch","french": 2 2 1 1 1 2 2 1 2 1 ...
$ question : chr "Lijn Brussel-Luxemburg. - Technisch incident. \n\n Op maandag 19 december 2016 kondigde de NMBS een uitbreiding van het treinaa"| __truncated__ "'Mystery shopping'. - Resultaten van de onderzoeken. \n\n Op een eerdere parlementaire vraag over de onderzoeken met mysterysho"| __truncated__ "Verdachten van belaging. \n\n In zijn antwoord op mijn schriftelijke vraag nr. 1698 van 5 oktober 2016 (Vragen en Antwoorden, K"| __truncated__ "Verdachten van belaging. \n\n In zijn antwoord op mijn schriftelijke vraag nr. 1698 van 5 oktober 2016 (Vragen en Antwoorden, K"| __truncated__ ...
$ question_theme_main : Factor w/ 45 levels "ARBEID","BEGROTING",..: 43 43 39 39 15 NA NA NA 43 NA ...
$ question_theme : chr "VERVOERSLIJN,VERVOERBELEID,VERVOER PER SPOOR,NMBS,DIENSTREGELING VAN HET VERVOER" "FRAUDE,CONTROLEORGAAN,VERVOERBELEID,PLAATSBEWIJS,VERVOER PER SPOOR,NMBS" "STRAFRECHT,SEKSUEEL GEWELD,GEGEVENSBANK,STRAFVERVOLGING,SEKSUEEL MISDRIJF,PSYCHOLOGISCHE INTIMIDATIE" "STRAFRECHT,SEKSUEEL GEWELD,GEGEVENSBANK,STRAFVERVOLGING,SEKSUEEL MISDRIJF,PSYCHOLOGISCHE INTIMIDATIE" ...
$ answer : chr "1. De noodrem werd geactiveerd; het ging om kwaad opzet. 2. De treinbestuurder moet in eerste instantie proberen om de panne te"| __truncated__ "1. In fase 2 van 2016 (september-oktober) haalde het controlepercentage 68,1 %, wat een verhoging met 1,5 % inhoudt in vergelij"| __truncated__ "1., 2., 3. b), 3. c) en 4. Er wordt verwezen naar het antwoord van de minister van Veiligheid en Binnenlandse Zaken op parlemen"| __truncated__ "1. Voor de opmaak van de politiele criminaliteitsstatistieken wordt gebruik gemaakt van gegevens die worden geregistreerd in de"| __truncated__ ...
$ answer_deptpres : int 13 13 6 3 9 4 16 13 13 16 ...
$ answer_department : chr "Minister van Mobiliteit, belast met Belgocontrol en de Nationale Maatschappij der Belgische spoorwegen" "Minister van Mobiliteit, belast met Belgocontrol en de Nationale Maatschappij der Belgische spoorwegen" "Minister van Justitie" "Vice-eersteminister en minister van Veiligheid en Binnenlandse Zaken, belast met de Regie der Gebouwen" ...
$ answer_subdepartment: chr "Mobiliteit, Belgocontrol en NMBS" "Mobiliteit, Belgocontrol en NMBS" "Justitie" "Veiligheid en Binnenlandse Zaken" ...

▶ Each quesƟon (field quesƟon) is labelled with several categories (field quesƟon_theme)
▶ Each quesƟon got an answer from the government (field answer)
▶ We know the name of the person who asked the quesƟon, the poliƟcal party he/she belongs to and which

department answered the quesƟons
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Starspace for classificaƟon

▶ Starspace allows to do basic classificaƟon and mulƟ-label classificaƟon
▶ Use cases

▶ senƟment classificaƟon
▶ assignment of text to categories (e.g. incoming mail is assigned to right

person, news is categorised alongside topics, customer answers are
catgorised)

The sampling strategy
▶ leŌ (a enƟty) would be the text of a customer email
▶ right (b enƟty) would be the email category or a set of categories
▶ you creaƟng negaƟves by indicaƟng k email categories that are not the

right category (b−)
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How - first do basic data preparaƟon
The following data preparaƟon is needed
▶ make sure all the text is separated by spaces, this is the format which

Starspace needs
▶ make sure the response is a list of all categories in case you do mulƟ-label

classificaƟon and each category should not contain spaces (in the below
example spaces are replaced with a dash)

The Starspace C++ library internally uses spaces as a separator, make sure each
token is separated by a space if you want to include it in the model and that
the labels do not contain spaces.
dekamer$x <- strsplit(dekamer$question, "\\W")
dekamer$x <- lapply(dekamer$x, FUN = function(x) setdiff(x, ""))
dekamer$x <- sapply(dekamer$x, FUN = function(x) paste(x, collapse = " "))
dekamer$x <- tolower(dekamer$x)
dekamer$y <- strsplit(dekamer$question_theme, split = ",")
dekamer$y <- lapply(dekamer$y, FUN=function(x) gsub(" ", "-", x))
dekamer$x[1:2]

[1] "lijn brussel luxemburg technisch incident op maandag 19 december 2016 kondigde de nmbs een uitbreiding van het treinaanbod op brusselse voorstadsnet aan en gelijk ook verbetering dienstverlening comfort voor reizigers maar dinsdagnamiddag deed er zich alweer technisch trein 2116 die zuid naar zou rijden kreeg iets na 17 uur voorbij station met technische problemen te kampen daardoor raakte treinverkeer tussen ottignies verstoord pas twee kort dus kon weer normaal verlopen een team technici kwam trein ter plaatse depanneren werd hulpmaterieel aangevoerd om panne dichtstbijzijnde terug slepen daartoe diende onderbroken worden de treinen werden omgeleid via leuven 1 wat was precieze oorzaak hadden ze voorkomen kunnen zo ja hoe 2 zou dergelijke situaties spoorlijn in spitsuren procedure gehanteerd aanrijtijd verkorten herstelling materieel zodat geen of langer moeten wachten tot verholpen is 3 doen vaak incidenten hoeveel storingen moet jaarlijks verhelpen welke maatregelen genomen"
[2] "mystery shopping resultaten van de onderzoeken op een eerdere parlementaire vraag over met mysteryshoppers hebt u verwezen naar eind 2014 gelanceerd actieplan dat ertoe strekt het aantal ticketcontroles in treinen op te trekken en fraude tegen gaan volgens plan moet er twee keer per jaar onderzoek worden uitgevoerd in uw antwoord gaf aan uit resultaten maart april 2016 uitgevoerde bleek controlepercentage 66 6 bedroeg dit is daling 5 3 ten opzichte fase 2 2015 71 9 wat tot dusver beste resultaat was u stelde die kon verklaard door problemen treinbegeleiders hadden betrouwbaarheid itris hun nieuwe tablet voor ticketverkoop die waren voornamelijk technische aard zorgden ervoor toepassing meerdere keren tijdens shift opnieuw moesten opstarten daarnaast duurt scannen mobib kaart controle ervan langer dan vervangen ibis toestellen eveneens invloed 1 wat zijn jongste heeft nmbs oplossing gevonden om bij gebruik ondervangen"

dekamer$y[1:2]

[[1]]
[1] "VERVOERSLIJN" "VERVOERBELEID"
[3] "VERVOER-PER-SPOOR" "NMBS"
[5] "DIENSTREGELING-VAN-HET-VERVOER"

[[2]]
[1] "FRAUDE" "CONTROLEORGAAN" "VERVOERBELEID"
[4] "PLAATSBEWIJS" "VERVOER-PER-SPOOR" "NMBS"
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Model building

set.seed(321)
model <- embed_tagspace(x = dekamer$x, y = dekamer$y,

early_stopping = 0.8, validationPatience = 10,
dim = 50,
lr = 0.01, epoch = 40, loss = "softmax", adagrad = TRUE,
similarity = "cosine", negSearchLimit = 50,
ngrams = 2, minCount = 2)

model

The code above has trained a model with the following relevant arguments
1 early_stopping: data is split in a training (80%) and a validaƟon set (20%)
2 dim: the dimension of the embedding is set to 50
3 opƟmisaƟon is done with adagrad, during 40 epochs, starƟng with a learning rate (lr) of 0.01 and each

Ɵme decreasing the learning rate by 1/epoch.
4 The loss which is opƟmised is soŌmax loss. If the loss does not stop decreasing aŌer 10 iteraƟons as set

with validaƟonPaƟence, training is stopped.
5 Similarity between posiƟve and negaƟve labels is done by cosine similarity
6 negSearchLimit indicates the number of negaƟve samples which are taken (for each quesƟon we know

which labels were given (posiƟve) and we sample from the list of labels which were not given a bunch of
negaƟves)

7 model is trained on bigrams (argument ngrams) and these should occur at least twice (argument
minCount)
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plot(model)
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Data

Training
Validation

▶ Plot evoluƟon of the loss over the epochs on the training set and the
validaƟon set

▶ This should generally decrease steadily and stabilise on the validaƟon set
which indicates it has learned the embeddings well

▶ If you don’t see this behaviour, retrain with different hyperparameters

12 / 32

w
w
w
.b
no

sa
c.
be



▶ the embeddings of the labels and the words are in the same embedding
space allowing you to compute similariƟes across labels and text.

▶ dicƟonary of all terms in the model (words and labels)
▶ you can get embeddings of labels and words and ngrams

dict <- starspace_dictionary(model)
str(dict)

List of 6
$ ntokens : int 365654
$ nwords : int 14075
$ nlabels : int 1314
$ labels : chr [1:1314] "__label__VERVOERBELEID" "__label__GEZONDHEIDSBELEID" "__label__OVERHEID" "__label__OPENBARE-VEILIGHEID" ...
$ dictionary_size: int 15389
$ dictionary :'data.frame': 15389 obs. of 3 variables:
..$ term : chr [1:15389] "de" "in" "het" "van" ...
..$ is_word : logi [1:15389] TRUE TRUE TRUE TRUE TRUE TRUE ...
..$ is_label: logi [1:15389] FALSE FALSE FALSE FALSE FALSE FALSE ...

emb_all <- as.matrix(model)
emb_words <- as.matrix(model, type = "words")
emb_labels <- as.matrix(model, type = "labels", prefix = FALSE)
e <- starspace_embedding(model, x = c("geld", "nationale loterij", "__label__VERVOERBELEID"), type = "ngram")
e

[,1] [,2] [,3] [,4]
geld -0.009927476 0.06355097 0.02599729 -0.051911067
nationale loterij 0.016570840 -0.00510766 0.03713511 0.062561266
__label__VERVOERBELEID -0.023777248 0.04593002 0.01958371 -0.005254362

[,5] [,6] [,7] [,8]
geld -0.038703699 0.04581665 -0.14283867 0.07054184
nationale loterij -0.029120756 -0.02243782 -0.03028865 0.00239888
__label__VERVOERBELEID 0.006701535 0.02579976 0.01157977 -0.04964909

[,9] [,10] [,11] [,12]
geld -0.104139268 -0.06040937 -0.13398242 -0.039323285
nationale loterij -0.002617395 0.04821803 0.05865562 -0.076755270
__label__VERVOERBELEID 0.020059176 0.01897390 0.04063378 0.008211648

[,13] [,14] [,15] [,16]
geld -0.10288447 -0.10941643 -0.01776431 0.01441684
nationale loterij -0.12303458 0.03669490 -0.06591890 0.06882349
__label__VERVOERBELEID 0.06475819 0.02204028 0.01806332 0.05176786

[,17] [,18] [,19] [,20]
geld -0.081799977 0.07085415 0.0466791727 0.170089111
nationale loterij -0.054054625 0.06245373 -0.0008726225 0.005686135
__label__VERVOERBELEID -0.003691517 0.01445158 -0.0135348393 -0.078844368

[,21] [,22] [,23] [,24]
geld 0.06104363 -0.01823989 -0.09509918 -0.03157498
nationale loterij -0.05765487 -0.01582395 -0.03004630 0.08454081
__label__VERVOERBELEID -0.04300692 0.04027746 0.06544405 -0.01656652

[,25] [,26] [,27] [,28]
geld 0.083731838 -0.15393491 -0.05503839 -0.00528912
nationale loterij -0.009339401 0.07734751 0.01413289 -0.01465573
__label__VERVOERBELEID 0.037999734 0.04621954 0.00657638 0.03067128

[,29] [,30] [,31] [,32]
geld -0.083821520 -0.054127127 0.03612800 -0.04684369
nationale loterij 0.068706885 -0.046767425 -0.05782118 0.05996264
__label__VERVOERBELEID 0.001482453 -0.009103395 -0.03109618 0.05506102

[,33] [,34] [,35] [,36]
geld 0.046469230 0.12669608 0.039826646 0.129711002
nationale loterij -0.050803587 -0.05555835 -0.086059101 -0.007229139
__label__VERVOERBELEID 0.008442217 -0.07325020 -0.002369274 -0.040216614

[,37] [,38] [,39] [,40]
geld 0.08025439 0.04740931 -0.13227285 0.09113731
nationale loterij -0.02360729 0.01722727 0.06204849 -0.03018238
__label__VERVOERBELEID -0.00558531 -0.02735025 0.05954030 -0.01745364

[,41] [,42] [,43] [,44]
geld -0.13966841 -0.108126126 -0.03205404 -0.121699199
nationale loterij 0.01504409 0.064097419 -0.04620822 0.008463514
__label__VERVOERBELEID 0.01411708 -0.008549001 0.06510735 0.011282740

[,45] [,46] [,47] [,48]
geld 0.01704068 -0.008255452 0.07034380 0.14449769
nationale loterij 0.01723667 0.010883777 -0.03940137 -0.06058531
__label__VERVOERBELEID -0.02301706 -0.056059949 -0.02451582 -0.06019729

[,49] [,50]
geld 0.101266541 0.01598036
nationale loterij -0.054910328 -0.01946939
__label__VERVOERBELEID -0.002099617 -0.04236410
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▶ For retrieving embeddings of full text, use type = ‘document’ in
starspace_embedding

▶ It aggregates the embeddings of the words which are part of the text
text <- c("de nmbs heeft het treinaanbod uitgebreid via onteigening",

"de migranten komen naar europa de asielcentra")
emb_text <- starspace_embedding(model, text)
dim(emb_text)

[1] 2 50

▶ You can extract predicƟons and get embedding similariƟes for informaƟon
retrieval and ranking.

▶ Find the closest label to some text
scores <- predict(model, "de migranten komen naar europa de asielcentra ...")
text <- c("de nmbs heeft treinaanbod uitgebreid",

"migranten komen naar europa, asielcentra")
scores <- embedding_similarity(starspace_embedding(model, text),

emb_labels, type = "cosine", top_n = 5)
scores[, c("term1", "term2", "rank")]

term1 term2 rank
1 migranten komen naar europa, asielcentra ILLEGALE-MIGRATIE 1
2 migranten komen naar europa, asielcentra MIGRATIEBELEID 2
3 migranten komen naar europa, asielcentra VLUCHTELING 3
4 migranten komen naar europa, asielcentra OPENBARE-ORDE 4
5 migranten komen naar europa, asielcentra UITWIJZING 5
6 de nmbs heeft treinaanbod uitgebreid NMBS 1
7 de nmbs heeft treinaanbod uitgebreid VERVOER-PER-SPOOR 2
8 de nmbs heeft treinaanbod uitgebreid TRANSPORTINFRASTRUCTUUR 3
9 de nmbs heeft treinaanbod uitgebreid VERVOERBELEID 4
10 de nmbs heeft treinaanbod uitgebreid DIENSTREGELING-VAN-HET-VERVOER 5
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▶ Inspect what your model has learned
▶ by looking at the closest word to a text or a label
▶ starspace_knn returns the nearest term in the dicƟonary to the provide text

starspace_knn(model, "migranten", k = 2)

$input
[1] "migranten"

$prediction
label similarity rank

1 migranten 1.0000000 1
2 vluchtelingen 0.9896093 2

starspace_knn(model, "__label__MIGRATIEBELEID", k = 5)

$input
[1] "__label__MIGRATIEBELEID"

$prediction
label similarity rank

1 __label__MIGRATIEBELEID 1.0000002 1
2 sefor 0.9888631 2
3 derdelander 0.9869671 3
4 regularisatieaanvragen 0.9862695 4
5 verblijf 0.9841670 5

starspace_knn(model, "de migranten komen naar europa de asielcentra ...", k = 5)

$input
[1] "de migranten komen naar europa de asielcentra ..."

$prediction
label similarity rank

1 toestroom 0.9207578 1
2 migranten 0.9192232 2
3 syriers 0.9186081 3
4 bevel 0.9166192 4
5 hervestigingsprogramma 0.9120188 5 15 / 32
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Visualise label embedding similariƟes
▶ Extract and visualise top 40 label embedding similariƟes

library(udpipe)
library(ggraph)
library(igraph)
emb_labels <- as.matrix(model, type = "labels", prefix = FALSE)
similarities <- embedding_similarity(emb_labels, emb_labels)
similarities <- as_cooccurrence(similarities)
similarities <- subset(similarities, term1 < term2)
similarities <- similarities[order(similarities$cooc, decreasing = TRUE), ]
toplot <- head(similarities, 40)
toplot <- graph_from_data_frame(toplot)
ggraph(toplot, layout = "fr") +
geom_edge_link0(aes(edge_alpha = cooc, edge_width = cooc)) +
geom_node_point(color = "lightblue", size = 5) +
geom_node_text(aes(label = name), vjust = 1.8, col = "darkgreen") +
ggtitle("Starspace embedding similarities between labels") + theme_void()
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Starspace embedding similarities between labels
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Starspace for word and sentence embeddings

▶ Starspace allows to do word and sentence embeddings
▶ Use cases

▶ find similar words / analogies
▶ find similar sentences (e.g. what answer do we need to give to a mail, to

which customer email does this email resemble)

The sampling strategy for word embeddings
▶ select (a enƟty) as a window of words (e.g., four words, two either side of

a middle word), and (b enƟty) as the middle word
▶ negaƟves (b): words not in the middle

The sampling strategy for sentence embeddings
▶ Given a training set of unlabeled documents, each consisƟng of

sentences, we select (a enƟty) and (b enƟty) as a pair of sentences both
coming from the same document

▶ negaƟves (b) are sentences coming from other documents
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Word embedding model

library(ruimtehol)
set.seed(321)
model <- embed_wordspace(dekamer$x, early_stopping = 0.8,

dim = 50, ws = 7, epoch = 10, ngrams = 2,
negSearchLimit = 10)

▶ Check what it has learned with starspace_knn
▶ You can get the same with predict with type = ‘knn’

x <- as.matrix(model)
starspace_knn(model, "luchthaven")

$input
[1] "luchthaven"

$prediction
label similarity rank

1 luchthaven 0.9999999 1
2 notam 0.6075996 2
3 zaventem 0.5921771 3
4 38 0.5183266 4
5 technische 0.5169517 5

predict(model, c("brussel", "nmbs"), type = 'knn')

[[1]]
doc_id label similarity rank

1 1 brussel 1.0000001 1
2 1 weeder 0.7017010 2
3 1 perron 0.6184944 3
4 1 zuid 0.5887687 4
5 1 leefbaar 0.5706847 5

[[2]]
doc_id label similarity rank

1 2 nmbs 0.9999999 1
2 2 infrabel 0.7099032 2
3 2 reizigerstreinen 0.5753276 3
4 2 vervangende 0.5502700 4
5 2 partnerschap 0.5490419 5
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▶ Visualise embedding in 2D using tSNE projecƟon
library(projector)
library(ggplot2)
set.seed(321)
emb_words <- as.matrix(model)
annoy <- get_annoy_model(emb_words, number_trees = 5)

toplot <- retrieve_neighbors(text = "nmbs", projection_type = "tsne", annoy_model = annoy, n = 40, perplexity = 5)
ggplot(toplot, aes(x = x, y = y)) +
geom_label(label = toplot$text, size = 3, color = "darkblue") +
theme_void() +
ggtitle("Word embeddings in 2D using tSNE, centered around the word 'nmbs'")

nmbs
infrabel

vervangendepartnerschap

ontstond
goederenoperatoren

treinreizigers
gebruik

leveranciers parkings

stationsparkings

extensie

stationsbuurt

hoofdstad

assistentie

16334

pestgedrag

tweetaligheid

infrastructuur

charles

vertrekprocedure

schepdaal

tweedeklas

bovengronds

braunschweig

defecteaangedrongen

zuidwijk

voedingsindustrie

investeringen

vrezen

klanten

opening

opruimen

verdampen

burgerorganisaties

politie

traces

slopen

spoorwegbrug

Word embeddings in 2D using tSNE, centered around the word 'nmbs'
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Sentence embedding model
▶ For building the sentence embedding model, you need to have sentences
▶ Below we use the udpipe package to get these

library(udpipe)
library(ruimtehol)
data(dekamer, package = "ruimtehol")
questions <- udpipe(dekamer$question, "dutch", tagger = "none", parser = "none", trace = 250)
answers <- udpipe(dekamer$answer, "dutch", tagger = "none", parser = "none", trace = 250)
saveRDS(questions, file = "dekamer_questions.rds")
saveRDS(answers, file = "dekamer_answers.rds")

questions <- readRDS(file = "dekamer_questions.rds")
answers <- readRDS(file = "dekamer_answers.rds")

set.seed(321)
model <- embed_sentencespace(questions, early_stopping = 0.8,

dim = 100, epoch = 20, minCount = 5, negSearchLimit = 10)
#plot(model)

▶ Find the most similar sentence to user input
sentences <- unique(questions$sentence)
sentences <- sentences[nchar(sentences) > 50]
scores <- embedding_similarity(
starspace_embedding(model, "cijfers doorstroming"),
starspace_embedding(model, sentences),
top_n = 2)

scores

term1
1 cijfers doorstroming
2 cijfers doorstroming

term2
1 Beschikt u over cijfers van het aantal online verkochte DNA-kits in Belgie de afgelopen vijf jaren?4.
2 Hoe zijn die cijfers de afgelopen vijf (indien mogelijk tien) jaar geevolueerd?4.
similarity rank

1 0.7141748 1
2 0.7024920 2
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Starspace for arƟcle embeddings

▶ Starspace allows to do sentence and arƟcle embeddings (arƟclespace)
▶ Use cases

▶ learning themapping between sentences and arƟcles (Given the embedding
of one sentence, one can find the most relevant arƟcles)

▶ give the most appropriate answer from your exisƟng knowledge base to a
customer quesƟon

▶ Completely unsupervised

The sampling strategy for arƟclespace
▶ Each example from your knowledge base is an arƟcle which contains

mulƟple sentences and the sentences are considered to be labels
▶ At training Ɵme, one sentence is picked at random as the input LHS (a

enƟty), the remaining sentences in the arƟcle becomes the RHS label (b
enƟty), other arƟcles are picked as random negaƟves (b enƟty)
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ArƟcle recommendaƟon (arƟclespace)
▶ Input requires you to construct a tokenised data.frame with idenƟfiers of

the arƟcle and sentence
▶ Following funcƟon splits data in sentences and words

tokenize_article <- function(x){
library(data.table)
library(tokenizers)
stopifnot(all(c("doc_id", "text") %in% colnames(x)))
x <- na.exclude(x[, c("doc_id", "text")])
## split in sentences and words with tokenizers R package
knowledgebase <- tokenizers::tokenize_sentences(x$text, lowercase = FALSE, strip_punct = FALSE)
names(knowledgebase) <- x$doc_id
knowledgebase <- lapply(knowledgebase, FUN=function(x){

sentencelist <- tokenizers::tokenize_words(x, lowercase = TRUE, strip_punct = TRUE, strip_numeric = TRUE)
sentencelist <- lapply(sentencelist, FUN=function(x) list(token = setdiff(x, "")))
data.table::rbindlist(sentencelist, idcol = "sentence_id")

})
knowledgebase <- data.table::rbindlist(knowledgebase, idcol = "doc_id")
knowledgebase

}

▶ Get all sentences of a knowledge base (sentence separated by tab)
knowledgebase <- data.frame(doc_id = dekamer$doc_id, text = dekamer$answer, stringsAsFactors = FALSE)
#knowledgebase <- udpipe(knowledgebase, "english")
knowledgebase <- tokenize_article(knowledgebase)
head(knowledgebase)

doc_id sentence_id token
1: 184501 2 de
2: 184501 2 noodrem
3: 184501 2 werd
4: 184501 2 geactiveerd
5: 184501 2 het
6: 184501 2 ging

allarticles <- data.table::setDT(knowledgebase)
allarticles <- allarticles[, list(sentence = paste(token, collapse = " ")), by = list(doc_id, sentence_id)]
allarticles <- allarticles[, list(text = paste(sentence, collapse = "\t")), by = list(doc_id)]
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▶ Use embed_arƟclespace to embed the knowledgebase
set.seed(321)
model <- embed_articlespace(knowledgebase,

dim = 150, lr = 0.05, epoch = 20, similarity = "cosine",
negSearchLimit = 5, maxNegSamples = 3, dropoutRHS = 0.5, adagrad = TRUE, minCount = 5)

▶ Use the Starspace model
1 You can get the embeddings of the knowledgebase
2 You can get the closest answer in the knowledgebase to a customer quesƟon

(use argument basedoc for providing the list of possible answers)

emb <- predict(model, allarticles$text, type = "embedding")
# inspect that the model has learned the relevant things
closests <- starspace_knn(model, newdata = "nmbs")

# what is closest answer to this question
scores <- predict(model, "wat was de precieze oorzaak van de technische problemen", basedoc = allarticles$text)
scores <- predict(model, dekamer$question[1:2], basedoc = allarticles$text)

▶ The predict funcƟon returns the closest arƟcle and the words which are
used to obtain that predicƟon.

str(scores[[1]])

List of 4
$ doc_id : int 1
$ text : chr "Lijn Brussel-Luxemburg. - Technisch incident. \n\n Op maandag 19 december 2016 kondigde de NMBS een uitbreiding van het treinaa"| __truncated__
$ prediction:'data.frame': 5 obs. of 3 variables:
..$ label : chr [1:5] "de proefprojecten in stations ciney marloie en libramont werden op januari ingevoerd\tde evaluatie zal gebeuren op elke bijeenk"| __truncated__ "a hieronder vindt u de tabel met het gemiddelde aantal opstappende reizigers in station van waregem gedurende laatste zes jaren"| __truncated__ "er wordt door de nmbs bevestigd dat risico's waaraan een wachtzaal als gevolg van het gebrek aan sociale controle blootgesteld "| __truncated__ "naar aanleiding van de sensibiliseringsactie rond fietsdiefstal die georganiseerd werd in samenwerking met stad nijvel politiez"| __truncated__ ...
..$ label_starspace: chr [1:5] "de proefprojecten in stations ciney marloie en libramont werden op januari ingevoerd\tde evaluatie zal gebeuren op elke bijeenk"| __truncated__ "a hieronder vindt u de tabel met het gemiddelde aantal opstappende reizigers in station van waregem gedurende laatste zes jaren"| __truncated__ "er wordt door de nmbs bevestigd dat risico's waaraan een wachtzaal als gevolg van het gebrek aan sociale controle blootgesteld "| __truncated__ "naar aanleiding van de sensibiliseringsactie rond fietsdiefstal die georganiseerd werd in samenwerking met stad nijvel politiez"| __truncated__ ...
..$ similarity : num [1:5] 0.848 0.813 0.807 0.781 0.757
$ terms :List of 2
..$ basedoc_index: int [1:5] 247 2569 1859 2453 8
..$ basedoc_terms: chr [1:5] "de proefprojecten in stations marloie en libramont werden op januari ingevoerd de evaluatie zal gebeuren op elke bijeenkomst va"| __truncated__ "a hieronder vindt u de tabel met het gemiddelde aantal opstappende reizigers in station van gedurende laatste zes jaren bil dez"| __truncated__ "er wordt door de nmbs bevestigd dat risico's waaraan een wachtzaal als gevolg van het gebrek aan sociale controle blootgesteld "| __truncated__ "naar aanleiding van de rond die georganiseerd werd in samenwerking met stad nijvel politiezone en et des werden er tussen uur f"| __truncated__ ...25 / 32
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Other models
▶ Interest-based or Document-based RecommendaƟon

1 embed_pagespace: Build a Starspace model for interest-based
recommendaƟon (e.g. user clicks on a web page)

2 embed_docspace: Build a Starspace model for content-based
recommendaƟon (e.g. user clicks on a web page and you know the content
of the web page)

▶ EnƟty relaƟonship compleƟon (graphspace)
3 embed_enƟtyrelaƟonspace: Build a Starspace model for embedding the

graph (e.g. you know 2 enƟƟes and the type of link the 2 enƟƟes have)
▶ MulƟ-task learning and semi-supervised learning and using other

pre-trained word embeddings (e.g. fasƩext/glove/…)
4 starspace: Direct access to the Starspace C++ layer for experts

More examples are provided in the R package

Figure: embed all the things with ruimtehol
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www.bnosac.be: open source analyƟcs experts
Providing consultancy services in open source analyƟcal engineering
▶ Support for R / Oracle R Enterprise / MicrosoŌ R / PostgreSQL / Python /

ExtJS / Hadoop / …
▶ ExperƟse in predicƟve data mining, biostaƟsƟcs, geostats, R + Python

programming, GUI building, arƟficial intelligence, process automaƟon,
analyƟcal web development

▶ R/Python implementaƟons, applicaƟon maintenance &
training/consulƟng

▶ RStudio Server Pro / Shiny Pro / RStudio Connect reseller
▶ HosƟng CRAN at www.datatailor.be
▶ ContribuƟng to the R community with R packages / R training

Figure:
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R support by BNOSAC

Figure: R support by BNOSAC
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R training by BNOSAC: www.bnosac.be/training

Figure: Training on R / Data Science
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www.bnosac.be

Need support, send a message at www.bnosac.be/index.php/contact/get-in-touch

Figure: Contact www.bnosac.be
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