An Information Retrieval Engine for All About NLP (AAN)
Yale Thomas George, Irene Li and Dragomir Radev

Department of Computer Science at Yale University and the University of Waterloo LILY Lab

Introduction : T R Ty e Implementation Details

Information retrieval is the process of extracting specific arsL Gy One aspect of this pipeline that adds seemingly

information from a large collection of unstructured PDF unneeded complexity is the search engine scrapers.

documents and resources. This is becoming :1 §°—’ >T This is because they do not use APIs in order to avoid

increasingly relevant in the modern world, where there - {DownloadManager PPTX - the financial costs of performing many queries. Rather,

is an abundance of online data that can get challenging . § they use the selenium and bs4 packages to emulate

to navigate. Broadly speaking, the objective of All About Input J i HTML j ' users clicking through the search engines.

NLP (AAN) is to supply users with educational R "

resources. In this part of the project, we train a classifier ~ Another interesting facet of this data collection tool is

that marks resources as “good” learning materials in the PPTX » the 3 parsers, which use heuristics to extract details

NLP domain, and we extend the model into the CV and ) f from the document’s structure/contents. For example,

STATs domain via transfer learning. HTML the PDF parser uses two different libraries depending
/ Select Extract \ on whether the document is an academic paper or not.

Given the unique problem that AAN aims to solve This classification is done using the formula in Figure 2.

through, there are no readily available datasets to train
the classifier. This presentation will focus on the >
implementation of the end-to-end software pipeline that

was used to scrape the internet and aggregate >

Extracts L L. L Y Results

Extract [BenNer Yake ] [ Rake J [Racun] [PyTextRank] [KeyBert

In total, approximately 40K resources were processed by the pipeline,
ranging across the 3 domains and 3 file types (as detailed in Table 2).

b A T[

resources and their features, composing AAN’s dataset. Key Phrases o ) | Roughly 69%.of those data points were manually annotated as positive (i.e.
f ¥ useful educational resources).

Methods

: - T seareEngine The file parsers extracted 21 distinct features for each document — several
Referring to Figure 1, the pipeline accepts several forms N £ which isted in Table 3. Combined with the 9 d f y 4
of input. One can supply a set of seeding documents 111t all ke phireses are coleced '>° g of which are isted In fabie J. Lombined with the 9 deep features (collecte
and/or an explicit list of key phrases (examples shown slepaf?telyl), tlhg dat? pows hedld a gﬁh set of ffeatudrres fgr tralq:ng the
in Table 7). The seeding document URIs are forwarded Select Engine classifier. [t ultimately achieved an F1 score of 0.94 and unveiled some
to the DownloadManager that downloads them if they interesting factors that characterize an educational resource as “good”.

do not already exist in the local filesystem. Then, based

i i h Engi :
gn the f”et t}ll_ie’ a parseris Crefated t%WJatE eac?\ fl‘?e(’jf HANECR SIOTIeS i bool(abstract), len(links), len(authors), len(bibliography)| - (5,2, 1, 3] % = Future Work
ocument. These parsers are forwarded through the [DuckDuckGo] [ Bing J [Yahoo,] : . . 5 | , , , o
channel of the ‘Select Mode’ demux to a set of 6 logimaz(num.characters, 300)) ,:t '? ”t]%' 90?' fo (f[(r)]nt'ntlﬁle c(lje\;elgplnkgbthls p;(?g\iclil in order
deep/statistical key phrase extraction methods (one of 5, Figure 2. Inequality that determines whether a PDF is a research paper or not, using its features O further strengthen the data backbone o '
urich s also specied by user inpul) Then hese : o s
selected key phrases from the seeding documents are b ’ PPTX 1, 216 1,463 3,412 Not)abg’,athli ke}[/apr;raiZne)ézac:t nrl)f?czzi:|cor]as;tarﬁg;[llggdand
joined with the user-provided key phrase list. \_’I_Vﬁl 3\”” |Ecrgeas egthz |terat|or?g ced o fy P
Figure 1. Control Flow of the AAN Data Collection Pipeline PDF 4,961 3,782 1,449 10,192 addsin fim roviﬁ features and r%collectin the data
Moving forward, the signal labelled with *’ carries a 1 HTML 9,368 9,302 7,454 26,124 g/imp 9 9 '
' : NLP :
Egcauhsrzsellskaeryep;g:\?vsaergeo; lr(;tzrz:tara;ﬁ g(rzllierféevc\lle'lla'hese ) e . Total 15,545 Uil g ete b Also, more room for improvement can always be found
yb . Jine viae) EmisEeliras Sle sy Helfaes, ot Positive Rate 0.62 0.80 0.65 0.69 in the document parsers and their heuristics for
scraper (selected by the user) which then begins to “text classification tutorial” site:.edu filetype:.pdf Table 2. Control Flow of the AAN Data Collection Pipeli extracting the structural features of the documents
search for the key phrases and collect the top N URLs = able 2. Control Flow of the ata Collection Fipeline 9 '
foreach. These URLS are sent to the ot Gow2
DownloadManager, then a parser is built for each ‘texture classification” site:.edu filetype:.pdf NumHeading # of headings NormalizedUngiueVocab  # of unique words/word ACknOWledgement
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now 1, these parsers dump features of their designated  «;ongitional probability” site:kdnuggets.com filetype:.htm _
guidance.

document into a csv and the free text into a txt. Table 3. Sample of features collected. Group 1 features are higher-level (document structure) and

Table 1. Sample key phrase queries in the 3 domains Group 2 features are lower-level (natural language structure)



