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Problems in Enterprise Search

¢ Search engines are basically matching the query
terms and the terms in documents, this may result
in a large number of false positives:;
+ Some terms may be overly represented in search:
- E.g., "composite materials”
¢ Search engines may fail to deliver if the query
terms not exist in the enterprise datasets but the
datasets have the relevant information, e.g.,
* Buckyballs vs. fullerene
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Current Approaches to Enhance Information finding

¢ Boosting some terms;
+ E.g., Composite(+2) materials

¢ Synonym to expand query terms;
+ Java vs. coffee

¢ Others such as applying various similarity
algorithms

In this presentation, we propose to
improve information findability with Neural
Network Language Models

Sandia National Laboratories




(- R www.nature.com/nature/journal/v521/n7553/pdf/nature14539.pdf

REVIEW

doi:10.1038/nature14539

Deep learning

Yann LeCun', Yoshua Bengio® & Geoffrey Hinton**

Deep learning. 1 of ing layers to learn
data wit level ion. Thy hods b mp the state-of-the-art inspeech rec-
T, o, ol + 4 5 v I
S using the i i machine
should internal are used to compute the ineach
the previous layer. Deep ughs in images, video, h and
audio, whereas recurrent nets h: data such as text
ic!ﬂnf-l::nﬂngmhnuiugypawzrs nunyispecu ufmod.:m intricate slrucmm high-di | data and is th pl
M society: from net- ble o many ds f science, huslmss and government. anddn o
works to d on websites, and ' and speech
itis increasingly present in consumer products such as cameras and has beaten ather mzdune learnlng [Khﬂlquesalprhdl(ﬂng th activ-
smartphones. Machine-learning systems are used to identify objects ity of potential d A *, analysin, i ™",

in images, transcribe speech into text, match news items, posts or
products with users” interests, and select relevant results of search.
Increasingly, these applicatians make use of a class of techniques called
deeplearning.

Conventional machine-learning technigues were limited in their
dbjhly to process natural data in their raw furm. For decades, con-
s ition or machi required
careful d considerable d cpertise to design a fea-
ture extractor that transformed the raw data (such as the pixel values
of an image) into a suitable internal representation or feature vector
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classify patterns in the input.
Representation learning is a set nfmuhudsmal allows amaclune to
be fed with raw data and discover the

needed for detection or classification. Deep-learning methods are
representation-learning methods with multiple levels of representa-
tion, obtained by composing simple but non-linear modules that each
transform the representation at one level (starting with the raw input)
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reconstructing brain circuits', and predicting the effects nrmuminm
in non-coding DNA on gene expression and disease™”. Perhaps more
surprisingly, deep learning has produced extremely promising resuts
for various tasks in natural language understanding™, pnmml:rly
Loplcdasmﬁcation sennmem analysis, question answering® and lan-
guage translation™

We think that déep léarning will have many moré Siiccesses in the
near future bacaus: it requires very little enynecrmgby hand, so it
can easily tak age of increases in of available com-
putation and data. New learning algorithms and architectures that are
currently being developed for deep neural networks will anly acceler-
ate this progress.

Supervised learning

The most common form of machine learning, deep or not, is super-
vised learning. Imagine that we want to build a system that can classify
images as containing, say, a house, a car, a person or a pet. We first
«collect a large data set of images of houses, cars, people and pets, each
labelled with its category. During training, the machine is shown an
image and produces an output in the form of a vector of scores, one
for each category. We want the desired category 1o have the highest
score of all categories, but this is unlikely 1o happen before training.

suppress irrelevant variations. An image, for example, comes in the
form of an array of pixel values, and the learned features in the first
layer of representation typically represent the presence or absence of
edges at particular orientations and lacations in the image. The second
layer typically detects motifs by spotting particular arrangements of

We compute an objective function that measures the error (or dis-
tance) between the output scores and the desired pattern of scores. The
machine then modifies its internal adjustable parametess to reduce
this error. These adjustabl often called weights, are real
numhus lhaldl! be seen aa‘knnbs dmdeﬁne the mpupnu[putfuno
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tive' inference that underpins effortless commonsense reasoning.
Before the introduction of neural language models™, the standard
b to statistical modelling of 1 did not exploit distrib-
uted representations: it was based on counting frequencies of occur-
rences of short symbol sequences of length up to N (called N-grams).
The numbeér of possible N-grams is on the order of V¥, where V is
the vocabulary size, so taking into account a context of more than a

French words according to a probability distribution that depends on
the English sentence. This rather naive way of performing machine
translation has quickly become competitive with the state-of-the-art,
and this raises serious doubts about whether understanding a sen-
tence requires anything like the internal symbolic expressions that are
manipulated by using inference rules. It is more compatible with the
view that everyday reasoning involves many simultaneous analogies
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From Theory to Application to Codes
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> data. This work is then used as a basis for building a frecly available tagging system with ~
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=] Q We propose two novel model architectures for computing continuous vector repre-
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5 Among numerons problems, no consensus has emerged about the form of such a data = data set. Furthermore, we show that these vectors provide state-ofsthe-art perfor-
% structure. Until such fundamental Artificial Intelligence problems are resolved, computer 0 mance on our test set for measuring syntactic and semantic word similarities.
a scientists must settle for reduced objecti ing simpler ions describing =~
restricted aspects of the textual information. f:: I Eikroducton
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e Many current NLP syst d technigues treat words as atomie units - there is no notion of similar-
— ity between words, as these are represented as indices in a vocabulary. This choice has several good
5 reasons - simplicity. robustness and the observation that simple: models trained on huge amounts of
= data outperform complex systems trained on less data. An example is the popular N-gram model
e used for statistical language modeling - today. it is possible to train N-grams on virtually all available
= data (trillions of words [3]).

https://code.google.com/p/word2vec/
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iWhaT is Neural Network Language Model?

Neural Network

Input Hidden Output

Information

—
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A
hcepf of Neural Network Language Model

INPUT layer Hidden Layer ~ OUTPUT Layer
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Build and optimize word vectors(Google 2013)
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Motivations in Applying Neural Network
Language Model (NNLM)

o NNLM projects the terms into vector space,
meaning the words that were used together will
stay together at the vector space;

o NNLM vectorizes the terms that makes it possible
to compute the distances between the terms;

¢ Most importantly, NNLM learns from natural
language semantically and syntactically. With this
NNLM meaningfully brings words together without
parsing a speech or a document.
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Concept for Enhanced Enterprise Search
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What and How NNLM helps Enterprise Search

+ Deliver the relevant information even the query
terms not in enterprise dataset;

¢ Increase the quality of information delivered:

- Relevance
- Related

Sandia National Laboratories




enterprise dataset

ver the relevant information even the query terms not in
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erm “carcerands” is found in Wikipedia English and a set
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Prototype for Enhancing Pindability with Neural

Langupge Model

Query |carcerands Select a DataSource | WIKI 1%

Term Results /

+ calixarenes=0.7189198
* macrocycles=0.694366
+ calixarene=0.6790092

» macrocvcle=0.67030813
+ coronens=0 6573678

Expertise/Knowledge/Skills Results
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Section
Restarting a sinflationA]. There are 3 ways to continue a long LAMMPS simulation. Multiple run commands can be used
in the same inpulscript. Each run will
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Aug 23, 1999 ... Coatings such as cyclodextrins, cavitands. and calixarenes have shown potential for
making sensors selective for certain compounds or

www.sandia. gov
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Currently known ionophores include crown ethers, calixarene crowns, diaza crown ethers, and ylides.
Certain non-planar porphyrins have very recently been ..
prod.sandia.gov
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€ 3 C | [ localhost:8080/Word2VecDemo/

Increase the quality of retrieved information delivered: Relevant

€ 3 C | [ localhost:8080/Word2VecDemo/

() Sandia National Laboratories

Prototype for Enhancing Findability with
Neural Language Model

Query |c|0ud computing | Select a DataSource | WIKI v

Term Results

software=0.6345344
virtualization=0.6133616
scalable=0.6033651
supercomputer=0.38604306
datacenter=05841845
hpc=0.57906777
middleware=0.5783508
computer=0.5773931
technologies=0.57591444
visualization=0.5716286

Expertise/Knowledge/Skills Results
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Prototype for Enhancing Findability with
Neural Language Model

Query |c0mposite materials | Select a DataSource | WIKI v

Term Results

components=0.699595
composites=0.6953678
laminated=0.6616698
laminate=0.6499019
polymer=0.6442895
material=0.64352345
epoxy=0.6390593
laminates=0.6387598
thermoplastic=0.63755965
plastics=0.6338301

Expertise/Knowledge/Skills Results
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Increase the quality of retrieved information delivered: Related

€& =2 C [} localhost:8080/Ward2VecDemo/

() sandia National Laboratories

Prototype for Enhancing Findability with
Neural Language Model

Query |unstmctured data | Select a DataSource | DATA_Y v

Term Results

algorithms=0.5033293
information=0 42070806
datasets=0.41232347
sparse=0.40906107
meshes=0.40375274
entity=0.40171173
queries=0.40126213
texit=0 3987323
metadata=0.3966305
relational=0 39580885
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Prototype for Enhancing Findability with
Neural Language Model

Query |enterpn'se search | Select a DataSource | DATA_X v

Term Results

searchpoint=0.57016754
omnifind=0.56707025
mysites=0 35551994
kevword=0.5526862
application=0.5500424
federated=0.54607517
solr=0.54575837
personalization=05381358
searchpowtnext=0.5326619
primo=0.5207506

Expertise/Knowledge/Skills Results
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}Challenges of Applying NNLM in

Enterprise Search

+ Domain Specific?
* A NNLM trained from a domain may not be directly applied
to other domains in a data repository with multiple domains

¢ Maintenance?

Data in an organization are updated dynamically, there is a
need to update NNLM accordingly.
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Differences among domains

€« =3 C | [ localhost:8080/Word2VecDemo/
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Prototype for Enhancing Findability with
Neural Language Model

Query |unstructured data | Select a DataSource | DATA_Y v

Term Results

algorithms=0 5033293
formation=0.42070806
datasets=0.41232347
sparse=0.40906107
meshes=0 40375274
entity=040171173
queries=0.40126213
text=0.3987323
metadata=0_3966303
relational=0.39580885

Expertise/Knowledge/Skills Results
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Prototype for Enhancing Findability with
Neural Language Model

Query |unstructured data | Select a DataSource | DATA_Z v

Term Results

datasets=0.35903125
structured=0.5152167
meshes=050737995
ends=0.5034533
dataset=0.50147593
visualization=049620172
database=047939667
algorithms=0.4748525
sparse=0.47389528
overset=0.4725923

Expertise/Knowledge/Skills Results
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}Conclusions and Further Efforts

¢ Enterprise search can significantly improved in:

- Deliver relevant information even the query terms not
appear in the enterprise dataset

* Increase the quality of retrieved information

» Expand retrieved information to closely related
documents

¢ Implementation of NNLM in Enterprise Search
requires minor search engine reconfiguration

¢ Efforts are needed to improve training a NNLM to
cover more domains in an enterprise data
repository

¢ Further developments are needed to update
NNLMs in real time
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