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MACHINE-LEARNING COMMAND INTERACTION
BACKGROUND
{0001} Multi-function devices are often used to print, copy, fax andlor scan
documents, among other features. Such devices offer an array of avallable menu
commands, options, and the ability to provide information to users.

Brigr DESCRIPTION OF THE DRAWINGS
{0002 in the accompanying drawings, like numerals refer {o like components or
blocks. The following detailed description references the drawings, wherein;
{0003} FIG. 1 is an example system for providing query interaction;
{0004} FIG. 2 8 a flowchart of an example of a method for providing query
interaction; and
{00051 FIG. 3 is a block diagram of an example computing device for providing

query interaction.

DETAILED DESCRIPTION

{00086} For simplicity and #lustrative purposes, the principles of the
embodiments are described by referring mainly to examples thereof. In the
following description, numerous specific details are set forth in order to provide an
understanding of the embodiments. it will be apparent, however, to one of ordinary
skilt in the art, that the embodiments may be practiced without limitation to these
specific details. In some instances, well known methods and/or structures have not
been described in detail so as not to unnecessarily obscure the embodiments.

100071 Varipus slectronic devices, such as printers, laplops, smariphones,
andfor other computing devices often provide a user interface {U1) for interactions
with a user. Such Uls may, for example, provide status information, accept
commands and instructions, provide maintenance instructions, etc. There can, in
some cases, be hundreds of commands that the device may be able to respond to,
hut the user often has little patience for typing and/or clicking through numerous
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menu levels fo try and find the correct Ul option o access the information they
desire.

{0008} in examples herein, a natural language interface may be provided,
such as an interactive chatl interface. Somstimes referred to as a “chatbot”, the
interface may accept queries from a user, such as may be typed and/or spoken,
translate the query into one of the predefined commands known by the device, and
provide a response fo the user. For example, a user may ask the chatbot "how
much ink is left? The chatbot may use a trained machine-learning model 1o
transiate the query “how much ink is left” into a feature vector that may then be
used {o identify a closest matching command, also extracted inlo a fealure vecior,
The command may be exacuted on the device and the answer provided 1o the user
as a response from the chatbot.

{00091 Feature vectors, which may include image andior textual feature
vactors, may tepresent properties of a textual representation. For example, a
textual fealure vector may represent similarity of words, linguistic regularities,
contexiual information based on trained words, description of shapes, regions,
proximity to other vectors, etc. The feature vectors may be representable in a
multimodal space. A multimodal space may include k-dimensional coordinate
system. When the image and fexiual fealure vectors are populated in the
multimodal space, similar image features and textual features may be identified by
comparing the distances of the feature vectors in the mullimodal space to identify a
matching image to the query. One example of a distance comparison may include
a cosine proximity, where the cosine angles between fealure veclors in the
multimodal space are compared 0 delermine closest feature veclors. Cosine
similar features may be proximate in the multimodal space, and dissimilar feature
vectors may be distal. Feature vectors may have k-dimensions, or coordinates in a
multimodal space. Feature vectors with similar features are embedded close o
gach other in the multimodal space in vector modaels.

{0010} Feature-based veclor representation may use vanous models, o

represent words, images, and structures of a document in a continuous vector
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space. Different technigues may be applied to represent different features in the
vector space, and different levels of festures may be stored according fo the
number of documents that may need {o be maintained. For example, semantically
similar words may be mapped o nearby points by relying the fact thal words that
appear in the same contexts share semantic meaning. Two example approaches
that leverage this principle comprise count-based models {8.g. Latent Semantic
Analysis} and predictive modsis {e.g. neural probabilistic language models).
Count-based models compute the siatistics of how often some word co-ocours with
its neighbor words in a large text corpus, and then map these count-statistics down
to a small, dense veclor for each word. Pradictive methods directly fry {o predict 3
word from s neighbors in terms of leamed small, dense embedding
vactors {considered paramsters of the model). Other layers may captwre other
features, such as font type distribution, lavout, image content and postlioning, color
maps, efc.

{0011} In some examples, an index may be created with feature vectors and
identifiers of a predefined command set understood by a printing device. In some
implementations, similar command sets may be extracted for a plurality of different
devices, and including may include exiractions of identifiers for each device.
Indexing may include storing an identifier {ID} of a command and its feature vector,
and searches may retum an identifier of the image. Each command may, for
example, include required and/or oplional paramelers. For example, a command
to identify an ink level may include an optional parameter o identify the ink level of
a specific color's cartridge and/or of all installed cartridges. The list of commands
may be manually selected and/or automatically populated, such as by scanning the
appropriate funclion listings available in a device's application programming
interface (AP1).

{0012} In some implementations, a8 machine-lsarning model may be trained
on a large set of natural language documents, such as technical papers, news
articles, fiction andfor non-fiction works, etc. The model may thus interpolate the
semantic meanings and similarities of different words, For example, the model
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may learn that the words "Obama speaks o the media in filinois" is semantically
similar fo the words "President grests the press in Chicago” by finding two similar
news stories with those headlines. The machine-learming model may comprise, for
example, a word2vec model trained with negative sampling. Word2vec is a
computationally-efficient predictive model for learning word embeddings from raw
text. it may rely on various models, such as the Continuous Bag-of-Words model
{CBOW) and the Skip-Gram model. CBOW, for example predicts target words {e.g.
‘mat’} from source context words (the cat sits on the'"), while the skip-gram does the
inverse and predicts source contexi-words from the target words., The machine
learmning model may also comprise of other types of vector representations for
words, such as Global Vectors (GloVe)-, or any other form of word embeddings.
{0013} By exiracting feature vectors from the set of predefined commands,
gach command may be made available o a wide variety of natural language
queries by mapping a relatively small set of keywords to each of the sel of
predefined commands. Furthermore, the searching of the index of commands by
vector representation takes considerably less time than conventional text string
match searching. The natural language guery of the user may, once extracted into
a feature vector, be used o calculate a word mover distance (WMD) between the
query and the commands. The WMD measures a dissimilarity between two text
representation as the minimum amount of distance that the embedded words of one
representation need to travel o reach the embedded words of another
representation. The lower the WMD, the closer and/or more identical the words of
sach representation are.

G014} Fi3. 1is a block diagram of an example system 100 for providing guery
interaction.  System 100 may comprise a computing device 110 comprising a
memory 115. Computing device 110 may comprise, for example, a general andfor
special purpose computer, server, mainframe, desktop, laptop, tablst, smart phone,
game console, printer and/or any other sysiem capable of providing computing
capability consistent with providing the implementations described herein. Computing
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device 110 may store, in memory 115, a language model engine 120 and an
interaction engine 125,

{00185} Each of engines 120, 125 of system 100 may comprise any
sombination of hardware and programming o implement the functionalities of the
respective engine. In examples described herein, such combinations of hardware and
programming may be implemented in a number of different ways. For example, the
programming for the engines may be processor exscutable instructions stored on a
non-transitory machine-readable storage medium and the hardware for the engines
may include a processing rescurce to execute those instructions. In such examples,
the machine-readable storage medium may store instructions that, when executed by
the processing resource, implement engines 120, 125. In such examples, system 100
may comprise the machine-readable storage medium storing the instructions and the
processing resowrce to execute the instructions, or the machine-readable storage
medium may be separate but accessible to system 100 and the processing resource.
{0016} Language model engine 120 may translate a received query info one
of a set of predefined commands 130 according to a frained model. For example,
the trained model may comprise a machine-learing model, such as a word2vec
model trained on negative sampling on a plurality of natural language documents.
In some implementations, translating the received query info one of the set of
predefinad commands 130 may comprise converting each word of the received
guery into a multi-dimensional vector representation.  In some implementations,
transiating the received query into one of the set of predefined commands 130 may
comprise calculating a word mover distance (WMD) betwsen each word of the
received gquery and each word of a catalog of words associated with the set of
predefined commands 130.

{0017} in some examples, language model engine 120 may identify one of
the set of predefined commands 130 comprising a lowest word distance with
respect to the received query, based on the calculated WMD. Such commands, for
example, may comprise commands associated with providing and recebving
information from a printing device 150. For example, commands may include
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status inquiry commands about device 150 and/or a job being performed by device
150

{0018} Received queries may be phrased in natural language, such as “how
many pages have been printed today”, “how many jobs are walting”, “how much ink
is lefl”, "when is the next service due”, “what is your model”, “what is yvour name”,
“what is your address”, efc. Thease are merely given as examples, and multitudes
of other gueries may be received and mapped to the set of predefined commands
130. These example queries may be translated into commands from the set of
predefined commands 130 by language model engine 120,

10019} Language model engine 120 may, for example, comprise a
convolutional neural network {(CNNJ that may translate both the sat of predefined
commands 130 and the received query into k-dimensional text fealure vectors.
The k-dimensional feature vectors may be vectors representable in a Euclidean
space. The dimensions in the k-dimensional feature vectors may represeni
variables determined by the CNN describing the text of the query and the set of
predefined commands 130, The k-dimensional fealure vectors are representable in
the same multimodal space, and can be compared using a distance comparison,
such as a word mover distance (WMD) in the mullimodal space. In various
examples, language model engine 120 may comprise a convolution neural
network-long short-term-memory {(CNN-LSTM) encoder, a segdseq (encoder-
decoder model), andfor a structure neutral language model {SC-NLM) encoder.
Some examples may use other modsals and/or a combination of models.

{0020} Interaction sngine 125 may receive a query from a user, receive the
predefined command from the language mode! engine, and provide a response {0
the query fo the user according fo the predefined command received from the
fanguage model engine. For example, the query may be a nalural language
santence, a set of words, a phrase efc. The query may be received from a user by
way of a chat-based interface, such as short message service, instant message, a
web application, a voice interaction interface (with associated speech to {ext
engine), slc.
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{0021} Language model engine 120 may use a k-dimensional textual feature
veclor from the query o identify the closest malching command from the sst of
predefined commands 130, F no command is determined 1o be within a
sonfigurable threshold distance, then an srror may be reported fo the querying
user. To perform the matching, language model engine 120 may compare the
textual feature vector generated from the query fo the textual feature veclors
associated with the set of predsfined commands 130.

{0022} Interaction engine 125 may execute the malching command, ¥ any,
on printing device 150. For example, printing device 150 may provide an AP}
allowing an interaction engine 125 o execute a function with respect o printing
devica 150 and/or printing device 150 may accept remols execution commands,
such as through a Simple Network Mansgement Protocol (SNMPY gquery.
Interaction engine 125 may provide the response 1o the command from the printing
device 150 via the same interface the user used to submit the query. For example,
the user may have typed the command “how many pages can | print?” into a chat
interface. Language model engine 120 may translate the query inlo a command {0
the printing device 150 for a remaining ink level status check according to an
available AP for the printing device 150, Interaction engine 125 may then execute
the APl funclion and provide the response to the user's query via the chat
intarface.

{0023} in some implementations, system 100 may encompass the printing
device 150; that is computing device 110 and memory 115 may be part of printing
device 150 and set of predefined commands 130 may be slored in memory 115,
Printing device 150 may provide the interface for recelving the query, such as via a
network accessible application andi/or via a hardware contral panels user interface.
In other implementations, computing device 110 may be in communication with
printer 150, such as a cloud service. Such implementations may allow language
model engine 120 and interaction engine 125 to service a plurality of printing
devices.
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0024} Although one computing device 110 is depicted in Fig. 1, certain
implementations of system 100 may comprise more than ong computing device 110,
At least one of the computing devices may be employed and arranged, for example,
in at least one server bank, computsr bank, data center, andior other arrangements.
For example, the computing devices together may include a cloud computing
resource, a grid computing resource, andfor any other distrbuted computing
arrangement. Such computing devices may be located in a single installation and/or
may be distributed among many different geographical locations.

{0025} FiG. 2 is a flowchart of an example method 200 for providing query
interaction. Although execution of method 200 is described below with reference {o
computing device 110, othear suitable components for execution of method 200 may
be usad.

{0026} Method 200 may begin in stage 205 and procesd {o stage 210 where
computing device 110 may receive a query via a chat interaction, For example, the
query may be a natural language sentence, a set of words, a phrase etc. The
query may be received from a user by way of a chat-based interface, such as short
message service, instant message, a web application, a voice interaction interface,
glc. In examples herein, a natural language interface may be provided, such as an
interactive chat interface. Sometimes referred to as a “chatbol’, the interface may
accept queries from a user, such as may be typed and/or spoken, transiate the
gquery into one of the predefined commands known by the device, and provide a
rasponse o the user. For example, a user may ask the chatbot “how much ink is
left?” The chatbot may use a frained machine-learning model to franslate the
query “how much ink is left” into a feature vector that may then be used to identify a
closest malching command, also extracted info a feature vector. The command
may be executed on the device and the answer provided to the user as a response
from the chatbot.

100271 Method 200 may then advance to stage 215 where computing device
110 may translate the received query info one of a set of predefined commands
according to a trained machine-earmning model. In some implementations, the
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trained machine-leaming modsl comprises a plurality of vector-represented waord
embeddings exiracted from a3 plurality of nalural language documents. For
example, language model engine 120 may translate a received query into one of a
sat of predefined commands 130 according {fo a trained model. For example, the
trained model may comprise a machine-learning model, such as a word2vec model
trained on negative sampling on a plurality of natural language documents. In
some implementations, franslating the received query inlo one of the set of
predefined commands 130 may comprise converting each word of the received
query into a multi-dimensional vector represeniation.  In some implementations,
transiating the received query into one of the set of predefined commands 130 may
comprise calculating a word mover distance (WMD) between sach word of the
received query and each word of a calalog of words associated with the set of
predefined commands 130.

{0028} The natural languags query of the user may, once sexitracted into a
feature vector, be used to calculate a word mover distance (WMD) between the
guery and the commands., The WMD measures a dissimilarity between fwo text
representation as the minimum amount of distance that the embedded words of one
representation need to travel {o reach the embedded words of another
representation. The lower the WMD, the closer and/or more identical the words of
each representation are.

{0029} Language modsl engine 120 may use a k~dimensional textual feature
vactor from the query to identify the closest maiching command from the set of
predefined commands 130, I no command is determined to be within a
corfigurable threshold distance, then an error may be reported to the querying
user. To perform the malching, language model engine 120 may compare the
textual feature veclor generated from the query to the textual feature vecltors
associated with the sat of predefined commands 130.

{10030} Method 200 may then advance to stage 220 where computing device
110 may provide a result of the one of the set of predefined commands to the chat

interaction. Interaction engine 125 may execute the matching command, if any, on
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printing device 150. For examgple, printing device 150 may provide an APl allowing
an interaction engine 125 {o execute a function with respedt to printing device 150
andfor printing device 150 may accept remote execution commands, such as
through a Simple Network Management Protocol (SNMPY quary.  Interaction
gngine 125 may provide the response {o the command from the printing device 150
via the same interface the user used o submil the query. For example, the user
may have typead the command “how many pages can | print? info a chat interface.
Language model engine 120 may translate the query into a command 1o the
privding devics 150 for a remaining ink level status check according {0 an available
AR for the printing device 150, Interaction engine 125 may then execute the AR
funclion and provide the response to the user's guery via the chat interface.

{00311 Method 200 may then end at stage 250.

{0032} FIG. 3 is a block diagram of an example compuling device 300 for
providing query interaction. Compuling device 300 may comprise a processor 310
and a memory 315 comprising a non-fransitory, machine-readable storage medium.
Memory 315 may comprise a pluralily of processor-executable instructions, such as
frain machine-learning model instructions 332, create command set instructions 334,
exiract vector representation instructions 336, receive query instructions 338, identify
closest command instructions 340, and provide response instructions 342, In some
implemeantations, instructions 332, 334, 336, 338, 340, 342 may be associated with a
single computing device 300 and/or may be communicatively coupled among
different computing devices such as via a direct connection, bus, or network.

10033} Processor 310 may comprise a cenfral processing unit (CPU3}, a
semiconductor-based microprocessor, a programmable component such as a
complex programmable logic device (CPLD) andior field-programmable gate array
{(FPGA), or any other hardware device suitable for refrieval and execution of
instructions stored in maching-readable storage medium 320, In particular, processor
310 may fetch, decode, and execute instructions 332, 334, 336, 338, 340, 342.

{0034} Executable instructions 332, 334, 336, 338, 340, 342 may comprise
fogic stored in any pordion and/or component of machine-readable storage medium
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315 and execuigble by procsssor 310. The machineweadable slorage medium 315
may comprise both volatile and/or nonvolatile memory and data storage
components. Volatile components are those that do not retain data values upon
loss of power. Nonvolatile components are those that retain data upon a loss of
power.

{0035} The machine-readable storage medium 315 may comprise, for
example, random access memory (RAM), read-only memory (ROM), hard disk
drives, solid-state drives, USB flash drives, memory cards accessed via a memaory
card reader, floppy disks accessed via an associated floppy disk drive, oplical discs
accessed via an optical disc drive, magnetic tapes accessed via an appropriate
tape drive, andior other memory components, and/or a combination of any lwo
and/or more of these memory components.  in addition, the RAM may comprise,
for example, slatic random access memory {SRAM), dynamic random access
memory {(DRAM), and/or magnstic random access memory (MRAM) and other
such devices. The ROM may comprise, for example, a programmable read-only
memory {PROM), an erasable programmable read-only memory {EPROM), an
eleclrically erasable programmable read-only memory (EEPROM), and/or other like
mamory device.

{00361} Train machine-learning model instructions 332 may train a2 machine-
fearning model comprising a plurality of vectorrepresented word embeddings
extracted from a plurality of natural language documents. For example, language
maodel engine 120 may comprise a cenvolutional neural network (CNN} that may
transiate both the set of predefined commands 130 and the received query into k-
dimensional text feature vectors. The k-dimensional feature veclors may be
veclors representable in a Euclidean space. The dimensions in the k-dimensional
feature veclors may represent variables determined by the CNN describing the text
of the query and the set of predefined commands 130. The k-dimensional feature
vectors are representable in the same multimodal space, and can be compared
using a distance comparison, such as a word mover distance (WMD) in the

multimodal space. In various examples, language model engine 120 may
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comprise a corvolution neural network-long shorterm-memory  (CNN-LSTM)
encoder, a seqdseq (encoder-decoder model), and/or a structure neutral language
model (SC-NLM} encoder. Some examples may use other models andior a
combination of models.

{0037} in some implementations, a machine-earning model may be trained
on a large set of natural language documents, such as technical papers, news
articles, fiction andf/or non-fiction works, etc. The model may thus interpolate the
semantic meanings and similarities of different words. For example, the model
may learn that the words "Obama speaks 1o the media in Hllinois” is semantically
similar to the words “President greets the press in Chicago” by finding two similar
news stories with those headlines. The machine-learning model may comprise, for
axample, a word2vec mode! trained with negative sampling. Word2ves is a
computationally-efficient predictive modsl for learning word embeddings from raw
text, i may rely on various models, such as the Continuous Bag-of-Words model
{CBOW) and the Skip-Gram model. CBOW, for example predicts target words (e.g.
'mat’) from source context words (the cat sits on the'), while the skip-gram does the
inverse and predicts source context-words from the target words.

{0038} Create command set instructions 334 may create a set of predefined
commands associated with a printing device. In some examples, an index may be
created with feature veclors and identifiers of a predefined command set
understood by a printing device. In some implementations, similar command sels
may be exiracted for a plurality of different devices, and including may include
extractions of identifiers for each device. Indexing may include storing an identifier
{1} of a command and its feature vector, and searches may return an identifier of
the imags. Each command may, for example, include required andfor optional
parameters. For example, a command to identify an ink level may include an
optional parameter to identify the ink lavel of a specific color’s cartridge and/or of all
installed cartridges. The list of commands may be manually selected andfor
aulomatically populated, such as by scanning the appropriate function listings
available in a device’s application programming interface {(AP1).



WO 2018/199913 PCT/US2017/029253
13

10039} Extract vector representation instructions 336 may extract a veclor
represeniation of each of the set of predefined commands according o the
machine-learning model. Feature-based vector extraction may use various models,
to represent words, images, and structures of a document in a continuous vectoy
space. Different techniques may be applied o represent different features in the
vector space, and different levels of feslures may be stored according to the
number of documents thal may need to be maintained. For example, semantically
similar words may be mapped 10 nearby points by relying the fact that words that
appear in the same contexts share semantic meaning. Two example approaches
that leverage this principle comprise count-based models (8.g. Latent Semantic
Analysis} and predictive models (e.g. neural probabilistic language models).
Count-basaed models compute the statistics of how often some word co-ocours with
its neighbor words in a large text corpus, and then map thess count-stalistics down
o a small, dense vector for each word, Predictive methods directly fry (o predict a
word from s neighbors it terms of learmed small, dense embedding
vectors {considersd paramsters of the model). Gther fayers may caplure other
features, such as font type distribution, layow, image content and positioning, color
maps, elc.

{0040} Receive guery instructions 338 may receive a query from a uservia a
chat interface. For example, the query may be a natural language sentence, a set
of words, a phrase efc. The query may be received from a user by way of a chat-
hased interface, such as short message service, instant message, a web
application, stc. Received queries may be phrased in natural language, such as
“how many pages have been printed today”, “how many jobs are wailing”, "how

oo

much ink is left”, “when is the next service dug”, “what is your model”, "what is your
name”, “what is your address”, etc. These are merely given as examples, and
multitudes of other queries may be raceived and mapped 1o the set of predefined
commands 130. These example queries may be transiated into commands from

the set of predefined commands 130 by language model engine 120.
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{0041} identify closest command instructions 340 may identify a semantically
closest ong of the set of predefined commands {o the received query according {0
the machine-learning model. For example, language model engine 120 may use a
k-dimensional texiual feature vestor from the query to identify the closest maiching
command from the set of predefined commands 130, I no command is
determined to be within a configurable threshold distance, then an error may be
reported to the querying user. To perform the matching, language model engine
120 may compare the textual feature vector generated from the query fo the textual
feature vectors associated with the sst of predefined commands 130, In some
examples, language model engine 120 may identify one of the set of predefined
commands 130 comprising a lowast word distance with respect {o the received
guery, based on the calculated WMD. Such commands, for example, may
comprise commands associated with providing and receiving information from a
printing device 150. For sxample, commands may include status inguiry
commands about device 150 and/or a job being performed by device 150.

10042} Provide response instructions 342 may provide a response to the
query according to the one of the set of predefined commands via the chat
interface. For example, interaction engine 125 may execute the maiching
command, if any, on printing device 150, For example, printing device 150 may
provide an AP allowing an interaction engine 125 to execule a function with
respect to printing device 150 andfor printing device 150 may accept remote
execution commands, such as through a Simple Network Management Protocol
{SNMP) query, Interaction engine 125 may provide the response 1o the command
from the printing device 150 via the same interface the user used In submi the
query. For example, the user may have typed the command "how many pages of
ink are feft” into a chat inferface.  Language model engine 120 may transiale the
query info a command o the printing device 150 Tor a8 remaining ink level status
check according to an available AP for the printing device 150. Interaction engine
145 may then execuls the AP} funclion and provide the response to the user's
guery via the chat interface.
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{0043} The disclosed examples may inglude systems, devices, computer
readable storage media, and methods for document element re-positioning.  For
purposes of explanation, cerain examples are desoribed with reference fo the
somponents flustrated in the Figures. The functionality of the illustrated components
may overlap, however, and may be present in a fewer or greater number of elements
and components. Further, all or part of the functionality of illustrated elements may
co-exist or be distributed among several geographically dispersed locations.
Moreover, the disclosed examples may be implemented in various environments and
are not limited {o the illustrated examples.

10044} Moreover, as used in the specification and the appended claims, the
singular forms “a,” "an,” and “the’ are intended o include the plural forms as well,
uriess the context indicates otherwise. Additionally, although the terms first, second,
gic. may be used herein to describe various elements, these elements should not be
fimited by these terms. Instead, these terms are only used fo distinguish one slement

from another.

{0045] Further, the sequence of operations descrtbed in connection with the
Figures are examples and are notl intended to be limiling. Addiional or fewer
operations or combinations of operations may be used or may vary without departing
from the scope of the disclosed examples. Thus, the present disclosure merely sets
forth possible examples of implementations, and many variations and modifications
may be made {0 the described examples. All such modifications and variations are
intended to be included within the scope of this disclosure and protected by the

following claims.
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CLAIMS

What is Claimed is:

1. A systemn, comprising:
a memary storing:
a language model engine to;
translate a received query info one of a set of predefined
commands according to a trained model; and
an interaction engine to:
receive a query from a user,
receive the predefined command from the language model
engine, and
provide a response to the query to the user according to the
predefined command received from the language modsl engine.

2. The system of claim 1, whersin the frained model comprises a

machine-learning model trained on a plurality of natural language documents.

3. The system of claim 2, wherein the machine-leaming model
comprises a word embedding model.

4. The system of claim 1, wherein the interaction engine recaives the

query from the user via a chat interface.

5. The system of claim 1, wherein translating the received query into
one of the set of predefined commands comprises converting sach word of the
received query into a multi-dimensional vector representation.

6. The system of claim 5, wherein franslating the received query into
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one of the set of predefined commands further comprises calculating a word mover
distance between each word of the received query and each word of a catalog of
words associated with the set of predefined commands.

7. The system of claim 1, wherein translating the received guery into
one of the set of predefined commands further comprises identifying the one of the
set of predefined commands comprising a lowest word distance with respect to the
recaived query.

8. The system of claim 1, wherein the set of predefined commands
comprise commands associated with a printing device.

8. The system of claim 8, wheregin the system comprises the printing

davice.

10.  The system of claim 8, wherein the interaction engine is in
communication with the printing device.
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11. A method comprising:

receiving a query via a chat interaction;

translating the received query into one of 3 set of predefined commands
according o a trained machine-learning model; and

providing a result of the one of the set of predefined commands to the chat
interaction.

12.  The method of Claim 11, wherein the frained machine-learning model
comprises a plurality of veciorrepresenied word embeddings extracted from a
plurality of natural language documents,

13. The method of Claim 11, wherein translating the received query into
one of the set of predefined commands comprises identifying a semantically

closest command of the set of predefined commands to the received query.

14. The method of claim 13, wherein the chat interaction is provided by a
printing device.
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15, A nonfransitory machine readable medium storing instructions
exacutable by & processor to

train @ machine-deaming model comprising a plurality of vecior-
represented word embeddings extracted from a plurality of natural languags
documents;

create a set of predefined commands associaled with a printing
device,;

extract a vector representation of sach of the set of predefined
commands according to the machine-learning model;

receive a query from a user via a chat interface;

identify a semantically closast one of the set of predefined commands
to the received query according to the machine-learming model; and

provide a response o the query according to the one of the set of

predefined commands via the chat inferface.
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