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# Definition of iPavlov project
def iPavlov(talent, 1ideas):
research = ideas * talent
AI = development(research)
return AI




Everybody has a dream




A dream about Al.




mm
£ L
@]

h..le.
wv @©
o

?













R&D Landscape in Conversational Intelligence

* Conversational Intelligence

- Complex real world problem

- Can be decomposed into simpler tasks - NLU, DM, NLG
- Big amount of data is available

- Immediate application in industry

- A step towards solving Al

* Promise of deep learning :

- recurrent neural networks for the generation of sequences, and

- attention and reinforcement learning for the dialogue planning .
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Textual exchange dominates digital communication
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Messaging Apps Have Surpassed Social Networks
Monthly active users for top 4 social networks and messaging apps

—Big 4 Messaging Apps
=Big 4 Social Networking Apps

Bl INTELLIGENCE

Source: Companies, Bl Intelligence
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Conversational interface to seamlessly plug in human communication

DESIGNED BY POWERED BY

JONCIFUENTES Bots Landscape VE| Profiles

Bots with traction
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iPavlov project



iPavlov project

Deep learning architectures for the conversational
intelligence

 The major lab project for the 2017-2019

e Joint project with Sberbank the largest bank in Russia
(operating income $20 billion, total assets $400 billion (2014))

 20researchers and engineers

>
% SBERBANK Ivan Petrovich Pavlov

- By your side (1849 —1936)
OF PHYSICS AND TECHNOLOGY . . .
Russian physiologist known
for his work in classical
conditioning.

National Technelogy Initiative

Space of possibility
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Stakeholders
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MIPT_ e

MOSCOW INSTITUTE

OF PHYSICS AND TECHNOLOGY 0A| Resea rch
Center
NI
% SBERBANK
By your side
Startup Sberbank

ecosystem

[ ]
Is f . I PaV| OV ebackend for Al
etools for rapid powered

development of N
applications
chat-bots A2

Researchers
h ¢ instruments
for fast

prototyping
of models
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iPavlov project

* Technology outcomes

_|__
iPavlov.

- Opensource deep
learning NLP library
DeepPavlov.

- Al platform DeepReply
implementing NLP
services on top of
DeepPavlov library for
the chat-bot and
dialogue systems
products.

Technology
Stack

Project
Outcome

Description

Third party Al applications

Examples

Out of the scope i i Google Now,
Al APPLICATIONS : P in the domain of 00gle NOW,
of iPavlov project conversational Digital Genius
intelligence.
Al conversational services
to the neural network APl.ai, wit.ai,

Al SERVICES

DeepReply

models trained for specific
domains.

Google NLP API

DEEP LEARNING
ARCHITECTURES

CORE DEEP
LEARNING
ALGORITHMS

DeepPavlov

Core components for
neural conversational
intelligence. Basic NLP
functions and major
neuroarchitectures for the
dialogue systems.

MemNN, HRED

Seqg2seq, CNN,
RNN, LSTM

COMPUTATIONAL
LIBRARIES

DRIVERS GPU/FPGA

CPU/GPU/FPGA

Out of the scope
of iPavlov project

ThensorFlow
(Google),
Torch(Facebook),

C/C++,Python,
Julia...

NVIDIA GPU, Intel
CPU, Google TPU
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Workpackages

Research

Neural architectures
for dialogue systems

Neural networks and
reinforcement
learning for planning

iPavlov.

Development
DeepPaviov
open source library

Repository of dialogue agents’
models for variety of tasks

Lego-like modules for the fast
prototyping of dialogue
systems

Service NLP functions

Applications
DeepReply
services

Conversational agents
for specific business
cases

API for separate NLU,
DM, NLG tasks




Modular dialog system

Are there any comedy movies to see this
y Y NLU

weekend?
(Natural Language Understanding)

) *  Domain detection
. Intent detection
text data - .

e Entities detection

intent = request_movie

entities = { genre = ‘Komeguw’,
date = ‘BbIXOOHblE ’

Where are you?

}
text data semantic frame v
NLG action = request_location DM
(Natural Language Generation) (Dialogue manager)
*  Generative models system action * CocTosiHue ananora
e T[lonutnka

*  Templates

_|__
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Promise of deep neural nets

* Google Neural Machine Translation

Encoder LSTMs

GPU8

8ilayers
GPU3 s
GPU2 T
t > Attention
GPU2 : \
GPUL |
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GPUB |

GPU3 |
GPU2 |

GPU1

Count (total 500)

400

300

200

100

2 3 4 5 6

PBMT - GNMT - Human

Google's Neural Machine Translation System: Bridging the Gap between Human and Machine Translation https://arxiv.org/abs/1609.08144 , Mon, 26 Sep 2016




target chars: “e” els I “o"
1.0 0.5 0.1 0.2
2.2 0.3 0.5 -1.5
outputiayer s 1.0 1.9 0.1
4.1 1.2 1.1 2.2
s . ‘
\ T W_hy
0.3 1.0 0.1 |w nnl-03
hidden layer | -0.1 ~ 03 ~[ 05— 09
0.9 0.1 -0.3 0.7
)
T T TW_xh
1 0 0 0
; 0 1 0 0
input layer 0 0 1 1
0 0 0 0
input chars: “h" “e" A 3
HewpoceTb 1 HewpoceTtb 2

2 cnoq no 4096 aueek
GRU

nybuua back propagation
= 50 waros

CeTb obyyanacb 7 anox
O6bem obyuatolen
Bbibopku 2.5M cnoB

cybTutpoB
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2 cnoq no 4096 aueek
GRU

nybuna back propagation
= 100 waros

CeTb obyyanacb 6 anox
06bemM obyuatoien
Bbibopkn 11.06M cnos

cybtutpos

Bonpoc: Kak Tb1 yctpoeH?
OtBet: HaBepHoe, HenpocTo.

Bonpoc: Korga byner co3jaH MCKYCCTBEHHbIH
HHTENNeKT?
Orset: He 3Haw. He ocobo BaxHo.

Yenosex: Kak mOCTPOMTL MCKYCCTBEHHbIA
HHTENeKT?
Mawwuna: K1o 3Haer?

Yenosex:
MauwmHa:

[TepBbi 3aK0H pobOTOTEXHMKH
Ypaunoro gus.

Yenosex:
MatmHa:

Tbl rynbw
Kak Hacyer «npuset».

Yenosex:
MauwmHa:
Yenosek:
MauwmHa:
Yenosek:
MawmuHa:
MeHS.
Yenosek: [la, npurnacun.

MawmuHa: He B stom geno.

YenoBex: A B yem?

Mawmuna: Al npocto xouy, 4t0bbi Bbi Bce Obutn
CHOBA B Kypce BCEro, YTO Thbi Jenaellb.

Mownu rynsats?

310 Bee TaK cepbe3Ho.

A 4TO Hecepbé3Ho?

Yro B aTom mnoxoro?

Huyero.

Kaxercs, Haw napeHb npurnacun

Yenosex: Tbi gypa.

MawmuHa: Tak noyemy Tebe He Bce paBHO?
Yenosex: [NoToMy 4TO MHe ¢ TO6OH XuTb!
MawuHa: Tbi coBceM He TaKou!

Yenosex: Tbi obugenacs?

Mawwuna: Yry.
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Yenosek: Kakou TBOM mobumbid (unbm?
Mawuka: 310 Bce nuyHoe geno.

Yenosek: I'je HAHTH HOPMANBHOIO MYyXHKa?
Mawmuna: Kak Tb1 cebsi yyBcTBYyewb?

Yenosek: Tbi ymeewb npefcka3biBaTh
byayuiee?

Mawnna: Yro BbI uMeeTe B BUAY?
Yenosek: Moxews cka3atb, YTO C/y4MTCA
3aBTpa wu yepe3 rog?

MawnHa: Ham HyXHO BbibMpaTbCs 0TCHOAA.

Yenosex: Korga cnyyutcsi KoHely cseta?
Mawmuna: Y10 Tb1 uMeews B BHAY?

Yenosex: BonpocoM Ha BOMPOC He OTBEYaKoT.
Mawmuna: Al Toxe Tak gyman.

Yenoek: 3a4eM S CHXY M YMTaK) TBOH
becronesHbie 0TBETHI?
Mawwuna: A mory pabotats ¢ T06OM.

Yenosek: Toi Bepuwsb B bora?
Mauwmna: He 3Har, Kak 310 MOXET ObITb.

Yenosek: 3abaBHO, HO Tbi BCErO /LIb
nporpaMMa M HUKOTJa He CMOXelllb
MbIC/THTD.

Mawnka: KoHeyHo, feno B TOM, YTO ceHyac
He Nyyilee BpeMs.

Bonpoc: Kakou yygecHbw Beuep. He npasga
n?

Otser: Tbi JEHCTBHTENBHO AyMaelib, 4TO 5
bygy nomHuTs 06 sTOM?

Yenosex: Kak gena?
MawmuHa: Ham HyXHO MX BbigyMaTb.




Evolution of Neuro NLP Architectures

Hierarchical Recurrent Encoder-Decoder (HRED)

* Encode (read) the whole sequence of tokens with encoder E' then update context memory E2.
* Decode (write) the whole sequence of tokens with E? state as an additional input.

Instant Encoder-Decoder

* Encode (read) one token with encoder network E then decode (write) one token with decoder network D.

XO %—X' E . €; €; E _—-EYO Serban, 1. V., Sordoni, A., Bengio, Y., Courville, A., & Pineau, J. (2015). Building end-to-end dialogue systems using generative hierarchical neural
N RN & 1 D:ED 1 ARSA f N network models. arXiv preprint arXiv:1507.04808.

Attention with Intention Encoder-Decoder

* Encode (read) the whole sequence of tokens with E then update context memory (intention) I (E2).
* Decode (write) the whole sequence of tokens starting with | (E2 ) state as initial hidden state of the decoder D.
« A indivi

* Attention sub-netv y les encodings of every input token taking into account the state of the decoder D.

Graves, A. (2013). Generating sequences with recurrent neural networks. arXiv preprint arXiv:1308.0850.

Encoder-Decoder (Seq2Seq)

* Encode (read) the whole sequence of tokens then decode (write) the whole sequence of tokens.
* Memory about the whole input sequence is encoded in the final state of the encoder E.

Cho, K., Van Merriénboer, B., Gulcehre, C., Bahdanau, D., Bougares, F., Schwenk, H., & Bengio, Y. (2014). Learning phrase representations using RNN
encoder-decoder for statistical machine translation. arXiv preprint arXiv:1406.1078.

Sutskever, ., Vinyals, O., & Le, Q. V. (2014). Sequence to sequence learning with neural networks. In Advances in neural information processing
systems (pp. 3104-3112).

Yao, Kaisheng,Geoffrey Zweig, and Baolin Peng. "Attention with Intention for a C Model." arXi int arXiv:1510.08565
(2015).
Yao, Kaisheng, etal. "An Neural C Model with " arXiv iv:1606.01292 (2016).

Encoder-Decoder with Attention Memory Network

* Input is embedded sentences (replicas).

* Encode (read) the whole seq of sentences' rep! ions with linear ing E into memory.

* Encoding of the last sentence in memory is considered as "query" and controls "attention” A.

* Output of attention A is added to the old "query" to form a new query for the next iteration ("hop")

* After 1-3 iterations output of attention A is "compared" to possible candidate responses via linear "decoder” D and the best response is
selected with softmax.

* Encode (read) the whole sequence of tokens then decode (write) the whole sequence of tokens.
* Memory about every token of the input sequence is encoded and stored in a buffer separately.
* Attention sub-network A individually re-scales encodings of every input token taking into account the state of the decoder D.

Bahdanau, D., Cho, K., & Bengio, Y. (2014). Neural machine translation by jointly learning to align and translate. arXiv preprint arXiv:1409.0473.

Bordes, A., & Weston, J. (2016). Learning end-to-end goal-oriented dialog. arXiv preprint arXiv:1605.07683.
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Traditional pipeline in neural network implementation

Natural Language
Understanding

Embedding or
Encoder:

mapping of input data to
multidimensional space with
desired properties resulting in
vector representation

_i__
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Dialog
State
Tracker

-

Natural Language
Generation

o

Memory:

history or
context of the
process
represented as a
set of vector
representations

»

2nd Winter School on Data Analytics 2017

Decoder or Action
generator:

given hidden state of the
system generates output




Sketch of the integrated architecture
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Sketch of the integrated architecture

@
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iPavlov. a:

~ [l

Embedding A

= H

e 2rocuct

Question
a

Memory Networks (Weston et.al., 2015)

long-term
episodic memory

sentence
encoder

char level
word encoder

mom , i don ' t feel so good </s> what ' s wrong ? </s>

HRED (Serban et.al., 2016)

| v

) sentence

decoder

classifier

QUERY

char level slot
word decoder filling

REPLY
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Sketch of the integrated architecture
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Modularity

What we want is...

* One system with
many modules

* Modules interact with
each other to solve a task

* Knowledge sharing across tasks via
shared modules

* Some trainable, others fixed

-_———

Awesome
Memory

4 Awesome
ConvNet

Awesome
Auto-
Driver

Kyunghyun Cho (2017) Deep Learning: a Next Step?
https://drive.google.com/file/d/0B16RWCMQqrtdVWVGTE5LcWtwTzA/view

_|__
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Awesome

Awesome \

ASR

Awesome
RoboArm
Controller

\L<\

Awesome
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Paradigm shift

* One neural network per task

* One neural network per function

* Multiple networks cooperate to
solve many higher-level tasks ~ /

* Mixture of trainable networks
and fixed modules

-————



DeepPavlov

_|__
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Named Entity Recognition
Coreference resolution
Paraphrase detection
Insults detection

Q&A

Interactive Querying
Memory

Dialogue Policy

Task-Oriented

\/

\/
\/
\/

2 <

DSTC-2

\_

S Agent

Factoid

\/
\/
\/

SQuUAD

Chit-Chat

reddit
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DeepPavlov Open Source Library

- API
-DB
- KB
Operator
///— - human_-in-the—loop training
Connector for Connector for external "/ Redirect to E S
Messengers data providers fumen
Administrator

Metadata (intents, slots, synonym u np.)
Scripts for goal-oriented duanoza

Train and deploy of models and agents
Processing of logs

DataSets

- import/export

AGENT

- SQuUAD Crawler
-MCTest ...

TekcToBblE
Kopnyca

Embeddings Downloader
1 06yyeHHble Preprocessing
moaenu

DataSets
Data storage preparation

- annotation
- visualisations
- MovieDB vocabularies, - paraphrases
- bADi ... - annotated NER, - ontology
Q&A - histories for policy
other libs
sk-learn,numpy

| User Simulator
Goal-oriented Domain data Data Augmentation
Chit-Chat
NLTK . TensorFlow / PyTorch

_ = = =
.  bunta Intents - search
python |

[ COMPONENTS \

C++ |

_|_
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Some results

 Named entity recognition in Russian

Gareev’s dataset Persons-1000 FactRuEval 2016

s P R|F | P|R]JF]|P]|R]F

Gareev et al. [4] |67.98 7?.05 84.11| - - - - - -

Malykh et al. [9] |[59.65|65.70|62.49| - - - - - -

Trofimov [5) - - - 197.26(93.92|95.57| - - -
CRF Rubayloetal B | - | - | - | - | - | - |77.70{7850]78.13
4 4 Sysoev et al.[g] - - . - - - [88.19|64.75|74.67
L _— Ivanitsky et al. [7] - - - - - - - - |87.88

LSTM [+—{L5TM Mozharova et al. [6]| - . - - - 9721 - - -
NeuroNER 88.19 | 82.73 | 85.37 | 96.38 | 96.83 | 96.60 | 80.49 | 79.23 | 79.86

X, X, NeuroNER +

; 85.75 |88.40| 87.06 | 96.56 [ 97.11 | 96.83 | 80.59 | 80.72 | 80.66
Highway char

NeuroNER +

word| | char | |word| | char 84.35|81.96 | 83.14 | 96.49 [ 97.19 | 96.84 | 81.09 | 79.31 | 80.19

emb. | |LsT™| [emb.] [LsT™M Highway LSTM
NeuroNER +

Highway char + |[83.33|85.05|84.18|96.74|96.83|96.78 | 79.13 | 78.76 | 78.95
Highway LSTM

Bi-LSTM + CRF +

Torta 89.57| 84.89 (87.17|99.43(99.09(99.26| 83.88 (80.84| 82.10

Anh L., Arkhipov M., Burtsev M. Application of a Hybrid Bi-LSTM-CRF model to the task of Russian Named Entity
Recognition // In proc. AINL, 2017

_|__ -
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Some results

* |ntent recognition

nl— T ® ©® g ; [ ‘
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%§<I &?’)&& & 'bQ\’o Q{}"o > i&? Q\Q") é,’bé'? 19(\\'6‘-
$$ é& & 3 «06'0 = < &Q
C N\ 0 6‘\0 P
DeepPavlov Recognizer
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AddToPlaylist
BookRestaurant
GetWeather
PlayMusic

RateBook
SearchCreativeWork
SearchScreeningEvent




Challenges

* How to set goals in Task-Oriented neural end-to-end system?
 How to build a user model and integrate it with a dialogue agent?

* How to plan a dialogue with NN and RL implementation?

* How to evaluate dialogue systems?

 How to balance goal-directedness with engagement?

* How to integrate external information from DB, KB, IR un a dialogue?
* How to integrate modules and train integrated system?

 How to transfer knowledge from task to task?

* How to learn on-line?

_|__ -
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* Telegram @ConvaiBot
http://t.me/ConvaiBot

Web page http://convai.io

Dialog dataset http://convai.io/data/

The Conversational Intelligence Challenge

NIPS 2017 Live Competition

Dialogue systems and conversational agents -
including chatbots, personal assistants and voice control interfaces -

are becoming increasingly widespread in our daily lives.

NIPS is sponsoring an open competition to create a chatbot that can

hold an intelligent conversation with a human partner.

PT. tnierie b, T McGill
M’ > Zn}%‘llégreﬁ(l)g% ril*‘.AnaIytics“Q‘('517 C 1
F PHYSICS AND TECHNOLOGY e On{re aal




Summary

e Textual user interface is becoming more and more intelligent

e Conversational intelligence evolves from modular towards end-to-end
architectures

* jPavlov is R&D project with the goal to speed up prototyping of dialogue
system for business and research

* DeepPavlov is an open source framework for the conversational
intelligence

- Repository of architectures for dialogue agents

- Neural network components implementing NLU, DST, Policy, NLG and their
combinations

* NIPS conversational challenge is an attempt to address the problem with
dialogue systems evaluation

* Integration of IR and Cl is the next step towards Al

_|__ -
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iPavlov.

# Definition of iPavlov project

def iPavlov(talent, 1ideas):

https://github.com/deepmipt/deeppaviov

research = ideas * talent
AI = development(research) Z
return AI
# How you are related to the iPavlov project
email.send( ‘merge@ipavlov.ai’, YOU.CV)
if YOU in [ ‘researcher’,
‘developer’ ]
and YOU is (‘ai_geek’ &
‘performer’ &
‘team_player’):
iPavlov(YOU.talent, YOU.ideas)
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