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* End-to-end =represent the whole system as one neural net

» sometimes, just some of the components can be joined
* e.g.just NLU + tracker + policy, NLG excluded

e Pros & cons:

* Traditional architecture - separate components:
* more flexible (replace one, keep the rest)
error accumulation
improved components don’t mean improved system
possibly joint optimization by RL
explainability
* End-to-end:
* joint optimization by backprop
« if fully differentiable
« still can work via RL (with supervised initialization)

« architectures still decompose into (some of) original DS components
 and often still need DA-level annotation



: book=(count:3 value:1l) hat=(count:2 value:1l) ball=(count:1 value:S)
: book=(count:3 value:®) hat=(count:2 value:®) ball=(Ccount:1 value:10)

: 1 can i 1 everything else

: balls have zero to me to me to me to me to me to me to me to me to
: you i everything else

: balls have a ball to me to me to me to me to me to me to me to me

* Su pe rVised ! :)ailzop\a\i/eiaibcez\llir{zh;engue)l: to me to me to me to me to me to me
* sometimes components still trained separately :

: balls have @ to me to me to me to me to me to me to me to me to

d Sometlmes a“ |n one https://towardsdatascience.com/the-truth-behind-

facebook-ai-inventing-a-new-language-37c5d680e5a7

can’t learn from users
problems with train-test mismatch & INDEPENDENT W swscumenow  wan Q=

 RL
e can learn from users, can learn all-in-one

» doesn’t work great if done on word-level
* RL doesn’t care about fluency/naturalness
 either avoid word-level, or mix with supervised

FACEBOOK'S ARTIFICIA
INTELLIGENCE ROBOTS SHUT DOWN

AFTER THEY START TALKING TO EACH

OTHER IN THEIR OWN LANGUAGE

'you i i i everything else'

| Monday 31 July 2017 17:10 | 88 comments

f ¥ =
htt.D.SI‘//W.WW.I pdepend.ent.co.uk/l|fe—stvle/gadgets—and—tech/ne.vvs/facebook— Facebook abandoned an experiment after two artificially intelligent
artificial-intelligence-ai-chatbot-new-language-research-openai-google- programs appeared to be chatting to each other in a strange language only

a7869706.html they understood.


https://www.independent.co.uk/life-style/gadgets-and-tech/news/facebook-artificial-intelligence-ai-chatbot-new-language-research-openai-google-a7869706.html
https://towardsdatascience.com/the-truth-behind-facebook-ai-inventing-a-new-language-37c5d680e5a7

Supervised with component nets et RNN+CNN+FC  seq gen + classif

https://www.aclweb.org/anthology/E17-1042

* “seq2seq augmented with history (tracker) & DB”

* end-to-end, but has components [STM encoder |
* LSTM “intent network”/encoder (latent intents) “ate”t '”te”“eprese”ta“"”) ____________________________

CNN+RNN belief tracker (prob. dist. over slot values) oo 1 mmasm i Ummmwemame
 lexicalized + delexicalized CNN features 5 ¥ 5
 turn-level RNN (outputis used in next turn hidden state)

MLP policy (feed-forward)
LSTM generator

« conditioned on policy output, delexicalized | l i z
DB: rule-based, takes most probable belief values | e senrogeri] | osbee opeer

» creates boolean vector of selected items slot value prob. dist. -\

» vector compressed to 6-bin 1-hot (no match, 1 match...>5 matches) RNN  1-layer withtanh
on input to policy

* 1 matching item selected at random & kept for lexicalization after generation

NPFL099 L9 2022 4



https://www.aclweb.org/anthology/E17-1042

. o RNN + CNN + FC seq gen + classif
Su perVIsed Wlth Com ponent nets ﬁvgti)r;:‘j;v?/i/.\;v?/?alci\)/veb.org/anthologv/E17—1042 . g

* belief tracker trained separately
* rest trained by cross-entropy on generator outputs

» data: CamRest676, collected by crowdsourcing/Wizard-of-Oz
» workers take turns to be user & system, always just add 1 turn

al/erage on top 5 candidate outputs

Encoder Tracker Decoder Match(%) Success(%) TS-BLEU TI-BLEW—— BLEU for best output
Baseline
baseseq2seq —» sm - Istm : - 01650 0.1718
HRED ——— > lstm turn recurtence Istm - - 01813 0.1861
(hierarchical Variant
seq?2 seq) Istm rmn-cnn, wioreq.  lstm 89.70 30.60 (.1769 (.1799
cnn rmn-cnn Istm 8882 58.52 (1.2354 0.2429
Full model w/ ditfferent decoding strategy
Istm rmn-cnn Istm 86.34 75.16 0.2184 0.2313
lstm rnn-cnn + weighted 86.04 T8.40 0.2222 0.2280
Istm rmn-cnn + att. 0,88 80.02 (0.2286 (L2388
- ; e w ik
Istm rmn-cnn _Hatt. weighted ‘-)ﬂ.ﬁlj H§3.82 \ @ (.2369
added / match + answered all requested slots
i length-weighted
ntion
NPFL099 L9 2022 attentio decoding returned correct restaurant 5
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RNN + FC + rule classif

(Williams et al., 2017)
http://arxiv.org/abs/1702.03274

permitted actions in this timestep
(masks out any illogical steps)

» partially handcrafted, designed for little training data

various handcrafted flags

e with Alexa—type assistants in mind domain-specific NER handcrafted turn-level LSTM tracker
. _ o ° (LSTM hidden = “dialogue state”)
e Utterance representatlonSZ — mask 7 i
extraction Context
* bag-of-words binary vector | fatures 7 o o °
) i, Dense " Normal—
* average of word embeddings ' ! ofs il
° ° ° Bag of words vector —>_ t+1 Forecast() 0.93
* Entity extraction & tracking | o © v | © g [vingenr oo
. . e eo 7 74 es B result T <city>, right?  0.00
« domain-specific NER . o il

Action
type?

Fully-formed ® o Cho-ose
. action
action
template

* handcrafted tracking Lo e

* returns action mask
« permitted actions in this step (e.g. can’t place a phone call if we don’t know who to call yet)

* return (optional) handcrafted context features (various flags)

* LSTM state tracker (output retained for next turn)
* i.e. no explicit state tracking, doesn’t need state tracking annotation


http://arxiv.org/abs/1702.03274

RNN + FC + rule classif

* feed-forward policy - produces probability distribution over actions
* mask applied to outputs & renormalized » choosing action = ouetput template feedforward

oIl ¢ oy action T policy
* handcrafted fill-in for entities mosr 1.
. extraction tracking /@ Context ]
* takes features from ent. extraction ... ] faures 7 o o °

Utterance embedding

« ~learned part is fully delexicalized

Bag of words vector ————— t+1

* actions may trigger API calls ® oy ° o

56° 65" 71° 74° 68

 APIs can return feats for next step

* training - supervised & RL: e
* SL: beats a rule-based system

+
A
_ Fully-formed ®
action

handcrafted

with just 30 training dialogues actions passed entity fill-in

 RL: REINFORCE with baseline
e RL & SL can be interleaved

* extensions: better input than binary & averaged embeddings

to next timestep

(Shalyminov & Lee, 2018)
https://arxiv.org/abs/1811.12148

(Marek, 2019)
http://arxiv.org/abs/1907.12162

Normal-
ization.

|

Forecast() 0.93

Anything else? 0.07

<city>, right?  0.00

template


https://arxiv.org/abs/1811.12148
http://arxiv.org/abs/1907.12162

RNN + copy seq gen

Sequicity: Two-stage Copy Net - fully seq2seq-based

* less hierarchy, simpler architecture revious Pt current
* no explicit system action - direct to words Stjfe reSF’R‘:”SQ user;fjp“t

I V= I I NAM.‘_. ‘5]..()'1 eap ri urant T |[ me the dl:l

» still explicit dialogue state i e

* KB is external (asin mostsystems) §—< @ @ @ @ @ @ .

» encode: previous dialogue state _— _,@ @ @ @ (e .
+ prev. system response e 9 o, @ @ -2
+ current user input st R

. / B {f R;
* decode new state first decode new
dialogue state 2 keep hidden
* attend over whole encoder state here
» decode system output (delexicalized)

decode system output,
 attend over state only attend over state only,

+ use KB (one-hot vector added to each generator input) del KB \/l§ctgrto inputs,
» KB:0/1/more results - vector of length 3 slexicatlee

NPFL099 L9 2022 (Lei et al., 2018) https://www.aclweb.org/anthology/P18-1133 8
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. . . pre-LM seq gen
“Hello, it’s GPT-2 - How can | help?? i it cosahologyiis-soz

* Simple adaptation of the GPT-2 pretrained LM
* only model change: system/user embeddings
» added to Transformer positional embs. & word embs.

* GPT-2is decoder-only: “encoding” here means force-decoding
 passinput through all layers but ignore the softmax next-token prediction, feed our own tokens

* training to generate as well as classify utterances (good vs. random), all supervised
* no DB & belief tracking - gold-standard belief & DB used, no updates (see =)

“encoding” o

(force._deCOdlng.) Output level IMASKI mask | [mask] [mask
-ourinputsfedin

|

“MASK”MASKIIMASK“MASK”MASKIIMASK“MASKIIMASK”cSys«ewIl How ”about ronaml| | 2
G /'/ E /" /"

N

- outputs ignored Transformer decoder }
s
Position level |I|| 2 || 3 IlI“ 5 ” 6 || 7 || 8 ” 9 || 10 || 11 II 13 ” 14 ” 15 II 17 |18 “ 16: IE
: delexicalized generation

+ :
syste m / user » Token level  [systom] [system] [systom] [system] [systom] [system] [system] [wsor ] [[Usor | [[Usor | ["wser | ['user | [[wser | [[User | ["user | [user | [[vser | [systom] [syetim] [systam] [svstem] [syston] .
. - v (autoregressive)
embeddings Word level  [Forst] [eea | o] [roeer] [ vee ] [t ] [Fomer] [ ] [reeet] (o] [ ] [ =] [ ] [ ] Cvee ] [t ][] [ ] [shot] e [ 7]

<«—— thisisthe actually decoded part
/ Belief state = Database sta\ Context System response y P

simple encoding: | "
domain-slot-value[-slot-value...] DB result entry tokens

NPFL099 L9 2022 9


https://www.aclweb.org/anthology/D19-5602

: LM
Real stuff with GPT-2: soLOIST, SimpleTOD, NeuralPipeline, UBAR ' (rciasei

* basically Sequicity over GPT-2: decode belief state, consult DB, decode response
* history, state, DB results/system action - all recast as sequence

* flnetunlng on dlalogue datasets (Pengetal., 2020) http://arxiv.org/abs/2005.05298
. (Hosseini-Asl et al., 2020)  http://arxiv.org/abs/2005.00796
* (Ham et al., 2020) https://www.aclweb.org/anthology/2020.acl-main.54
* extensions: e
* specific user/system embeddings (NP)
» additional training (SOLOIST) \.
SO LOIST Belief -Slate Prediction Grounﬁad Response Generation conlra;stive Objective

* notjust word-level generation
(as GPT-2 default)

« contrastive objective:

Soooopao

_O"TT; 300

detecting fake belief/fake response seessce 50 @ 556 ¢
from real ones QQQQQQQQQQQQQQQQQQQQQQQQQ.
C d like to find an... of town . estaurant name ] is a great ... [EOS]
« explicit system actions - ST — s = -
o . /
(SimpleTOD, UBAR) T —
* one more decoding step k/ =

* Contextincludes dialogue states (UBAR)

NPFL099 L9 2022 10


http://arxiv.org/abs/2005.05298
http://arxiv.org/abs/2005.00796
https://www.aclweb.org/anthology/2020.acl-main.54
http://arxiv.org/abs/2012.03539

pre-LM seq gen +classif

AuGPT: our take on this

again, “encode” with GPT-2 means force-decode
(ignore the softmax, feed your own tokens)

e similar to Soloist:
e “GPT-2 base

actually useful

» User: Hil, System: Hello sir., User: I'm looking for a train to Cambridge. Belief / response
Consistency

* 1. encode context'& user utterance B o e
e ) deCOde bel. @0 0 User intent
. Auxiliary L,
3. query D B_‘*"SFBFEC"_“E’“_ 5 — @GPT—Z ) foske
¢ 4. enCOd reSUItS [ | L’ System action
e w ! Response prediction s
* 5. decode response SN S % o e
- consistency auxiliary task | _areedy decoding ) R YRy |
. . | . : There are over 1,000 trains to [destination].
¢ for rObUStneSS & dlve rSIty: Vo T Where will you be departing from?
* input data augmentation via backtranslation N
. . L. . (more auxiliary tasks,
* unlikelihood training (penalize repeated tokens) not really useful)

* nucleus sampling (cover = 0.9 probability)

(Kulhanek et al., 2021)
NPFL099 L9 2022 http://arxiv.org/abs/2102.05126 11



http://arxiv.org/abs/2102.05126

SOLOIST/AuGPT: Consistency task pre-LM - seq gen +classit

 Additional training task - generating & classifying at the same time
* additional classification layer on top of last decoder step logits
* incurs additional loss, added to generation loss

* Aim: robustness - detecting problems

2 data artificially corrupted - state or target response don’t fit context
* SOLOIST: corrupted state sampled randomly

* AUGPT: corrupted state sampled from the same domain - harder!

context state response consistent?
i want a cheap italian restaurant { price range = cheap, food = Italian } ok which area ?

i want a cheap Italian restaurant { price range = cheap, food = Italian } thanks, goodbye ! [X| bad response SOLOIST
I want a cheap italian restaurant { destination = Cambridge, leave at =19:00 } ok which area? |X{ bad state
i want a cheap italian restaurant { area = north, food = Chinese } ok which area? X

bad state (same domain)

new in AUGPT

NPFL099 L9 2022 12



MinTL: Diff dialogue states

» 2-step decoding, same as 4
* based on T5 or BART here

 explicit 2 decoders
(for state, for response)

pre-LM seq gen

(Lin et al., 2020)
https://aclanthology.org/2020.emnlp-main.273/

obtain diffs from state annotation encode previous state & context

restaurant food franch B|—1 Cy
price chnap jjr_]
day sunday
[restaurant]
Y

area cenire | B
day sunday

[
|
|
I
[
Lev, [Tuud Ireai price MULL area cenl l.-] I
L
[
I
[
I
|

[muuranl food  1hai

Lev Preprocessing Lew, Training
e “Levenshtein states” recode e
» don’t decode full state each time
* Just decode a diff | =), - o (e e
(“Levenshtein distance from previous”) I

* better consistency over dialogue

Bi-1 —»
Cy —»

| !

H By = f( Levy , B;_1)

) |

-
R «— |Decp| «—k —
NPFL099 L9 2022

update state based on
decoded diff

[hotel] stars 5 area centre day sunday [restaurant]
food thai area centre day sunday name bangkok
city <EOB> Can you help me book a 5 star
hotel near the restaurant on the same day?
<EOU>For how many people? <EOR>10
people <EOU>

DB queried based on updated state
response decoder starting token = # of DB results

<50B=[hotel] people 10 <EOB=

<KB2:> sorry, there are no matches. would you
like to try another part of town? <EOR> 13


https://aclanthology.org/2020.emnlp-main.273/

responses annotations RNN + copy seq gen
(source & target domains) (target domain only)

(Zhao & Eskenazi, 2018) http://aclweb.org/anthology/W18-5001 " ’
* Domain transfer: PN
. . . . resp. /\'y resp. encoder
* source domain training dialogues docoder 2T -
ST ” S \ latent space
* target domain “seed responses
with annotation c Q MT\ context
. . d|alogue contexts
* encoding all into latent space (source domain only)
* keeping response & annotation encoding close training on source domain e e
* keeping context & response encoding close s [ v
. Pttt 1 [sentine
* decoder loss + matching loss oy oo [ A A
turn-level encoder Rk -t - D(ZL) R
* encoder: HRE (hierarchical RNN) dialoguecontext ~~ matchinglosé | response
Utterance GRU p ,_x1, _ XT—z,-b/
¢ deCOder: COpy RNN (Wlth Sentlnel) trainingon targetdomain (1-9) Ppir + 8 Pyocab
. : : 1 '
“copy unless attention points to sentinel” (see Mem2Seq) -
o o Pointer Attenti t T T @
* DB queries & results treated as responses/inputs e e
* DB & user part of environment annotation " response

Utterance GRu | [ LI7 Rz A>/

PR matching loss


http://aclweb.org/anthology/W18-5001

(Zhao et al., 2019)
https://www.aclweb.org/anthology/N19-1123

* Making system actions latent, learning them implicitly

* Like a VAE, but discrete latent space here (M k-way variables)

* using Gumbel-Softmax trick for backpropagation

* using Full ELBO (KL vs. prior network)
or “Lite ELBO” (KL vs. uniform 1/k)

* RL over latent actions, not words

* avoids producing disfluent language Encoder

v

» corpus-based RL - “faking it ” on supervised data %

» generate outputs, but use original contexts e
from a dialogue from training data

» success & RL updates based on generated responses

* ignores DB & belief tracking

RNN seq gen

discrete latent
action set

wW{ Wo W

* takes gold annotation from data (assumes external model for this)

Decoder

user turn 2

ReWard


https://www.aclweb.org/anthology/N19-1123

RNN seqgen

LAVA: Latent Actions with VAE pretraining  wsscia, 0

https://aclanthology.org/2020.coling-main.41/

response

« kinda combination of two previous L

decoder

* discrete latent space for actions ? L

Xr 1 e el
fot

decoder

* multi-step training scenario: o
1) autoencode responses into latent space > L (?m

2) supervised training for response generation -
via the latent space

v

enc g

T C'r
3) RL overthe latent actions
« same “fake RL” as previous x,ﬁ.m”:"sl?l
* options to join autoencoding & response generation . | decoder
a) KL loss - don’t go too far from autoencoding in latent space —os ﬁ)’tq .
b) multi-task training (go back to autoencoding once in a while) KA prCelc)
. response encg
* again, assumes gold state & DB T

context

NPFL099 L9 2022 16
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Better RL: HDNO & JOUST

RNN seqgen

Gaussian (latent)
|

(Wang et al., 2021) http://arxiv.org/abs/2006.06814

« HDNO: 2-level hierarchical RL

* top level: (latent) actions
bottom level: words

* LM rewards on word level (for fluency) o

* separate updates on both levels

(avoid aiming at a moving target)

| generated utterances
| primitive actions
book utte >N B 4\ ¥  pmm==-=
— I wh
dialogue policy .
| me lief state\ = high-level policy ! .

) SRR : :
! - dialogue ! - ! :
I act ! — g Your 1

2 context vector option I :
state S
1 — i destination )
. I « I
oracle 1 linear layer
(from gold P D
. natural language generator
annotation) low-level policy

* “fake” corpus-based RL (as previous)

e JOUST: real RL with a user simulator

 system & sim. share architecture
* joint context encoder

system: additional state tracker
interaction on utterance level
* supervised pretraining

NPFL099 L9 2022

(Tseng et al., 2020) https://aclanthology.org/2021.acl-long.13

_________________________

: belief Dlalogue §ys_t_em | previous : User Simulator :
dialogue | state | database | | goalstate — goal state I
context | data previous _ | update I
i A Y _base : useract | - _ I
}-’ ~ db result | | !
previous / r I !

user /' [ I system ! sentence ! user
- 1

utterance | L NLG , response | encoder pollcy "LG |+uttarancu
s

(=) | ) et ()
! | : ( context CE :
o, : : i | encoder - ]
fm e m e = _/ _____ e e e e e

all LSTMs
17


https://aclanthology.org/2021.acl-long.13
http://arxiv.org/abs/2006.06814

FC+ att classif

(Sukhbaatar et al., 2015) http://arxiv.org/abs/1503.08895
M emory networks (Bordes et al., 2017) http://arxiv.org/abs/1605.07683

* not a full dialogue model,

just ranker of candidate replies single step of the loop esponse candidates
* no explicit modules linear transform |
0o=R ) pm o NE W nswer

* based on attention over history matraxpm%upct \ ~H— Oi v
¢ —+ sum of bag-of-words embeddings la.ttentio === _|= ¢ |1 “
£ * added features (user/system, turn no.) o HHHHHHH = e — ,\ | <000
8| « weighted match against S 1R
§ last user input (dot + softmax) Sﬁm B |
2L« linear transformation to produce . embeddings |

next-level inPUt whole dialogue history last user input
(except last user input) multiple steps

e last input matched (dot + softmax)
against a pool of possible responses

NPFL099 L9 2022 18
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http://arxiv.org/abs/1605.07683

Mem2Sedq: Memory nets + pointer-generator FC+att+RNN +copy seqgen
= soft DB lookups directly in the model

(Madotto et al., 2018) https://www.aclweb.org/anthology/P18-1136 d @/ state embedding
encoder K (1stdecoder GRU input)
« b}) .

standard” MemNN encoder: e tovel >

. . dialogue history dialogue | ———— |

* special memory: =, deloge | |

+ [ @ )

 token-level dialogue history © -
(whole history concatenated, no hierarchy) standard MemNN
. (see previous slide) 0 .
» with added turn numbers & user/system flags last user input

» DB tuples (sums of subject-relation-object)

. . decoder (word level)
» “sentinel” (special token)

only if P, points
pointer softmaxis <«——— atsentinel,

* decoder: MemNN over GRU ;yZn_lﬂnnlftng;Ephd gt e
 GRU state is MemNN initial query N "
* |ast level attention is copy pointer e ﬂzﬂmﬂrl—t e — L
- if copy pointer points at sentinel, {: mﬂﬂm&cﬂlﬂm; ==ty
generate from vocabulary S ==,
* copies whenever it can 0F = ho™ ’&'H@ﬁ \ | @u
 vocabulary distribution comes from previous GRU hidden state is the
1st level of memory + GRU state ge'Jfijed inital MemNN query

* linear transform + softmax 19


https://www.aclweb.org/anthology/P18-1136

. . o (Madotto et al., 2018) FC+att+ RNN + copy seqgen
M e m 2 Se q v I s u a ll Zat I O n https://www.aclweb.org/anthology/P18-1136

gold : the closest parking_garage is civic_center_garage located 4_miles away at 270 _altaire walk
generated : the ;Ic:se:t parking_garage is civic_center_garage at 270_altaire_walk 4_miles away through the directions

a tt e n ti O n W e i g h t S ’_ravenmd_shupp'mgx\emer\ poi shopping.center heavy.traffic 4.miles “ “ A T

i\ \
\\l_mhgs distance ravenswood shopping.center 270_0[1'0”‘\9_ W(Jlk‘\

1
1

1

° M o heauy.lr}iﬁic t\mfhc.infn ravenswood shopping.center and 4_ml[€’§ \\ I|

at individual - :
1

1

1

\

WO rd ge n e ra ti O n Ste pS 434 .arastradero Xd adijress ravenswood shopping.center | )

shopping.cm\{er |$c<i.l;.'|:e ravenswood shopping.center are COpled fr\om DB

-

. AN - . "
civic.center.garage\poi parking.garage no.traffic 4.miles .\\ *I
\ \ \
4_milas distance civic.center_garage \ -
\ \ \
no_lraﬂ'\c tré(ﬁc Jinfo civic.center_garage \

\
; \ \. ..
parking_garage poy-type cvic_center_garage *
\ \
270_altaire_walk addvess civic_center_garage .
DB — ) o L
sigona_farmers_market poi gro-ch\ry.sk\we no.traffic 4.miles
4_miles distanég sig\na_farmers_marktl
AT
no_traffic traffic_info sigong_farmers_market
\

\
Erocery_store poi_type sié&:na.’ﬁarmers-markel
\

638 _amherst st address sigu}le_fa}(neu_markel
. ? \ . .
chevron poi gassfation rnm:lc:au_tra\'{lc 3._miles
\ \
3_miles distance\chevron
\ \

moderate_traffic tr:lﬂic_l'}\{‘o ch\evmn

Memeory Content

away and through
' are newly generated

. Y
gas.station pul.wpqche\mn

\ \
783 _arcadia.pl address chevran

steps correspond
values — “whatt 5 s to generated words
(these get output) ""are copied from history g
g p xe \- from the sentence on top
the
subject-relation-object di P
|alo ue directions 3 \\ I:

(this gets embedded) g —

<4
to 3
R
closest .

. §parking_gnlage .
Note: some DB entries were omitted for readability sentinel

» "
VI W mm

don’t copy, generate 01234567 910111213
NPFLO099 L9 2022

20
Generation Step

history

v
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* End-to-end =single network for NLU/tracker + DM + (sometimes) NLG
* networks may decompose to components + need dialogue state annotation
* joint training by backprop (if differentiable)

* Hybrid Code Nets - partially handcrafted, but end-to-end

* Two-stage copy net -2-step decoding: dialogue state, then response
* Sequicity — LSTM seg2seq
* GPT-2-based systems - same idea, just with pretrained LMs

* Discrete latent action space - learning w/o action annotation
* RL optimization
* corpus-based “fake RL” on training data (no simulator needed)
« without NLG (over actions) or hierarchical

* Mem2Seq: Soft DB lookups - making the whole system differentiable



Thanks

Contact us:
https://ufaldsg.slack.com/ No labs today
{odusek,hudecek,kasnert@ufal.mff.cuni.cz See you next week
Skype/Zoom/Troja (by agreement)

Get these slides here:
http://ufal.cz/npfl099

References/Inspiration/Further:
* Gaoetal. (2019): Neural Approaches to Conversational Al: https://arxiv.org/abs/1809.08267

« Serban et al. (2018): A Survey of Available Corpora For Building Data-Driven Dialogue Systems:
http://dad.uni-bielefeld.de/index.php/dad/article/view/3690
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