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End-to-end dialogue systems

* 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)
e error accumulation
* improved components don’t mean improved system
* possibly joint optimization by RL
* 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
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: 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

(Wen et al., 2017)

Super"ised With Component nets 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
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https://www.aclweb.org/anthology/E17-1042

(Wen et al., 2017)

SuperVised With Component nets https://www.aclweb.org/anthology/E17-1042

* 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 2020 attentio decoding returned correct restaurant


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

(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

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

TR oy olic
 handcrafted fill-in for entities _ _ o
* takes features from ent. extraction ... | o o o °

« ~learned part is fully delexicalized '

. O =
nce embedding R 0 3 X ization.

|

° o Bag of words vector —’_ t+1 Forecast() 0.93
* actions may trigger API calls | e e g [ oo
 APIs can return feats for next step =R% LT l |
e e . 1 Fu_lly—formed ® ©  Choose
* training - supervised & RL: B— 7 e
* SL: beats a rule-based system
. . . . . handcrafted
with just 30 training dialogues actions passed entity fill-in

to next timestep

 RL: REINFORCE with baseline
e RL & SL can be interleaved
(Shalyminov & Lee, 2018)

* extensions: better input than binary & averaged embeddings !:/aosiebaianizies

http://arxiv.org/abs/1907.12162



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

Reinforcement Learning: Recurrent Q-Networks

* NLU + state tracking + DM

* NLG still kept separate

* actions are either system DAs or updates to state |

(DB hypothesis)

» forced to alternate action types by masking
* rewards from DB for narrowing down selection

* Models a Q-network as a LSTM
 or rather LSTM underlying multiple MLPs

« LSTM maintains internal state representation

* 1 MLP for system DAs

* 1 MLP per slot (action=select value X)
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(Zhao & Eskenazi, 2016)
http://arxiv.org/abs/1606.02560

Q for

system DA (masked out) Q for DB actions
actions\ J \4\l
| Qb a,) | [Qbus,
R i — L S
s ol i | — ] I — | JR—
3 x x i

@00 @ow @ o DI ORCED)

®
DB observation

user observation

previous action (bag-of-bigrams)
(one-hot)
)
Agent
-~ -
verbal action user utterance, o¥ db response, ot . ]
av user rewards, rv db rewards, re® h}:pﬁthOSIS action,
al
s )
@ W
» ‘ slotg: vp...slotyivy
\_ Environment y,

hypothesis, h


http://arxiv.org/abs/1606.02560

Dual RL optimization: agent & user simulator

* end-to-end agent & end-to-end simulator
* pretrains both with supervised & tunes with RL against each other

Agent network NLG: simple templates KB query is one of the actions, belief: tracking currently
y his man h ryr . requested values
this manages the query results User simulator network ) 9 )
l (using current action)
pOliCYI Agent output Prezzo is a n_ice place in _lhe Ranked KB query results User oulput May | have its dd 9
l'layer feed_fo rwa r.d utterance west of town serving tasty Italian food ; I;a_rnargherita tem p late N LG,/ F— OIS
. 4 rezzo ...
+ softmax over actions A / : same as agent
makeioffer [’A r'r
Agent action output . ]A [A 2(N0 2) l
[ 2 4 '3k Entity pointer H - olic
explicit belief state: Le Bk Entity pointer ointer to k-th KB result policy,
1 l f d .I.' C°| Arcarsh)t F(md{&lul Pric? slot prOduced as Output Of traCker’ same as agent .
-layer feed-forwar

> ][ ) [ | moved when user requests q add
¥ SOftmaX per SIOt x/ altel’nativeS) q \ |'~L'rli?j-:_l|?:-1l |E|-_|-||.||_
A
— Tkl LSTM /S ‘f:a '
) 4-| LSTM I—'
| T/[ \ XT \

(implicit state)

f
Agent input encoding User input encoding KB indicator (0/1) goal pred eﬁned . | T I | 'l | | I |
Offer entity No. 1 Request §Iternative 1 (Yﬁ's_) . . User goal encoding Lser input cnceding  Agent input encoding
o, 0p_1 O,{?B list of slot values to prOVIde > ltalian, west, address Request allemative - Offer entity No. 2
v, A
. . i [ o
BILSTM encoding &slots t;,o rzquleSt’ “‘
constant for dialogue, BILSTM encoding

binary vector

NPFL099 L9 2020 (Liu & Lane, 2017) http://arxiv.org/abs/1709.06136 9



http://arxiv.org/abs/1709.06136

Dual RL optimization: agent & user simulator

* incremental rewards based on % of completed user goal TR
 used by both agent & system

* REINFORCE/Advantage Actor-Critic

* iteratively training agent & user simulator
» fixing one and training the other for 100 dialogues, then swapping

* joint RL training is better than training just the agent

i —— £ Episode Success Rate over Time
k=1 Knowledge Uy_1
Basa -@ Pretrained Baseline
“—T—" ;3 -4~ REINFORCE-agent
v?o -. .
Knawledge Agent Input 5 4 REINFORCE-joint
Encoger Encodar ] +  A2C-agent 5.8 8. 00 -
KD 1 o = A2C-joint N = SIS :
) | o l 01 _["ser inpur v 60 o a M 4 * o0
time| | ol | Eneoder o ;
|| Disleg Agent 4 g
i 2
State RS ' i i A b, B
A W '/ ‘>,‘\
i Agent Input © -
————————————————————— . Encoder 8 p 7 & L&
: ¥ °
Reward u% }Q.'.. Loe A e ] ..'..'
Function
vy I Y )
[

2500 5000 7500 100 00 12500 15000 17500

Episode

0
5 _.
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Imitation Learning from Expert Users

* system very similar to previous E\ Ry
° but on ly Opt| m |Z| ng the System Rl ]— Utteranes Entoder U sl Siste '
* with humans, or simulator B a
« supervised pretraining ] o D
time do you prefer? Geneator Network
» 2nd step: hybrid SL/RL: rembiates feedforvard
imitation learning with expert users action classifer

* if the system makes a mistake, user provides correct action & fixed belief
* needs expert users, laborious - or a good simulator
 data collected in this way can be used further SL rounds Task Success Rabe over Time (smosthed)

* more guidance than RL, but system learns from its own policy

o
~

- Atk W
**—# ek
i ol

£ 06 é}*f
* no mismatch between training data & policy used by system g | @ R
* finally: RL with normal user feedback 1/ o
* success 0/1 at the end of the dialogue S i—

Interactive Dialogue Learning Sessions

NPFL099 L9 2020 (Liu et al., 2018) http://arxiv.org/abs/1804.06512
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Sequicity: Fully seq2seq-based model

previous

* less hierarchy, simpler architecture previous system current
o o . . state response user input
* no explicit system action - direct to words B 5, R, Us

<Inf=>Italian ; cheap </Inf> NAMI‘“ ‘sL()'l eap restaurant T || me the addre d the
<Req></Req> . f number pl

» still explicit dialogue state

e KB is external (as in most systems) §< @ @ @ @ @ @ @—’

* seq2seq + copy (pointer-generator): oo SR
. : i i I .o @ @ | [o / (@ O N
encode: previous dialogue state 5 e oo s
+ prev° SyStem response Int> Italian ; cheap </Inf> <Reg=add A;)DRFS';_SI.OT d the phone numh %
+ current user input / F . A S
« decode new state first decode new [ knowiedoe IR
dialogue state keep hidden
» attend over whole encoder state here
 decode system output (delexicalized) decode system output,
° attend over state Only attend over state only,

add KB vector to inputs,

+ use KB (one-hot vector added to each generator input) delexicalized

» KB:0/1/more results - vector of length 3

NPFL099 L9 2020 (Lei et al., 2018) https://www.aclweb.org/anthology/P18-1133 12
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Sequicity: training + more supervision

* training: supervised — word-level cross-entropy
* RL fine-tuning with turn-level rewards

(Lei etal., 2018)
(Liang et al., 2019)

» prime the system to decode user-requested slot placeholders

* variant — more supervision

https://www.aclweb.org/anthology/P18-1133
http://arxiv.org/abs/1909.05528

» use the same approach to decode explicit NLU output & system action

Shared Encoder I >>>>>>>>>>>>>>>>>>>>>>>>>>>
<gys> give_restaurant_name

give_foodrype give_area <\sys>

MOSS-a

{lNLUII DST || DPL |[NLG |

Encoder )

I Shared Encoder I

MOSS _[ — ,
woNLU - Li i pst [ ppL |[NLG | IV e
Contexty,, Ctmtext,,sf Contextm,,, Co‘ntext,, G
MOSS Shared Encoder I £, Bl AT TR
w/o DPL ‘[ I_lNLU |_|DST ----- I_l Ii)fcf_‘fef’!!-‘i ek ,-DE?EETE‘SZ Tk IDer.joderﬂPL ________ Decaderuﬁ_ ______
| i | ) cooe
! e ! e ]
L. i oo g L el A C 1 ‘r. L t |
m 5 5 S o T
S e '-rl---'fa---'{‘n- S GEERS LB --rt---fz----‘fx- ‘I"'1
wou [, SRS B S )
wioNLUDPL &}~ DST |i i vabon> s ot e <req> <\req> gve_price give _address <isys> e 245 nwmar
(TSCP : Lei et al. 2018) T Y
B, R,

NPFL099 L9 2020
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Seq u iCity + exp li Cit State (Shu et al., 2019) https://www.aclweb.org/anthology/W19-5922/

prev.system output  prev. state user input

* the same context encoder
as Sequicity I — —

A1 Bt1 Ut At

cheap END_price

o St a te d e C O d e r : What cusine do you prefer? north END_area | like italian, what is
° END_A END_food END_B the address? END_U

The address of name_slot is
address_slot. END_A

NPFL099 L9 2020

seq2seq decoder

for user-specified slot values

. . . v ' ' Y ' v Y !
* individual slots decoded separately [eme o ol cmn ol o o e o] e Jof e -HIJDWD
« prevents decoding invalid states B A R — .,1
* the same decoder run for each slot o] | o] | ¢ )
N G S x —
* informable: e - B 1 1 HHH HHH
* decode values, seq2seq way tied weights: - p o ¢ ‘ *i— L] olllllinn
only the start pice b cheap aotress wawss s | F ST P
* requestable: symbol differs | | ¢ i 5 N ¢ -
4
« classify 0/1 if user requested | : N M" o
* response generation: (oTileTe o]
* 1st step - classify which slots to include T binary classifier.
. . . 1-hot 0/1/2/3/4/5 or more results should slot X
 then seq2seq delexicalized generation be in response?

binary classifier:
did user request slot X?


https://www.aclweb.org/anthology/W19-5922/

‘“Hello, it’s GPT-2 - How can | help?”

(Budzianowski & Vuli¢, 2019)
https://www.aclweb.org/anthology/D19-5602

» Simple adaptation of the GPT pretrained LM

» system/user embeddings
» added to Transformer positional embs. & word embs.

* training to generate as well as classify utterances (good vs. random)

* all supervised

* Again, no DB & belief tracking
* using gold-standard belief & DB, no way of updating belief

NPFL099 L9 2020

Output level : [mask||mask |[mask] [ mask || mask | [mask]| | mask | IMASKI | mask | [ mask | [mask | | mask | | mask | IMASKI I(System>| How ”aboutl -
S 7 S
/ HYd /

4

7’
/

Transformer decoder

1
Positionlevel: | 1+ |[ 2 ”le a || s ”Z“ 7 || s |[ o || 12 |[ 13 ][ s |[ 15 |[ 16
+

H IN
| e e [ |[= I\ delexicalized
generation

Token |eve| ISys(eml ISystam”SyswmI ISystam” User “ User I I User II User ” User I | User ” User
+

User I | User IISys\eml ISysta:mI |System| ISysteml

free | [ wifi |[stem:| [ How | Iabout”lmm,nam-ll

Word level I Hotel II Area I I |memet|| Yes IITwenIyI I<User>“ l I I find “ a ” hotel ” with ”
»

AN
| I |
Belief state Database state Context

simple encoding: l K
domain-slot-value[-slot-value...] DB resultentry tokens

| <«—— decoded part
System response

15
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Real stuff with GPT-2: SOLOIST, SimpleTOD, NeuralPipeline

(Pengetal., 2020) http://arxiv.org/abs/2005.05298
. o o (Hosseini-Asl et al.,2020)  http://arxiv.org/abs/2005.00796
¢ baS I Ca lly Seq U |C|ty OVG r G PT'Z (Ham et al., 2020) https://www.aclweb.org/anthology/2020.acl-main.54

* history, state, DB results/system action - all recast as sequence
* finetuning on dialogue datasets

* small differences/extensions
* specific user/system embeddings (NP)
* additional training (SOLOIST)

* not just word-level generation ‘ )
(a S G PT—2 d e fa u l t) SO L O I ST Belief State Prediction Grounded Response Generation  Contrastive Objective

* contrastive objective: COoCcoofhoO

detecting fake belief/fake response _——
from real ones e00600666 .
« explicit system actions B acea oen Qurﬁam o Qg Q[EQ
(Sl m p leTO D) L Di:log History BeliefYState DB State Re:ponse )
« one more decoding step I ]
k/ \@/

NPFL099 L9 2020 16
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Structured Fusion Nets: End-to-end on top of individual modules

* 1st step: optimize separate NLU/DM/NLG modules
* 2nd step: optimize end-to-end network over the outputs of modules

base NLG logits
context action combined with high-level decoder
system action i embedding at each timestep
concatenated to embedding

dialogue act :
each input word

- . - - - .- E

L STM
! word-by-word

L3
o o e
—— e ——
T

_______________________________________________________________________________________________________________________
e TTTTTTTTTTTTTTITTTIITTIIITIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII I

DB one-hot vector

NPFL099 L9 2020 (Mehri et al.,2019) https://www.aclweb.org/anthology/W19-5921/ 17
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Structured Fusion Nets et 0 @ oloriisso,

* high-level module on top of NLU/DM/NLG modules
works better than just joining, even with joint optimization

% dialogues where

* modules can be fine-tuned (end-to-end differentiable) oppropriate entit
. . . was provide
* this helps in either case
(with modules only or
high_level netWO rk) Model Supﬁwimd[]j:ﬁjlig] Inform | Success |
: : ’ Seq2Seq (Budzianowski et al,, 2018) 18.80 | 71.29% | 60.29%
* mUItI_taSk learnlng doesn t help more 8632363 w/ Attention (Budzianowski et al., 2018) | 18.90 | 71.33% | 60.96%
(altern atlng ﬁne_tu ning With Seq2Seq (Ours) 20.78 | 61.40% | 54.50%
., Seq2Seq w/ Attention (ours) 20.36 | 66.50% | 59.50%
module-specn‘lc tasks) | Naive Fusion (Zero-Shot) 755 | 70.30% | 36.10%
modules | Naive Fusion (Fine-tuned Modules) 16.39 | 66.50% | 59.50%
* RL: only high-level o sy e
° | atructured Fusion (Frozen Modules Tk 2.oU% | ol.a0%
. i Structured Fusion (Fine-tuned Modules) 18.51 | 77.30% | 64.30%
¢ thIS Way the baSG generator high—lvev\lltel‘]l B SEructurcd Fusion (Multitasked Mndulci} 16.70 | 80.40% | 63.60%
ma | ﬂta i ns flu en Cy structure Reinforcement Learning
h h h Structured Fusion (Frozen Modules) + RL 16.34 | 82.70% | 72.10%
* BLEU OK & success much higher )
_ _ _ / % dialogues where system
MultiWOZ (multi-domain data) also provided all requested slots

NPFL099 L9 2020
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(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

» “fake RL” based on supervised data

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

» success & RL updates based on generated responses

Encoder

) 4

!

user turn 1

discrete latent
action set

Decoder

w ]
wq{ wo wyj

user turn 2

* on par with Structured Fusion Nets (slightly higher success, lower BLEU)

* again, ignores DB & belief tracking

ReWard


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

(Dinghra et al., 2017)
SOft DB LOOku ps ht'lcggz/;jvsvvi.aclweb.org/anthologv/P17—1045

* incorporating NLU/tracker uncertainty into DB results

* making the system fully differentiable 2s siven by tracker
* but less interpretable /

p(v=Jj)

* DB output = distribution over all itemS{ orv’sintabie 1) specified &in table

* plain MLE estimation: p(row i) = [gjots
* not trained, based directly on tracker

1/# rows (uniform) otherwise

* NLU/trackers - per-slot GRUs + softmaxes User  KB-InfoBot —
Utterance
- input: counts of n-grams ’/44 Belief Trackers |—
. \:System r
* pOIICy = GRU + SOftmaX User ﬂ[ Policy NetworkHBeliefs Summary]
* trained by RL —
. . trainable fixed
* shown to outperform hard DB on a movie domain (but differentiable)

NPFL099 L9 2020 20
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Key-va lu e Ret ri eva l N ets ﬁiipcs?/t/s\k/’vivo.;gweb.org/anthologv/W17—5506

* using attention to model DB access

* LSTM encoder, no specific tracker/NLU regular vocab. iﬁex'va‘“es°“tp“t
. {_A_\
* DB in a “key-value” format S
° SU bject—relation—object (B E— el 1
(subject-property-value)
dinner_time_8pm attentipn over inputs over DB keVs
* key =subject + relation )
value = subject_relation H#-»#-» _.,_.
* i.e.delexicalized values S R
* generator: seq2seq with 2 attentions plain LSTM encoder LSTM encoder with

double attention

 over inputs (as usual)

 over keys in the DB - increases generator output probs. of DB values
» doesn’t change probs. of regular vocabulary

* supervised training, better than seq2seq/copy

21
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(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

* no explicit modules

* based on attention over history
—+ sum of bag-of-words embeddings
» added features (user/system, turn no.)

* weighted match against
last user input (dot + softmax)

— ¢ linear transformation to produce
next-level input

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

loop a few times

NPFL099 L9 2020

single step of the loop

response candidates

linear transform

v
0=RZ im; nswer
) pm \ H ORKCHIN (=
matrix product — . _ - T
A

(a.k.a. attention) —— R g

— T
, ; = softmax q " m; =
Sentences L PL, T pl - — |q| |l| TT |§
T serm N 7
I's A}
k—A—C
I || t
m, 2
Embedding & -

T tw nar Product

sum of Bow * Embedding A

embeddings Question
(a) q

whole dialogue history last user input
(except last user input) mu[tip[e steps
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http://arxiv.org/abs/1605.07683

Mem2Seq: memory nets & pointer-generator

(Madotto et al., 2018) https://www.aclweb.org/anthology/P18-1136

“standard” MemNN encoder:

* special memory:
 token-level dialogue history

(whole history concatenated, no hierarchy)
» with added turn numbers & user/system flags
» DB tuples (sums of subject-relation-object)

» “sentinel” (special token)

e decoder: MemNN over GRU

* GRU state is MemNN initial query
* |ast level attention is copy pointer

* if copy pointer points at sentinel,
generate from vocabulary
* copies whenever it can
 vocabulary distribution comes from
1st level of memory + GRU state
* linear transform + softmax

state embedding
encoder @/(Ptdecoder GRU input)

token-level -_'
dialogue hiStOry dialogue - -
— o)
istory
+

KB

standard MemNN

(see previous slide) i
last user input

decoder (word level) only if P, points
ptr

pointer softmaxis <«——— atsentinel,

vocab softmax generated last memory level attention Pyocap IS Used
from 15t memory hop p
ptr — pt

Pyocab (V) = softmax(W;[h, 0 ])

— 0 .............. » hy1—u GR %
B

GRU hidden state is the

) initial MemNN query
previous

generated

word 23
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em2Seq visualization

attention weights

at individual

word generation steps
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DB

values
(these get output)

subject-relation-object
(this gets embedded)

gold: the closest parking_garage is civic_center_garage located 4_miles away at 270_altaire_walk
generated : the closest parking_garage is civic_center_garage at 270_altaire_walk 4_miles away through the directions

ravenswood_shopping_center poi shopping_center heavy_traffic 4_miles
4_miles distance ravenswood_shopping_center
heavy_traffic traffic.info ravenswood _shopping.center
shopping_center poi_type ravenswood_shopping.center
434 _arastradero_rd address ravenswood_shopping.center
civic.center_garage poi parking_garage no_traffic 4_miles
4_miles distance civic_center_garage

no_traffic traffic_info civic_center_garage

parking_garage poi_type civic_center_garage
270_altaire_walk address civic_center_garage

Jjills_house poi friends_house heavy_traffic 4_miles

4_miles distance jills_house

heavy_traffic traffic.info jills_house

friends_house poi_type jills_house

347 _alta_mesa_ave address jills_house
sigona_farmers_market poi grocery_store no_traffic 4_miles
4_miles distance sigona_farmers_market

no_traffic traffic_info sigona_farmers_market

—_— grocery._store poi-type sigona_farmers_market
638.. erst_st address sigona_farmers_market
=
s . . - .
g der_joes poi grocery_syefe no_traffic 5_miles
<
8 -miles distance trader_joes
> 5o e .
5 no_traffic traffic_info trader_joes
£
)

grocery_store poi_type trader_joes

408_university_ave address trader_joes

arin_roots poi chinese_restaurant moderate_traffic 4_miles
4_miles distance mandarin_roots

moderate_traffic traffic_info mandarin_roots
chinese_restaurant poi.type mandarin_roots

271 _springer_street address mandarin.roots

chevron poi gas_station moderate_traffic 3_miles

3_miles distance chevron

moderate_traffic traffic_info chevron

gas_station poi_type chevron

783_arcadia_pl address chevron

— what

are

. the
dialogue -

directions

history = t0

the

closest

L parking_garage

sentinel > Sentine
“don’t copy, generate”

u
HE EHE "HN

01234567 8910111213

Generation Step
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responses annotations .
(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 . u @\ 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 v e [ AT T e T
turn-level encoder R ey ket D(ZL) R
» encoder: HRE (hierarchical RNN) dialoguecontext ~~  matchinglosé | response
Utterance GRU : :x‘::: XT—Zx-‘A/
¢ deCOder: COpy RNN (Wlth Sentlnel) trainingon targetdomain (1-9) Ppir + 8 Pyocab
. : : 1 '
“copy unless attention points to sentinel” (see Mem2Seq) T
. . Pointer Attenti t T T @
* DB queries & results treated as responses/inputs BT
* DB & user part of environment annotation " reseonse

Utterance GRu | [ LI7 Rz A>/

PR matching loss


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

(Zhao et al., 2018) http://aclweb.org/anthology/P18-1101

FeW_ShOt & Latent ACtions https://www.cs.cmu.edu/~tianchez/data/ACL2018-talk.pdf

(Shalyminov et al., 2019) http://arxiv.org/abs/1910.01302

21272 2y

. x' = schedule a meetin
* Latent discrete encoder-decoder Fecouriion ”ﬁﬁ o :
* discrete VAE for dialogue turns 7 = schedule a meeting

Xp = how I can help you?

* discrete Variational Skip Thought o
° predicting next turn \ Recognition | )ﬁ :Kprevg:tfvgil?gmn

Network (R)

* trained jointly :

x = schedule a meeting

Xp = what time?

Next Generation
Network (G)

 Full model:
LAED to predict next action 5 context
DI-VAE for user input representation

HRED with ELMo

KVRET-like DB representation
» DB is treated as part of context
decoder: same as previous
e copy with sentinel

 uses NER/entity linking instead of
handcrafted annotations
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* End-to-end =single network for NLU/tracker + DM + (sometimes) NLG
* networks often decompose to components + need dialogue state annotation
* joint training by backprop (if differentiable)
* RL - interleaved with supervised, without NLG (over actions)

* Hybrid Code Nets: partially handcrafted, but end-to-end
* Sequicity: seq2seq-based & decoding dialogue state
* GPT-2-based: same idea, just with pretrained LMs

 Soft DB lookups - making the whole system differentiable
« “transparent” (directly based on tracker)
« attention/memory nets (multi-hop attention)

* Few-shot: lot of autoencoding



Thanks

Contact us:
https://ufaldsg.slack.com/
{odusek,hudecek}@ufal.mff.cuni.cz
Skype/Meet/Zoom (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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