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(Shu et al., 2019) https://www.aclweb.org/anthology/W19-5922/ y

Sequicity + explicit state

* the same context encoder prov system output  prev.state  user input
ICl ’ | ) \
as Sequicity .

» state decoder:

* individual slots decoded separately
« prevents decoding invalid states

* the same decoder run for each slot

* informable:
« decode values, seg2seq way

* requestable:
* classify 0/1 if user requested

* response generation:

* 1ststep - classify which slots to include
» then seq2seq delexicalized generation
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should slot X
be in response?
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did user request slot X?
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Structured Fusion Nets: =

End-to-end on top of individual modules (Mehri et al, 2019

https://www.aclweb.org/anthology/W19-5921/

* 15t step: optimize separate NLU/DM/NLG modules
« 2"d step: optimize end-to-end network over the outputs of modules

base NLG logits
action combined with high-level decoder

context :
embedding at each timestep

system action embedding

dialogue act concatenated to

each input word
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Structured Fusion Nets oo ocomss

* 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) e oded
e this helps in either case l
(with modules only or ,
. Model I BLEU ] Inform | Success [
hlgh'level netWO rk) Supervised Learning
. . ) Seq2Seq (Budzianowski et al., 2018) 18.80 | 71.29% | 60.29%
¢ mult|—task lea rning doesn t help more Seq2Seq w/ Attention (Budzianowski et al., 2018) | 18.90 | 71.33% | 60.96%
. . . . Seq2Seq (Ours) 20,78 | 61.40% | 54.50%
(alternating fine-tuning with Seq2Seq w/ Attention (ours) 2036 | 66.50% | 59.50%
_ £ | Naive Fusion (Zero-Shot) 7.55 | 70.30% | 36.10%
mOd u le SpeCIfIC taSkS) modules _ N:n: Fusion [Ffm:—tungd Modules) 16.39 | 66.50% | 59.50%
. onl Multitaskin 17.51 | 71.50% | 57.30%
o Rl_ Only hlgh—level - Structured l;gusiun (Frozen Modules) 17.53 | 65.80% | 51.30%
. with Structured Fusion (Fine-tuned Modules) 18.51 | 77.30% | 64.30%
° th|s Way the base generator high-level - Structured Fusion (Multitasked Mndul;zf;nfomcmcm l]i.j:ﬂn;[].él{]% 63.60%
maintains fluency structure [ Structured Fusion (Frozen Modules) + RL 16.34 | 82.70% | 72.10%
* BLEU OK & success much higher
/ % dialogues where system
NPFL099 L9 2019 MultiWwOZ (multi-domain data) also provided all requested slots
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DA-based self-attention E=I=—T=—)

* DAs represented as a graph ) ) o) ),

e 3-level: domains - intents - slots > eﬁﬁﬂ‘r’iﬁ%@’ﬂfﬁ il iemﬂﬂmmm [[mmm .

* ignores DB & tracker

Coarse

Fine
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(--.-DlslogActGraph____ (¢ (N (e
* uses ground truth from data  Potitorriocaton o AO—HT[\
e NLU: = ey ek —— %J i
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* BERT over all history tokens olalo) B olglo
» feed-forward/attention + sigmoid [ i; e
. . . \ T 1 T 1
* predict domains-intents-slots graph TR I L \m[:jsar
T[ez[t| |0]0/0] [0j0jOf |t | t1 £
o fo . —4— —f— LinearI Vs Linear  Kj Lin‘earl Qs
* Decoder: modified self-attention AH?::;:%? ) N\t bs e
= —— =

° Optimlzed Se pa rate ly u;r@@.@)_@ @L @O0 H?;:I\ ?:@* o C}F
« gated sum instead of concatenation o e serargd St Atantor
« gating follows predicted DA graph (hct?;f:/%v avlv'ivz.gclaeb.org/anthologv/p19_1360

 delexicalized - DB & tracker provide lexicalization

 Supervised learning only



https://www.aclweb.org/anthology/P19-1360

(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)

discrete latent

or “Lite ELBO” (KL vs. uniform 1/k) action set
* RL over latent actions, not words [——
* avoids producing disfluent language ;e w [ e
° “fake RL” based On Supervised data Encoder @ Encoder = z 7 Decoder Reward
* generate outputs, but use original contexts use,Ium » szj A?tz

from a dialogue from training data
* success & RL updates based on generated responses

* on par with Structured Fusion Nets (slightly higher success, lower BLEU)
* again, ignores DB & belief tracking


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

“Hello, it’s GPT-2 - How can I 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

Output level : [mask||mask |[mask] [ mask ”MASKIIMASK“MASKIIMASKIIMASKIIMASKIIMASK“MASK”MASK”MASKI Iﬂlbl{o_wll;bo_u{l ——
: A\
Transformer decoder
i
Positionlevel: | 1+ |[ 2 ”le a || s ”Z“ 7 || s |[ o || 12 [ 1s [ e || as |[ e [ a7 ][ s | ae || 20 | 2 | delexicalized
+

Token |eve| ISys(eml ISystam”SystemI ISysxam” User “ User I I User II User ” User I | User ” User ” User ” User IISys\eml ISystémI |System| ISysteml generatlon
+ v
Word level I Hotel II Area I I Intemet” Yes IITwenIyI I<User>“ l I I find “ a ” hotel ” with ” free ” wifi II<5ysmﬂ>” How I Iabout | ||mm,m.-1l
»

| LI\ | | |
| l I I
/ Belief state Database state Context System response decoded part

simple encoding:
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DB result entry tokens


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

(Dinghra et al., 2017)

SOft D B Loo ku ps https://www.aclweb.org/anthology/P17-1045

* incorporating NLU/tracker uncertainty into DB results

* making the system fully differentiable 25 given by tracker
* butless 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

* NLU/trackers - per-slot GRUs + softmaxes er KenfoBor

* input: counts of n-grams ‘LL% Belief Trackers |— ﬁ
= ookup

* policy = GRU + softmax ¥ system ‘,
p . y User ‘ﬂ‘ Policy Network H Beliefs Summary]
* trained by RL | ) ,

| |

* shown to outperform hard DB on a movie domain trainable fixed
(but differentiable)

1/# rows (uniform) otherwise

\
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Key-value Retrieval Nets coon ... o F3

* using attention to model DB access

* LSTM encoder, no specific tracker/NLU regularvocab, DB delex. values output
: ——
* DB in a “key-value” format i
* subject-relation-object
context vector { . 4

(subject-property-value)

dinner.time_8pm attentiLn over inputs over DB kevls

* key = subject + relation «
value = subject_relation H#_.¢_> _,,_,
* i.e. delexicalized values
What time is yoga <START> Yoga
* generator: seq2seq with 2 attentions  plainLsTMencoder LSTM encoder with
double attention

 overinputs (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 ;


https://www.aclweb.org/anthology/W17-5506

(Wen et al., 2018)

D B Ta b le Atte n ti 0 n http://arxiv.org/abs/1806.04441

* Input/State tracking:

DB

* LSTM encoder over whole history

poi

* slot states = per-slot attention over encoder |m=e| | o

Stanford
Childrens
Health

moderate
traffic

409 Bollard St | 5 miles grocery
store

willows
market

* DB representation:

* cell embedding = column/slot emb. B L1 |
concat —— & value emb. + linear + tanh per-slot attention weighted similarity scores
 row similarity with dialogue state: [ J [
Zslots cell emb - slot state ( R
o info matrix: SOftm aX'Weighted Address to the  gas station Va{aro ils loclated jt Zooxli\lesterAve

sum of row similarities
* memory: weights - (slot states & info matrix)

* Response decoder: seg2seq + “copy”
» with attentions over input & memory

decoder with
double attention

* copying: choosing to generate a slot & filling in value based on info matrix

!
)


http://arxiv.org/abs/1806.04441

(Sukhbaatar et al., 2015)
http://arxiv.org/abs/1503.08895

Memory networks oo v

: ingle step of the |
* nOt d fu“ dlalogue I:nOdel’ . PINEIESTER OTHE o0 response candidates
just ranker of candidate replies linear transform
=R im; o » = *w
» no explicit modules o \ | §
matrix product — .- -
. . k.a. i R g
* based on attention over history ™™V ﬁ

I

P, ; = softmax qTm; ! ,

— « sum of bag-of-words embeddings MHHHHH e | gl
loop  added features (user/system, turn no.) — J 11l :
a few * weighted match against sum of Bow ° m—l

times last user input (dot + softmax) o embeddings " w
* linear transformation to produce whole dialogue history jast user input
next-level inpUt (except last user input) multiple steps

e last input matched (dot + softmax)
against a pool of possible responses
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(Madotto et al., 2018) ’
https://www.aclweb.org/anthology/P18-1136

Mem2Seq: memory nets & pointer-generator

* “standard” MemNN encoder: state embedding
. encoder @/(Pt decoder GRU input)
* special memory: token-level ]
. . dialogue history i & )
 token-level dialogue history s e |
(whole history concatenated, no hierarchy) ¢ | )
 with added turn numbers & user/system flags standard MemNN ’ !
. . . i lid
« DB tuples (sums of subject-relation-object) fsee previous side) st user input

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

» decoder: MemNN over GRU e fmocgeneg . POETORIBE < atsoninl,
* GRU state is MemNN initial query pvocab?y%r?it?ffﬁfﬂvhvf{’hbOll;smemlgprtyrlivif RO P s used
* last level attention is copy pointer N |
* if copy pointer points at sentinel, e ﬂﬂmﬂnﬁ_ﬁ | L
generate from vocabulary {: | L B2 Lo
* copies whenever it can ZT - :}*
 vocabulary distribution comes from 0 = ho™> {Q\ G
15t level of memory + GRU state N
* linear transform + softmax generated  initial MemNN query 12

word


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 closest parking_garage is civic_center_garage at 270_altaire_walk 4_miles away through the directions /

(Tavenswood_shopping_center poi shopping_center heavy_traffic 4_miles )
4_miles distance ravenswood_shopping_center

heavy_traffic traffic.info ravenswood_shopping._center

°® P °® °® shopping_center poi_type ravenswood_shopping_center
434 _arastradero_rd address ravenswood . shopping.center
attention visualization =
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 . .

Jills_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

D B — no_traffic traffic_info sigona_farmers_market
grocery_store poi_type sigona_farmers_market

638 herst_st address sigona_farmers_market

trader_joes poi grocery_spefe'no_traffic 5_miles
_miles distance trader_joes

no_traffic traffic_info trader_joes

mory Content

grocery_store poi_type trader_joes
408 _university_ave address trader_joes
[arin_roots poi chinese_restaurant moderate_traffic 4_miles
va lu es 4_miles distance mandarin_roots

(th ese get O ut p u t) maderate_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 chevren

subject-relation-object moderate traffic trafficinfo chevron
(th iS gets em bed d ed) gas_station poi_type chevron

— 783_arcadia_pl address chevron

what

are

: v
dialogue O

directions

history ] .

the

.

parking_garage
-

E N EE EE

Sentinel 012345678 910111213 13
“don,t COpy, generate” Generation Step
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(Zhao & Eskenazi, 2018) http://aclweb.org/anthology/W18-5001

Few-shot dialogue generation

* Domain transfer:
* source domain training dialogues

* target domain “seed responses”
with annotation

* encoding all into latent space
* keeping response & annotation encoding close
* keeping context & response encoding close
» decoder loss + matching loss

e encoder: HRE (hierarchical RNN)
o decoder' copy RNN (with sentinel)

“copy unless attention points to sentinel” (see Mem2Seq)
* DB queries & results treated as responses/inputs

* DB & user part of environment

training on source domain

/ Discourse LSTM
|

turn-level encoder

dialogue context /

annotations

responses
P (target domain only)

(source & target domains)

Which date's womhcr?
X  Whattype of m
He H \ eather bot.
movie

\\

/ \y resp. encoder

resp. © ., 4 O
decoder Z + ¢ \
latent space

{ D . j .T\ context
encoder
dialogue contexts
(source domain only)

request date
A request genre

greet

(1-g) Pptr + 9 Pvocab

Pointer Attention J Lﬁ [
I T 1 ' T 1 sentinel

—2

<s> X4
Utterance GRU
)

Kt WKJ Dz

Zg,

(2,
matching losg
— L1 _Z“+A/

d Xq X7

- ’
[ [ T
T, I L -]

Wi Wiy d w

Utterance GRU - l

training on target domain

i

Vocab Softmax
kb H

(1-g) Pplr +0 Pyocab

Utterance GRU 1 — —-D l
/v d a;  ay T e N
annotation Dz, za) response

—al T = —Zx*ly
— -

PR matching loss

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

* .
Few-shot & Latent Actions ... aimmanais

* Latent discrete encoder-decoder O heen ey
Recognition I : eneration
« discrete VAE for dialogue turns R (”E E @
. . . . x = schedule a meeting
* discrete Variational Skip Thought s = how I can help you?

21722 ZM

° p red | Ct' n g n eXt tu n \ Recopaifion Prevli\?éltiv E)}[e‘:ll(u(a{%tion
. o« . —q(zfx) :
¢ tralned JOIntly Netwo:’k(R) xp = what time?

x = schedule a meeting Next Caneration

* Full model: Network (G)

* LAED to predict next action
DI-VAE for user input representation
HRED with ELMo
KVRET-like DB representation
« DB is treated as part of context

decoder: same as previous
* copy with sentinel

uses NER/entity linking instead of
handcrafted annotations

context



http://aclweb.org/anthology/P18-1101
https://www.cs.cmu.edu/~tianchez/data/ACL2018-talk.pdf
http://arxiv.org/abs/1910.01302

* RL for end-to-end systems helps if it’s not on token level
* RL over latent system actions (embeddings / discrete)

* Pretrained LMs can work as end-to-end DS

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

* Few-shot: lot of autoencoding
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Thanks

Contact us:
odusek@ufal.mff.cuni.cz
hudecek@ufal.mff.cuni.cz
(or on Slack)

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

References/Inspiration/Further:
* Gao etal. (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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