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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
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* Supervised B e e
* sometimes components still trained separately I
: : balls have @ to me to me to me to me to me to me to me to me to
¢ e'g' hard knOWledge base lOOkup Ali ztljlz ti\a\i/ee\zlzzt::)r?\eelzem to me to me to me to me to me to me to
i Sometlmes a“ |n one https://towardsdatascience.com/the-truth-behind-
, facebook-ai-inventing-a-new-language-37c5d680e5a7
e can’t learn from users
* problems with train-test mismatch © INDEPENDENT

* RL

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

"ﬁ SUBSCRIBE NOW LOGIN Q =

) :
» doesn’t work great if done on word-level INTELLIGENCE RORO o o DowWN

* RL won’t care about fluency/naturalness
if you only reward task accuracy

N
AFTER THEY START TALKING TO EACH
» > avoid word level RL / use fluency rewards / mix in supervised OTHER IN THEIR OWN LANGUAGE

'you i i i everything else'

. LeSS Of a CO n Ce r n W i t h P L M S/ L L M S | Monday 31 July 2017 17:10 | 88 comments
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Facebook abandoned an experiment after two artificially intelligent
https://www.independent.co.uk/life-style/gadgets-and-tech/news/facebook-artificial-intelligence-ai-chatbot- programs appeared to be chatting to each other in a strange language only

new-language-research-openai-google-a7869706.html they understood.
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Supervised with component nets  weneta,om RNN+CNN+FC  seq gen + classif

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

LSTM encoder

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

——————————————————————————————————————————————————————————————

» end-to-end, but has components N R
* LSTM “intent network”/encoder (latent intents) i '
 CNN+RNN belief tracker (prob. dist. over slot values) et 3B

* |exicalized + delexicalized CNN features

* turn-level RNN (outputis used in next turn hidden state)
* trained separately from the rest of the system

* DB: rule-based, takes most probable belief values LT
* boolean vector of selected items slotvalue prob. dist. ¢y
« compressed to 6-bin 1-hot (no match, 1 match...>5 matches) RNN  1-layerwith tanh
* 1 matchingitem chosen at random & kept for lexicalization

» Feed-forward policy (latent action)
* LSTM generator

 conditioned on policy, outputs delexicalized (lexicalization as post-processing)

NPFL099 L9 2025 4
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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 “Ser;Z‘p“t

—

I V= I ‘ NAM"_. SL()'l eap ri nt Il me the dﬂ

» still explicit dialogue state o L

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

» encode: previous dialogue state A _@ @ ) @ l l o
D
+ prev. system response e e @ -8
+ current user input e =
. / By (f Rj3
 decode new state first decode new
dialogue state 2 keep hidden
* attend over whole encoder ctate 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) add KB vector to inputs,

delexicalized

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

NPFL099 L9 2025 (Lei et al., 2018) https://www.aclweb.org/anthology/P18-1133 5
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https://www.aclweb.org/anthology/D19-5602

o : . . -LM
¢¢ HeIIO, It,s GPT_2 _ HOW Can I help?,, (Budzianowski & Vuli¢, 2019) pre seqg gen

* 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/prompting = force-decoding
* training to generate + classify utterances (good vs. random), all supervised

* no DB & belief tracking - gold-standard belief & DB used, no updates (see > )

“encoding” ”)
. |
(fo rce_deCOd I ng) Output level IMASK”MASKII mask | [mask | [mask | [ mask | [mask | [ mask| IMASKl[MASK”MASKIIMASK“MASKI [Mask | | sisen-| | How | [ about | [roenema| [ 2
-ourinputsfedin o Rl
1 N
- outputs ignored Transformer decoder
i
Position level | 2 || 3 IlI“ 5 ” 6 || 7 II 8 ” 9 || 10 || 1 || 13 ” 14 ” 15 II 17 || 18 “ 1g || 20 IE“ 22 |
+ delexicalized generation
Syste m/U Ser > Token |eve| ISystem”SyslemI ISystemIISystemIISysmm” User ” User ” User ” User II User II User || User II User ”smemIISysteml ISystem”SystemI (autoregrgssive)
+ +
. A4
embeddings Word level | e ] [vea ] o] [emer] [ voe ] [rer] v [omec] [ ] [roee] (o] [ ] [ =] [ ] [ ] [vee ] [t ] [5e] [ ] [t el [ 7]

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

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

NPFL099 L9 2025 6
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SimpleTOD, NeuralPipeline, UBAR pre-LM seq gen (+classif)

Real stuff with GPT-2: ¢, os1 aucer

=force-decode (ignore softmax, feed own tokens)
° Seq u ICIty + GPT-2: (Kulhdnek et al., 2021) http://arxiv.org/abs/2102.05126
User: Hi!, System: Hello sir., User: I'm looking For a train to Cambridge.

1. encodeconte decode belief state
2. query DB ﬂ BS: train {destirfation=Cambridge} —
DB: train 1113 matches — o
3. encode DB results & decode response
S © ©

* history, state, DB results, system action \ 2R/
- all recast as sequence _Belief prediction 40—( & GPT-2 )
* finetuning on dialogue datasets O, recronse orediction
: . There are over 1,000 trains to [destination].
° eXte nsions. Where will you be departing from?

* specific user/system embeddings (NeuralPipeline)

* multi-task training: detect fake vs. real belief/response (SOLOIST, AuGPT)
» decode explicit system actions (SimpleTOD, UBAR)

» context includes dialogue states (UBAR)

» data augmentation via backtranslation (AuGPT)

(Penget al., 2021) https://aclanthology.org/2021.tacl-1.49/ (Hosseini-Asl et al., 2020) http://arxiv.org/abs/2005.00796 .
NPFLO099 19 2025 (Yangetal., 2021) http://arxiv.org/abs/2012.03539 (Ham et al., 2020) https://aclanthology.org/2020.acl-main.54/
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pre-LM seq gen

GPT-2 two-stage decoding example

DB queried here

generate system output
A
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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? 4

i want a cheap Italian restaurant { price range = cheap , food = Italian } thanks, goodbye ! EJ bad response
i want a cheap italian restaurant { destination = Cambridge, leave at = 19:00 } ok which area ? -] bad state

i want a cheap italian restaurant { area = north, food = Chinese } ok which area ? L0 bad state (same domain)

(Peng et al., 2021) https://aclanthology.org/2021.tacl-1.49/
NPFL0O99 L9 2025 (Kulhdnek et al., 2021) http://arxiv.org/abs/2102.05126 9
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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 Lr
price chnap Hr—] i
day sunday [
[restaurant] I
v LEI:II. [Tl:"urJ Ihai price MULL area cent -.-] :
[
|
[
|

restaurant food ihai
area centre | B,
day sunday

Lev Preprocessing Lev, Training
e “Levenshtein states” tocodo die
* don’t decode full state each turn
* decode just a diff A ) N
(“Levenshtein distance from previous”) l'”"""“

(a.k.a. NLU + rule @)

* better consistency over dialogue

Bi-1 —»
Cy —»

| !

H By :f{ Levy -.Ba—l}

) |

3
ki «—|Decy| «—k ——
NPFL099 L9 2025

update state based on

I.IHH - }
——— flete B 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> 10
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Retrieval-augmented generation

(Nekvinda & Dusek, 2022)
https://aclanthology.org/2022.sigdial-1.29

« Same previous, but use examples for inspiration
* retrieve similar example from training data & pass it to response decoder as a “hint”
* a-blending: with prob. a, replace hint with true response to promote copying

* Example retrieval based on system action annotation
* positive examples: same action, negative: different actions

 Joint model for example retrieval & state + response decoding
« T5 with 2 decoders (state vs. response) + duplicate last 2 encoder layers for retrieval

NPFL099 L9 2025

] ®
Past dialog
turns (tokens) [~
- Hello, I am looking
for a cheap hotel, Shamd
- What about location? context
- | prefer the city centre, encoder
. First K-L layers
~®- of 75 encoder
o
Dialog ™
state (tokens)
hotel-price: cheap

L

pre-LM select +seq gen

1

Response
decoder

TS decoder conditioned on
DB resulks & retrieved hint

A

A

[
@ 3
State Z State State update DB @
> :!rch?der g decoder ™ hutel—alfa:centre P query —» DB results
oafsTS ere:g:;ir » S T5 decoder hotel-price: cheap (tD ken S}
hatel: 2
embedding |
K D @
g ; 2 . .
8 Retrlgval 8 Candidates Retrieved
= enc{lm er g ,«—-"‘(:)‘-\ Context embeddings response (tokens) —
L = L?STtsl Mgs = similarity score obtained using the hint: Sure thing, | have [name] and
= of T5 encoder same retrieval encoder [name], which one do you prefer?

ﬁ_l

v
Final response
Sure thing, | have [name]

and [name], do you need
free parking?

11
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Definition: Capture values from a

° (Hudecek & Dusek, 2023) :
L L M - based d I a logu e https://aclanthology.org/2023.sigdial-1.21 conversation about hotels. Capture

pairs “entity:value” separated by colon
and no spaces in between. Separate

instruction : o
.« . . . the “entity:value” pairs by hyphens.
¢ “Seq u |C|ty bUt W|th I_LM prOm pt' ng” Values that should be captured are:
. domain - “pricerange”: the price of the hotel
* same idea: context > state > DB - response description - “area’ the location of the hotel
* state tracking & response generation done with LLMs
examples

 additional LLM step needed: domain detection
 tracking & response prompts use domain descriptions dial. history

* not entirely “end-to-end” - same LLM, multiple runs User input Customer: 41 am looking for a fivestar

hotel in the north”

» Zero-shot/few-shot (opt. ~10 ex./domain + retrieval)
* Works, but worse than finetuning (esp. on state tracking)

: , iy |
* not that bad with better LLMs & if debugged properly & E}izilsﬁ;j/lai’cl;:é ﬁgégzv.org/zozs.ﬁndmgs-emn19,610/
context -MP S
encoder context store DB

A example

\ﬁ 4 results

LLM domain ( prompt LLM state LLM response We’ve got 4 hotels
detection _ Creation tracker generation available
stars: 5
hotels area:north

I’m looking for a
five-star hotel in
the north

12
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LLM seq gen

LLM-based dialogue, better

* You can extend 1 to make it work better:
» Adding “policy skeletons” (=dialogue snippet examples to show behavior)

* Changing the state representation & using code generation
+ supporting chitchat

(= | User: | am looking for a restauraht with moderate price range
- serving modern European food.

“We want to go to a Thai restaurant on Monday |to N
prepare our taste buds. | recently got married ... S v | .-es‘aura‘,'-.rt name = pizza hut city, golden wok,
(_’@ etc.; food = dont care, chinese, british, etc.;

- - ~ pricerar_lge = dontcare, cheap, moderate,

[ Chitchat Detection H Domain Detection ] expensive; area = ... Belief Instruction
¥ SQL: select * = S
- OST ~ Context from restaurant where | need a restaurant that
Vector P pricerange = moderate; serves [value_food)]
food: Thai-day:Monday v S food = modern L food. )
European

v

Se

LLM Database

saL SELECT * FROM restaurant WHERE
food=Thai AND day=Monday;

Function | find_book_restaurant(food=Thai,
\ Call day=Monday) )

DB: Restaurant

v two match
[ Response Generation
It »  =® Few-shot examples ; it J
Wonderful | What area would you prefer 27— =% =m® . g
v, es

(Stricker & Paroubek, 2024) et g e

https://aclanthology.org/2024.sigdial-1.50 L (inform (choices), restaurant Dialog Policy
(Zhang et al., 2023) roquest (area)) S Task Schema )
https://aclanthology.org/2023.findings-emnlp.891 I v

NPFL099 L9 2025 System: | have at least 2 choices, do you have a preferred area? 13
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LLM based dialogue, with more data PLM/LLM seq gen

* You can use existing dialogues & additional data to improve
« generate annotation via code LLM + finetune

* use LLMs for unstructured queries (if e.g. FAQ page exists)
* SQL + “answer” operator for any question answering, standard retrieval + LLM processing

Observed Dialogue Inferred API Call Dialogue State Change  System Dial. Acts Inferred Delex.
User: | need a hotel agent.find_hotel( = {'hotel': {

in the east i area='east' + 'area': 'east' |

) ) System: | found

System: | found 15, . Inform(choices=15), (chojces], what price

what price range? ? | Request(price) range? ’

agent.find_hotel( ' : : ’

User: cheap, with ey { l:ﬂ'g:}iée-‘[_  cheap"

wi-fi please internet='yes: + 'internet': 'yes: i

. ' . Offer : . :

SY?':fem- hov;.r about ) 4 > nang:'cityroomz' System: I;ow about (Liu et al., 2024) o

city roomz: ) -~ [name] 7 https://aclanthology.org/2024.findings-naacl.283

8 Hey! Can you recommend me an ltalian DB schema
) restaurant with a ? Few-shot examples
prompt LLM to predict
dialogue state as API call prompt LLM to extract Semantic Parser suaL
_ ‘ system dialogue acts ELECT *, summary(reviews) FROM restaurants Compiler Y
(King & Flanigan, 2024) HERE ‘italian’ = ANY (cuisines) AND - ’
http://arxiv.org/abs/2404.15219 LIMIT 1; S—
I@1

NPFL099 L9 2025

ke

| found Penny Roma, which has a 4.0 rating on our database and
offers a variety of Italian dishes. Overall, the atmosphere is described
as delightful, authentic, and

i
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LLM based dialogue, beyond slots LM~ seq gen

e LLMs asked to reason
with given API functions

) l queStlon needs def userj_checksTteam_member_birthday() -> list[str]:
more than 1 API call # find user’s team

user = get_current_user()
team = find_team_of(user)

@ User: Is it anyone’s birthday on my team today?

° LLMS generate Code, ’ \ ﬁg::g;nt today = now_().today()
executed in a simulated & Assistant: eS|
. rmine when Ll ue' irthd fall
EET]\/IF()r1rT1€Er1t zrgiiie = get_gmpigyegigrgfilg(mémbg{) i
t. T this_year_birth_day = replace(
° SO far Very expe”mental, : profile.birth_date, year=today.year
only reasoning LLMs work e e e

return names

ZQ Execution: [“Lisa”]

@ Assistant: Today is Lisa’s birthday!

NPFL099 L9 2025 (Coca et al., 2025) https://aclanthology.org/2025.acl-long.1234 15
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(Zhao et al., 2019)
https://www.aclweb.org/anthology/N19-1123

* Make system actions latent, learn them implicitly w/o annotation

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

* using Gumbel-Softmax trick for backpropagation

* RL over latent actions, not words
* avoids producing disfluent language
» corpus-based RL - “faking it ” on supervised data

word generation
supervised only

w1 wp w3

* generate outputs, but use original contexts Encoder

v

from a dialogue from training data i
* success & RL updates based on generated responses user tur 1

* interleaves with supervised to learn word generation

* Ilgnores DB & belief tracking

RNN seq gen

discrete latent
action set

wW{ W2 W

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

Decoder

user turn 2

ReWard


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

RNN seqgen

LAVA: Latent Actions with VAE pretraining  wssca. 0

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

response

» Also discrete latent space for actions e
* inputs & responses should be close in latent space L sponse
. . . . g zelxe) g ol
* Multi-step training scenario: ? S
1) autoencode responses into latent space L g
2) supervised training for response generation e, ?*’”‘“"’ﬂ
via the latent space enc
3) RL over the latent actions w
* same “fake RL” as previous  response
. . . : fF
* Options to join autoencoding & response generation > [ decoder
a) KL loss -don’t gotoo far from autoencoding in latent space ; L
b) multi-task training (go back to autoencoding once in a while) T ,Th e
» Again, assumes gold state & DB I

Cea e Crmg
context

NPFL099 L9 2025 17
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Better RL: HDNO & JOUST

(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)

* separate updates on both levels
(avoid aiming at a moving target)

RNN seqgen

Gaussian (latent)
|

|

generated utterances
primitive actions

______

— I wh
dialogue policy ,
o llef stare) | = high-level policy i .
i |
| a dialogue ! !
: act ! — ’I your
: ks context vector option |
1 tax state
o — destinat
oracle 1 linear layer -
(fromgold T L

annotation) low-level policy

» “fake” corpus-based RL (as previous)
* JOUST: real RL with a user simulator

___________________

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

 system & sim. share architecture | S T A p— User Simulator
dialogue | state atabase | [ _ ! goal state :
* joint context encoder i \a[ﬂ'i» [?yi | et T 4] wiate ] goa |
143 revious ;“l - y 9 resut : ! . p 1

* system: additional state tracker “ue"/. oo R ) oy Nw]inn:f::m

e interaction on utterance level  “" ) ) e - )
. . . C:’wl : : = encoder ] t :
* supervised pretraining e ST EETEEY

all LSTMs
18
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Hybrid Code Networks  iimmesbsimnzosmms

* Partially handcrafted

(masks out

* Learn from ~30 dialogues (RL+SL)

* LSTM tracker
« state implicit (=no annotation)

domain-specific NER handcrafted

Action

RNN + FC + rule classif

permitted actions in this timestep

any illogical steps)

various handcrafted flags

turn-level LSTM tracker
(LSTM hidden = “dialogue state”)

| feed-forward

* Policy & tracker use action mask oL e L . :Ohcy
* handcrafted from entity tracker | e, RO
* zero illegal actions [ P et ——]] s e
e e.g. don’t place a call if we don’t ce e e LT ® o 000
know who to call yet | ° Lo o o . hl
* Delexicalized operation 2 ¢ 7o /f
* entity tracking & fill-in handcrafted handcrafted
actions passed entity fill-in

to next timestep

(Shalyminov & Lee, 2018)  https://arxiv.org/abs/1811.12148
NPFL099 L9 2025 (Marek, 2019) http://arxiv.org/abs/1907.12162
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FC + att+ RNN + copy seqgen

Mem2Seq: soft DB lookups

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

— 5 Aoox 4
M ravenswood _shopping ent@r poi shopping_center heavy_traffic 4_miles v Y
* Integrates the DB in the model T e 270, altaie_walk,

« ” heawy_traffic Saffic_info ravenswood_shopging.center and 4_miles Y
d re a l ly e n d ‘tO‘e n d shopping ct:\r\{er \Iki' type ravenswood shopping.center are COpied ﬁ(\om DB
» works only if the DB is small enough

* Built on memory networks

« multi-level attention-like model DB | & st s o e e e
(old, complex, not so interesting)

e combined with RNN

* Pointer-generation approach
 “sentinel” (=generate)
e pointinto the DB

434 ;wastradero\t\d ac}Qress ravenswood shopping.center \

-
-

.. AN ) . \
civic_center.garage\poi parking.garage no.traffic 4.miles . \

\ \
A miles distance civic.center_garage \
\ \

no_tmﬂ'\c lré(lic_info civic.center_garage \

m

4_miles distan ég sigk(na_Fdrmtrs_r:mrket

. X N \
no_traffic traffic_info sigong_farmers_market
\ \
grocery_store poi_type sigc\bnu_f.:lrmets_market
\

Memory Content

anlJy qlnd through

638 _amherst_st address siguh@_h?q’lers_market a re:n ewly generated
|

. B \ . .
chevron poi gas_station mndcratg_lra\{lt I miles
\ \
3_miles distancevchevron
\

mgderate_traffic traffn:_lh\fo ch\evrnn

" A \
gas_station pm_t_\rpe\che\rnn

\ \
783 arcadia.pl address chevran

v\ the and closest
subject-relation-object [ ¥<““"\‘31re copied from history

(this gets embedded) e

* pointinto history values os I

(these get Output) dlalogue _ directions \\‘ \\
histor |
y the . D)
sentinel cosest [

v v

parking _garage

“don’t copy, generate” — e
entine

generated words — 0123456728 910111213

Generation Step

NPFL0O99 L9 2025 (Madotto et al., 2018) https://www.aclweb.org/anthology/P18-1136
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* End-to-end =single network for NLU/tracker + DM + NLG
* joint training, may have distinct components & need dialogue state annotation

* 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
* LLM-based: code/SQL representations of state

* 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/ Labs in 10 mins
odusek@ufal.mff.cuni.cz
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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