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Neural networks

ÅCan be used for both classification & sequence models

ÅNon-linear functions , composed of basic building blocks
Åstacked into layers

ÅQBIF? H?NQILE ỹ ӓJCJ?FCH?ӔӮӓ@FIQӔ

ÅLayers are built of activation functions :
Ålinear functions

Ånonlinearities ӝsigmoid, tanh, ReLU

Åsoftmax ӝprobability estimates:

ÓÏÆÔÍÁØὀ
ÅØÐὼ

Вὀ ÅØÐὼ

ÅFully differentiable ӝtraining by gradient descent
Ågradients backpropagated from outputs to all parameters

Å(composite function differentiation)
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https://medium.com/@shrutija
don10104776/survey-on-
activation-functions-for-deep-
learning-9689331ba092

https://playground.tensorflow.org/ӝlook at the internals (very simple network)

https://medium.com/@shrutijadon10104776/survey-on-activation-functions-for-deep-learning-9689331ba092
https://playground.tensorflow.org/


Neural networks ӝfeatures

Å9IO =;H OM? NB? M;G? IH?M ;M @IL ,2Ӯ36-ӊ
Å<ON CNӒM ; FIN I@ QILE NI =I>? NB?G CH

ÅWord embeddings
Ålet the network learn features by itself
Åinput is just words (vocabulary is numbered)
Åtop ~50k words + <unk>, or subwords

Ådistributed word representation 
Åeach word = vector of floats (~50-2000 dims.)

Åpart of network parameters ӝtrained
a) random initialization

b) pretraining

Åthe network learns which words 
are used similarly
Åthey end up having close embedding values

Ådifferent embeddings for different tasks
http://ruder.io/word -embeddings-2017/

http://blog.kaggle.com/2016/05/18/home-depot-product-search-
relevance-winners-interview-1st-place-alex-andreas-nurlan/

http://ruder.io/word-embeddings-2017/
http://blog.kaggle.com/2016/05/18/home-depot-product-search-relevance-winners-interview-1st-place-alex-andreas-nurlan/


Recurrent Neural Networks

ÅMany identical layers with shared parameters (cells)
Å~ the same layer is applied multiple times, taking its own outputs as input
Å~ same number of layers as there are tokens

Åoutput = hidden stateӝfed to the next step

Åadditional input ӝnext token features

ÅCell types
Åbasic RNN: linear + tanh
Åproblem: vanishing gradients

Å=;HӒN BIF> FIHA L?=OLL?H=?M

ÅGRU, LSTM: more complex, 
to make backpropagation 
work better
ÅӓA;N?MӔ NI E??J IF> P;FO?M
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https://medium.com/@saurabh.rathor092/
simple-rnn-vs-gru-vs-lstm-difference-lies-
in-more-flexible-control-5f33e07b1e57

LSTM cell
GRU cell

basic RNN cell

hidden state
out (Ὤ)
= output

hidden state
in (Ὤ )

concat

linear
& ÔÁÎÈ

input embedding

https://medium.com/@saurabh.rathor092/simple-rnn-vs-gru-vs-lstm-difference-lies-in-more-flexible-control-5f33e07b1e57


Encoder-Decoder Networks

ÅDefault RNN paradigm for sequences/structure prediction
Åencoder RNN: encodes the input token-by-token into hidden statesὬ
Ånext step: last hidden state + next token as input

Ådecoder RNN: constructs the output token-by-token
Åinitialized by last encoder hidden state

Åoutput: hidden state & softmax over output vocabulary + argmax

Ånext step: last hidden state + last generated token as input

ÅLSTM/GRU cells over vectors of ~ embedding size

Å-4Ӈ >C;FIAO?Ӈ J;LMCHAӊ 
Åmore complex structures linearized to sequences

https://lilianweng.github.io/lil -log/2018/06/24/attention-attention.html

https://medium.com/syncedreview/a-brief-overview-of-attention-mechanism-13c578ba9129
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https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html
https://medium.com/syncedreview/a-brief-overview-of-attention-mechanism-13c578ba9129


Attention Models

ÅEncoder-decoder too crude for complex sequences
Åthe whole input crammed into a fixed-size vector (last hidden state)

ÅAttention ự ӓG?GILSӔ I@ all encoder hidden states
Åweighted combination

Åre-weighted every decoder step 
Ἇ =;H @I=OM IH =OLL?HNFS CGJILN;HN J;LN I@ CHJON

Åfed into decoder inputs + decoder softmax layer

ÅSelf-attention ӝover previous decoder steps
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╬ ‌▐

‌ ÓÏÆÔÍÁØ○ ẗÔÁÎÈἥ♪ẗ▼ ἣ ẗ▐

ὸ= decoder step
ρȣὲ= encoder steps

attention value = context vector encoder hidden state

decoder state

trained parametersattention weights 
= alignment model

https://skymind.ai/wiki/attention -mechanism-memory-network

https://skymind.ai/wiki/attention-mechanism-memory-network


Neural NLU

ÅVarious architectures possible

ÅClassification
Åfeed-forward NN

Å2.. Ử ;NN?HNCIH Q?CABN Ἇ MI@NG;R

Åconvolutional networks

ÅTransformer

ÅSequence tagging
Å2.. Ө,34-Ӯ'25ө Ἇ MI@NG;R IP?L BC>>?H MN;N?M
Ådefault version: label bias (like MEMM)

ÅCRF over the RNN possible

ÅStill treats intent + slots independently

7https://www.depends-on-the-definition.com/guide-sequence-tagging-neural-networks-python/
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(Raffel& Ellis, 2016)
https://colinraffel.com/publications/iclr2016feed.pdf

softmax

https://www.depends-on-the-definition.com/guide-sequence-tagging-neural-networks-python/
https://colinraffel.com/publications/iclr2016feed.pdf


NN NLU ӝJoint Intent & Slots

ÅSame network for both tasks

ÅBidirectional encoder
Å2 encoders: left-to-right, right-to-left

Åconcatenate hidden states

ÅӓM?? NB? QBIF? M?HN?H=? <?@IL? SIO MN;LN N;AACHAӔ

ÅDecoder ӝtag word-by-word, inputs:
a) attention

b) CHJON ?H=I>?L BC>>?H MN;N?M  Өӓ;FCAH?> CHJONMӔө

c) both

ÅIntent classification: 
softmax over last encoder state 
Å+ specific intent context vector (attention)
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(Liu & Lane, 2016) http://arxiv.org/abs/1609.01454

http://arxiv.org/abs/1609.01454


NN NLU ӝJoint Intent & Slots

ÅExtended version: use slot tagging in intent classification
ÅBidi encoder

ÅSlots decoder with encoder states & attention

ÅIntent decoder ӝattention over slots decoder states

ÅWorks slightly better

9NPFL123 L5 2022

same as (c) 
on previous slide

this is new

(Liu & Lane, 2016) http://arxiv.org/abs/1609.01454

http://arxiv.org/abs/1609.01454


ÅDialogue management consist of:
ÅState update Ἅ B?L? Q? H??> $34

ÅAction selection (later)

ÅDialogue Stateneeded to remember what was said in the past
Åtracking the dialogue progress

Åsummary of the whole dialogue history

Åbasis for action selection decisions

Dialogue State Tracking
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5Ƚ )ɇG FIIECHA @IL ; L?MN;OL;HN CH NB? city centre.
S: OK, what kind of food do you like?
U: Chinese.
S: What part of town do you have in mind?
S: Sure, the Golden Dragon is a good Chinese restaurant. It is located in the west part of town.
S: Sure, the Golden Dragon is a good Chinese restaurant. It is located in the city centre.



Dialogue State Contents

Åӓ!FF NB;N CM OM?> QB?H NB? MSMN?G >?=C>?M QB;N NI M;S H?RNӔ

ÅUser goal/preferences ~ NLU output
Åslots & values provided (search constraints)

Åinformation requested

ÅPast system actions
Åinformation provided
Åslots and values 

Ålist of venues offered

Åslots confirmed

Åslots requested

ÅOther semantic context
Åuser/system utterance: bye, thank you, repeat, restart etc.

11NPFL123 L5 2022

U: Give me the address of the first oneyou talked about.
U: Is there any otherplace in this area?

S: /+ȼ #BCH?M? @II>Ȼ ɛȿɜ

S: What time would you like to leave?

(Henderson, 2015)
https://ai.google/research/pubs/pub44018

https://ai.google/research/pubs/pub44018


ÅTo describe possible states

ÅDefines all concepts in the system
ÅList of slots

ÅPossible range of values per slot 

ÅPossible actions per slot
Årequestable, informable etc.

ÅDependencies
Åsome concepts only applicable 

for some values of parent concepts

Ontology

12NPFL123 L5 2022

food_typeӝonly for type=restaurant
has_parkingӝonly for type=hotel

entity = {venue, landmark}
venue.typeự ӬL?MN;OL;HNӇ <;LӇӊӭ

(Young, 2009) 
http://mi.eng.cam.ac.uk/research/dialogue/papers/youn09.pdf

ӓC@ ?HNCNSựP?HO?Ӈ NB?HӊӔ

some slot names may need disambiguation
(venue typevs. landmark type)

http://mi.eng.cam.ac.uk/research/dialogue/papers/youn09.pdf


Problems with Dialogue State

ÅNLU is unreliable
Åtakes unreliable ASR output

Åmakes mistakes by itself ӝsome utterances are ambiguous

Åoutput might conflict with ontology

ÅPossible solutions:
Ådetect contradictions, ask for confirmation

Åignore low-confidence NLU input
ÅQB;NӒM ӓFIQӔӍ

Åwhat if we ignore 10x the same thing?

ÅBetter solution: make the state probabilistic ӝbelief state

13NPFL123 L5 2022

NLU: 0.3 inform(type=restaurant, stars=5)

only hotels have stars!

ASR:0.5 )ɇG FIIECHA @IL ;H ?RJ?HMCP? BIN?F
0.5 )ɇG FIIECHA @IL CH?RJ?HMCP? BIN?FM



Belief State

Å!MMOG? Q? >IHӒN EHIQ NB? NLO? >C;FIAO? MN;N?
Åbut we can estimate a probability distribution over all possible states

ÅIn practice: per-slot distributions

ÅMore robust
Åaccumulates probability mass over multiple turns
Ålow confidence ӝif the user repeats it, we get it the 2nd time

Åaccumulates probability over NLU n-best lists

ÅPlays well with probabilistic dialogue policies
Åbut not only them ӝrule-based, too

14NPFL123 L5 2022



Belief State
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NLU 
(no state over turns)

dialogue state
(1-best)

belief state
(probability distributions)

this is what we want
(based on Milica';ǄCŔӒMslides)

inform(area=center) 0.6
inform(food=Danish) 0.4

turn

1.

2.

observations state response state response state response

I want a Danish 
place in the 

center

Danish
inform(food=Spanish)0.5
inform(food=Danish) 0.4

area=center
What food 
would you 

like?

food=Spanish
Which area do 

you prefer?

What food 
would you 

like?

What food 
would you 

like?

area=center

area=center
food=Spanish

Found 3 
Spanish places 
CH NB? =?HN?Lӊ

Did you say 
Spanish or 

Danish?

area:
center 0.6

food:
Danish 0.4

area:
center 0.6

food:
Spanish 0.5
Danish 0.44



ÅMDP = probabilistic control process
Åmodel ӝDynamic Bayesian Network 
Årandom variables & dependencies in a graph/network

Åӓ>SH;GC=Ӕ ự MNLO=NOL? L?J?;NM IP?L ?;=B NCG? MN?J ὸ

Åίӝdialogue states = what the user wants

Åὥӝactions = what the system says

Åὶӝrewards = measure of quality
Åtypically slightly negative for each turn, high positive for successful finish

Åὴί ίȟὥ ӝtransition probabilities

ÅMarkov property ӝstate defines everything

Å0LI<F?Gӈ Q?ӒL? HIN MOL? ;<ION NB? >C;FIAO? MN;N?

Dialogue as a Markov Decision Process
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(from Milica';ǄCŔӒMslides)

action

state

reward



ÅDialogue states are not observable
Åmodelled probabilistically ӝbelief state ὦί is a prob. distribution over states

Åstates (what the user wants) influenceobservationsέ(what the system hears)

ÅStill Markovian

Åὦᴂίᴂ ὴέίᴂВᶰὴίίȟὥὦί

Åὦίcan be modelled by an HMM

Partially Observable (PO)MDP

NPFL123 L5 2022

(from Milica';ǄCŔӒMslides)
grey = observed
white = unobserved

(from Filip *OLŖżŖ?EӒMslides)

state

action

observation

reward
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Digression: Generative vs. Discriminative Models

What they learn:

ÅGenerative ӝwhole distribution ὴὼȟώ

ÅDiscriminative ӝjust decision boundaries between classes ~ ὴώȿὼ

To predict ὴώȿὼӊ

ÅGenerative models
ÅAssume some functional form for ὴώ, ὴὼȿώ

ÅEstimate parameters of ὴώ, ὴὼȿώ directly from training data

ÅUse Bayes rule to calculate ὴώȿὼ

ÅDiscriminative models
ÅAssume some functional form for ὴώȿὼ

ÅEstimate parameters of ὴώὼ directly from training data

18NPFL123 L5 2022 https://medium.com/@mlengineer/generative-and-discriminative-models-af5637a66a3

they get the 
same thing, but 
in different ways

https://medium.com/@mlengineer/generative-and-discriminative-models-af5637a66a3


Example: elephants vs. dogs

ÅDiscriminative :
Åestablish decision boundary (~find distinctive features)

Åclassification: just check on which side we are

ÅGenerative
Å~ 2 models ӝwhat elephants & dogs look like

Åclassification: match against the two models

ÅDiscriminative ӝtypically better results

ÅGenerative ӝmight be more robust, more versatile
Åe.g. predicting the other way, actually generating likely ὼȟώӒM

Generative vs. Discriminative Models

19NPFL123 L5 2022

?

http://cs229.stanford.edu/notes/cs229-notes2.pdf

http://cs229.stanford.edu/notes/cs229-notes2.pdf


Naïve Generative Belief Tracking

ÅUsing the HMM model
Åestimate the transition & observation probabilities from data

ÅProblem: too many states
Å?ӆAӆ ґҐ MFINMӇ ґҐ P;FO?M ?;=B Ἇ ρπ distinct states ӝintractable

ÅSolutions:
Åonly track stuff that appeared in NLU

Åonly track ὲmost probable (beam)

Åmerge similar states

Åpartition the state ӝassume slots are independent, use per-slot beliefs
Åstate Ἳ ίȟȣί ,  belief ὦἻ Бὦί

20

ὦί
ρ

ὤ
ὴέί

ᶰ

ὴίὥ ȟί ὦί

transition probabilityobservation probability previous belief



Generative BT: Parameter Tying

ÅPer-slot: ὦί В
ȟ
ὴέȿίὴίὥ ȟί ὦί

ÅFurther simplification: tie most parameters
Åestimates from data are unreliable anyway Ἇ basically uses 2 parameters only J

21NPFL123 L5 20221

ὴίὥ ȟί

— if ί ί

Π
otherwise

ὴέί

—ὴέ if έ ί

Π
ὴέ otherwise

—ự ӓLCAC>CNSӔ Ө<C;M @IL E??JCHA JL?PCIOM P;FO?MөӇ
otherwise all value changes have the same probability

— ~ confidence in NLU

ὴέ = NLU output

i.e. believe in value given by NLU with — , 
distribute rest of probability equally(įCFE;et al., 2013)

https://www.aclweb.org/anthology/W13-4070/

transition probabilities: observation probabilities:

transition probabilityobservation probability previous belief

Ὥ-th slot

https://www.aclweb.org/anthology/W13-4070/


Basic Discriminative Belief Tracker

ÅBased on the previous model
Åsame slot independence assumption

ÅEven simpler ӝӓ;FQ;SM NLOMN NB? .,5Ӕ
Åthis makes it parameter-free

Åӊ;H> ECH>; LOF?-based

Åbut very fast, with reasonable performance

22NPFL123 L5 2022

ὦί

ȟ

ὴίὥ ȟί ȟέ ὦί
update
rule:

discriminative
model

ὴίὥ ȟί ȟέ

ὴέ if ί έ έ᷈

ὴέ if ί ί έ᷈

πotherwise

ὦί
ί : ὴί ὴέ

else: ὴέ ί ὴέ ὴί ί

user silent about slot Ὥ

substitution

the rule is now deterministic

(įCFE;et al., 2013)
https://www.aclweb.org/anthology/W13-4070/

ӓHI =B;HA?Ӕ

ӓOM?L G?HNCIH?> NBCM P;FO?Ӕ

NLU output

ӓHIN G?HNCIH?> ?;LFC?LӔӓHIN G?HNCIH?> HIQӔӓHOFF P;FO?Ӕ

ӓG?HNCIH?> HIQӔӓ=;LLS-IP?LӔӓHIH-HOFFӔ

https://www.aclweb.org/anthology/W13-4070/


Tracker types

ÅGenerative trackers ӝneed many assumptions to be tractable
Åcannot exploit arbitrary features 

Åӊ IL NB?S =;HӇ <ON HIN C@ Q? Q;HN NI E??J NB?G NL;=N;<F?

Åoften use handcrafted parameters

Åӊ G;S JLI>O=? OHL?FC;<F? ?MNCG;N?M

ÅDiscriminative trackers ӝcan use any features from dialogue history
Åparameters estimated from data more easily

Ågenerally used nowadays

ÅGeneral distinction
Åstatic models ӝencode whole history into features

Ådynamic/sequence models ӝexplicitly model dialogue as sequential

23NPFL123 L5 2022

(Williams, 2012) https://ieeexplore.ieee.org/document/6424197

x

https://ieeexplore.ieee.org/document/6424197


Static Discriminative Trackers

ÅGenerally predict  ὴίέȟὥȟȣȟὥ ȟέ
Å;HS ECH> I@ =F;MMC@C?L Ө36-Ӈ ,2ӊө

Åneed fixed feature vector from έȟὥȟȣȟὥ ȟέ(where ὸis arbitrary)
Åcurrent turn, cumulative, sliding window

Åper-value features & tying weightsӝsome values are too rare

ÅGlobal feature examples:
ÅNLU n-best size, entropy, lengths (current turn, cumulative)

ÅASR scores

ÅPer-value ὺexamples:
Årank & score of hypo with ὺon current NLU n-best + diff vs. top-scoring hypo

Å# times ὺappeared so far, sum/average confidence of that

Å# negations/confirmations of ὺso far

Åreliability of NLU predicting ὺon held-out data
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(Metallinouet al., 2013) https://www.aclweb.org/anthology/P13-1046

https://www.aclweb.org/anthology/P13-1046


Dynamic Discriminative Trackers

ÅDialogue as a sequence ὴίȟȣίȿέȟȣέ

ÅCRFmodels
Åsimilar features as static

Åfeature value: NLU score for the given thing (e.g. DA type + slot + value)

Åtarget: per-slot BIO coding

25NPFL123 L5 2022 (Kim & Banchs, 2014)https://www.aclweb.org/anthology/W14-4345

food

phone

method
constraints,
alternatives,
finished

Persian, Portuguese

https://www.aclweb.org/anthology/W14-4345

