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Dialogue Design

• Global design decisions: 
– Specify a set of dialogue states S, the State Space

– Specify a set of possible system actions, the Actions Set

– Range of possible actions A that can be in principle carried out in a state 
s.

• Dialogue strategy:
– Specify a dialogue strategy or  dialogue policy p, which defines an action 

aÎA of the dialogue system for each possible dialogue state sÎS.

– p: S ® A

• The principal problem of dialogue design:
– Find a policy p which is optimal with respect to the purposes of the 

dialogue.
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ß¹»²¬
Ëæ ­¬ô ±¬õï à ­¬õï

p: ­¬õï à ¿¬õï

Û²ª·®±²³»²¬

Ñ¾­»®ª¿¬·±²æ ±¬õï ß½¬·±²æ ¿¬

A simple model for a decision 
process

• The agent interacts with a stochastic environment:

– At time t, it carries out an action ¿¬, which (non-deterministically) 
influences the subsequent behaviour of the environment.

– It observes behaviour ±¬ of the environment, which (deterministically) 
leads to an update of the state: 

Ëø­¬ô ±¬õï÷ã ­¬õï

– According to strategy p, it (deterministically) selects and carries out an 
action ­¬õï

pø­¬õï÷ã ¿¬õï
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Simple model - further simplified

• The environment is everything which is outside the immediate access 
of the agent.

• The state is not the real state of the environment, but represents the 
agent‘s view of the environment (its „context model“). 

• This allows to assume a deterministic update function, and to simplify 
the scheme by assuming that th new state is directly observed.

ß¹»²¬
p: ­¬õï à ¿¬õï

Û²ª·®±²³»²¬

Í¬¿¬»æ ­¬õï ß½¬·±²æ ¿¬
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Dialogue as a decision process

• States: Atomic states in simple  finite-automaton dialogue models, in more 
elaborate models, e.g. ISU, defined by the current statur of a finite number of 
predefined state variables:

– Task-level information like features for filled and confirmed slots in information-
seeking dialogue.

– Current user input information, like user‘s dialogue act, and ASR convidence 
values

– Information about user,e.g., user expertise, preferences, beliefs
– Information about dialogue history

• Actions: Dialogue moves, typically specified on an abstract level by:
– a set of speech/dialogue act types: „request_info“, „implicit confirm“, „present_info“
– A slot name (e.g.: „time of-departure“, „genre“)
– A slot value
– Example: „implicit_confirm genre: rock“

• Environment: Includes everything that is not in direct control of the dialogue 
manager, including the user, the general situation (noise, distraction), the 
ASR system.
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An Example

ß¹»²¬
p: ­¬õï à ¿¬õï

Û²ª·®±²³»²¬

Í¬¿¬» ­¬æ

ß½¬·±² ¿¬æ

¹»²®»æ ®±½µ
¿®¬·­¬æ º¿´­»
¹»²®»Á½±²ºæ º¿´­»
¿®¬·­¬Á½±²ºæ º¿´­»

Í¬¿¬» ­¬õïæ

¹»²®»æ ®±½µ
¿®¬·­¬æ ³¿¼±²²¿
¹»²®»Á½±²ºæ ¬®«»
¿®¬·­¬Á½±²ºæ º¿´­»

×³°´·½·¬Á½±²º ¹»²®»æ ®±½µ
request_info artist: ?
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Markov Decision Process (MDP)

‹ Ð¿®¬ ±º ¬¸» ­°»½·º·½ ¼·¿´±¹«» °±´·½§ «­»¼ ·² ¬¸·­ »¨¿³°´» ³·¹¸¬ ¾» ¿ 
®«´» ´·µ»æ 
Š œ×º ¿ ­´±¬ ª¿´«» ·­ º·´´»¼ ¾«¬ «²½±²º·®³»¼ô ¿²¼ ¬¸»®» ¿®» º«®¬¸»® «²º·´´»¼ ­´±¬ 

ª¿´«»­ô ­»´»½¬ ¿² «¬¬»®¿²½» ¬¸¿¬ ¿­µ­ º±® ·²º±®³¿¬·±² ¿¾±«¬ ¬¸» ²»¨¬ ­´±¬ô 
¿¬ ¬¸» ­¿³» ¬·³» ·³°´½·¬´§ ½±²º·®³·²¹ ¬¸» º·´´»¼ ±²»•ò

Š Þ§ ©¸·½¸ ¿®¬·­¬ ¼± §±« ©¿²¬ ¬± ¸»¿® ¿ ®±½µ ­±²¹á
‹ Ø±© ¼± ©» »ª¿´«¿¬» ¿ ­°»½·º·½ °±´·½§á Ø±© ¼± ©» ¹»¬ ¿¬ ¬¸» ±°¬·³¿´ 

°±´·½§á
‹ Ì¸» ²»¨¬ ­¬»° ¬± ¬¸» ¿²­©»® ·­ œÓ¿®µ±ª Ü»½·­·±² Ð®±½»­­»­•
‹ ÓÜÐ­ »¨¬»²¼ ¬¸» ­·³°´» ³±¼»´ ´±±µ»¼ ¿¬ ­± º¿® ¾§ 

Š ß ­¬¿¬» ¬®¿²­·¬·±² º«²½¬·±²ô ¹·ª·²¹ ¿ °®±¾¿¾·´·­¬·½ ³±¼»´ º±® ¬¸» ¼§²¿³·½­ 
±º ¬¸» »²ª·®±²³»²¬

Š ß ®»©¿®¼ º«²½¬·±²ô ¹·ª·²¹ º»»¼¾¿½µ ¿¾±«¬ ¬¸» ¿¼ª¿²¬¿¹» ±º ¿² ¿½¬·±² ¿²¼ 
·¬­ ®»­«´¬·²¹ ­¬¿¬»ò 
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Markov Decision Processes (MDP)

Extension of a simple decision process by:
• State transition function : S´A´S®[0,1]

– (s, a, s‘) = (s‘|a, s), the probability that action a causes the environment to 
change from s to s‘.

• Reward function : 
– (s, a) is a real number, specifying the expected advantage  of reaching state s 

through action a

ß¹»²¬
p: ­¬õï à ¿¬õï

Û²ª·®±²³»²¬
Ðø­¬õï¤ ¿¬ ô­¬ ÷

Í¬¿¬»æ ­¬õï ß½¬·±²æ ¿¬Î»©¿®¼æ 
®¬õïã (s, a)
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An example: Elevator dialogue

Íð

Íï ÍïP

Íõ

Íó

Íî ÍîP

·²º±
·²º±

·²º±

½±²º

½±²º

½±²º

½±²º

¹±¹±

¹±

¹±

¹±

¹± ¹±
¹±
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‹ Í·³°´» Ü»½·­·±² Ð®±½»­­æ Ì¸» »²ª·®±²³»²¬•­ ¾»¸¿ª·±«® ½¿² ¾»
³±¼»´´»¼ ¿­ ¿ ²±²ó¼»¬»®³·²·­¬·½ º·²·¬» ¿«¬±³¿¬±²ò 

‹ ß¹»²¬•­ ¿½¬·±²­ ¿®» ·²°«¬ ­§³¾±´­ò Ì®¿²­·¬·±²­ ¹·ª» °±­­·¾´» ø²±²ó
¼»¬»®³·²·­¬·½÷ »²ª·®±²³»²¬­ ®»¿½¬·±²­ò

‹ Ñ² ¬¸» °®»ª·±«­ ­´·¼» §±« ­»» ¿ ³±¼»´ ±º ¿ ­·³°´» »´»ª¿¬±® ¼·¿´±¹«»æ
Š Ì©± º´±±®­
Š Ì¸®»» ¿ª¿·´¿¾´» ¼·¿´±¹«» ¿½¬­æ

‹ ×²º±®³¿¬·±² Î»¯«»­¬æ œÉ¸·½¸ º´±±® ¼± §±« ©¿²¬ ¬± ¹±á•
‹ Ý±²º·®³¿¬·±²æ œ×­ ¨¬¸ º´±±® ½±®®»½¬á•
‹ Ý±³³¿²¼ ¬± »´»ª¿¬±® ¼®·ª»®

Š Í»ª»² ­¬¿¬»­æ 
‹ ×²·¬·¿´ øÍð÷
‹ Ë­»® ©¿²¬­ º´±±® ¨ ó «²½±³º·®³»¼ øÍïô Íî÷
‹ Ú´±±® ¨ ó ½±³º·®³»¼ øÍïP, ÍîP)
• Correct/incorrect command executed (S+, S-)
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Adding weights 

Íð
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Adding immediate rewards

Íð
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Ø»®»ô ®»©¿®¼ ª¿´«»­ ¿®» ¿­­·¹²»¼ ¿½½±®¼·²¹ ¬± ½±²­·¼»®¿¬·±²­ ¿¾±«¬ ©¸¿¬ ³·¹¸¬ 
¿ºº»½¬ ¼·¿´±¹«» ¯«¿´·¬§æ
Û¿½¸ ³±ª» ³¿µ»­ ¼·¿´±¹«» ´±²¹»®æ Î»©¿®¼ óï
Î»½±¹²·¬·±² º¿·´«®»­ ¿®» «²°´»¿­¿²¬æ Î»©¿®¼ óí
Ú·²¿´ ¬¿­µ ­«½½»­­ ·­ º·²»æ Î»©¿®¼ õïð
Ú·²¿´ ¬¿­µ º¿·´«®» ·­ ª»®§ ¿²²±§·²¹æ Î»©¿®¼ óîð
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Learning the optimal policy p

• The immediate reward can be used to directly 
learn successful dialogue behaviour.

• But the best solution of a task as a whole may not 
be achieved by selecting locally best decisions. 

• Global quality measures (like PARADISE) are not 
easily translatable into local design decisions.

• A solution to the question of how to combine local 
and global quality measures/rewards to improve 
strategy design is Reinforcement Learning.
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Immediate and Cumulative Reward

• The reward function r(s, a) gives the immediate reward for 
every state and action, standing for its intrinsic 
desirability.

• The cumulative reward of an individual interaction:
– (<s1, a1, s2, a2, s3, a3, …>) = r(s1, a1) + g r(s2, a2) + g2 r(s3, a3) + ...

– g is a discount factor between 0 and 1, intended to model the fact that 
imediate rewards are potentially more important for a decision than those 
received in a more distant future. 

– g=0: cumulative reward is immediate reward
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‹ Ì¸» »¨°»½¬»¼ ®»¬«®² ±º ¬¿µ·²¹ ¿½¬·±² ¿ ·² ¿ ¹·ª»² ­¬¿¬» ­ ¿²¼ º±´´±©·²¹ p ¬¸»®¿º¬»® ·­ 
©®·¬¬»² ¿­             ¿²¼ ¼»º·²»¼ ¾§æ

‹ ×¬ ·­ ½±³°«¬»¼ ¿­ ¬¸» ­«³ ±º ¬¸» ·³³»¼·¿¬» ®»©¿®¼ ¿²¼ ¬¸» ¼·­½±«²¬»¼ ­«³ ±º ¬¸» 
ª¿´«»­ º±® °±­­·¾´» ®»­«´¬ ­¬¿¬»­ô ©»·¹¸¬»¼ ¾§ ¬¸» °®±¾¿¾·´·¬§ ±º ¬¸»­» ­¬¿¬»­ ø¹·ª»² ­
¿²¼ ¿÷ò

‹ Ì¸» ª¿´«» ±º ¿ ®»­«´¬ ­¬¿¬» ·­ ½±³°«¬»¼ «²¼»® ¬¸» ¿­­«³°¬·±² ¬¸¿¬ ±°¬·³¿´ ¿½¬·±² ·­ 
¬¿µ»² ¾§ ¬¸» ¿¹»²¬ò

‹ Î»·²º±®½»³»²¬ ´»¿®²·²¹ º±® ¼·¿´±¹«» ¬§°·½¿´´§ ­»¬­ ¬¸» ¼·­½±«²¬ º¿½¬±® g ¬± ï ø±® ½´±­» ¬± 
±²»÷ò 

‹ Ì¸» ±°¬·³¿´ °±´·½§ ·­ ¼»­½®·¾»¼ ¾§ ¬¸» œÞ»´´³¿²² ±°¬·³¿´·¬§ »¯«¿¬·±²•æ

‹ ×¬ ½¿² ¾» »ºº»½¬·ª»´§ ½±³°«¬»¼ ·º º«´´ µ²±©´»¼¹» ±º ¬¸» ¼§²¿³·½­ ±º ­¬¿¬» ¬®¿²­·¬·±² ·­ 
¿ª¿·´¿¾´»ò

‹ ×² °®¿½¬·½¿´ ¿°°´·½¿¬·±²­ô ¸»«®·­¬·½ ¿´¹±®·¬¸³­ ¿®» ±º¬»² «­»¼ ¬± ¿°°®±¨·³¿¬» 
¬¸» Ïóº«²½¬·±²ò  

Ï ­ô¿( )= Ð ­ù ¤ ­ô¿( )
­ù ÎÍ

å *Å®ø­ùô¿÷ + * ³¿¨
¿ ùÎß

Ï ­ùô¿ù( )Ã

Expected Cumulative Reward

Ï ­ô¿( )

Ï* ­ô¿( )= Ð ­ù ¤ ­ô¿( )
­ùÎÍ

å *Å®ø­ùô¿÷ + * ³¿¨
¿ ùÎß

Ï* ­ùô¿ù( )Ã
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Reinforcement learning
• Agent‘s knowledge about the environment‘s behaviour is 

encoded in a weighted finite automaton (see earlier slide), 
whose transition probabilities are obtained from a 
dialogue corpus taken from HMI or WoZ experiments.

• This knowedge can be used in two different ways:
– Offline computation of the optimal Q-function, using Bellmann 

equation --> Model-based Reinforcement learning

– Simulation of an artificial user --> Simulation-based 
Reinforcement learning
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Model-based RL

• Produce a dialogue corpus by HMI or WoZ experiments
• Let subjects evaluate with questionnaire (SASSI, PARADISE), take 

results as final rewards.
• Compute state transition probabilities (the function) from the corpus
• Compute the optimal -value offline on the basis of state transition 

model and rewards
• Advantages:

– Realistic data through real dialogue logging and user evaluation
– The obtained policy is guaranteed to be optimal w.r.t. the data

• Disadvantages:
– Computation may be very time-consuming
– Sparse data: Too few observed transitions for a reliable estimation of 

state transition probabilities for dialogue models of realistic size.
– Only observed state-action combinations can be expored: No exploration 

of novel strategies, no guarantee that the optimal strategy occurs in the 
data.  
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Simulation-based RL

• Learning through simulation of (large numbers of) 
dialogues.

• Also based on transition probabilities computed on the 
basis of a dialogue corpus. 

• These are not used for direct computation of Q-value, but 
for simulating environment behaviour/an artificial user. 

• Conduct a large number of simulated dialogues
• Use utterances from simulated user
• After each system action, compute an expected reward 

for the state/action pair
• Repeated updating “optimises” the policy.
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Policy Representation

• We maintain a table of Q-values: expected rewards for state/action 
pairs.

• The dialogue strategy for a given state is then the action with the 
highest Q-value (highlighted in the above table).

• The result of RL will be an optimised Q-value table, from which the 
optimal strategy can be read off.

• For the learning process, Q-values are either set to an arbitrary value 
(e.g., 0), or randomly initialised.

8.75-5,35-7.00a3

0.524.132.22a2

0.000.001.75a1

s3s2s1
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The Basic Q-learning Cycle

Æ«® ß²¦»·¹» ©·®¼ ¼»® Ï«·½µÌ·³»‡ 
Ü»µ±³°®»­­±® œÌ×ÚÚ øË²µ±³°®·³·»®¬÷• 

¾»²*¬·¹¬ò
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Q-Learning Algorirhm: An example
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‹Í»¬ ­ ¬± Íð
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Example Cont‘d
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‹Ý¸±±­» ¿½¬·±² º®±³ Íð 
Ø Ñ²´§ ¿ª¿·´¿¾´» ¿½¬·±² ·­ ·²º±

‹Ì¿µ» ¬¸» ¿½¬·±²ô ±¾­»®ª» ®»­«´¬·²¹ ­¬¿¬» ­• ¿²¼ ®»©¿®¼ ®ò
Ø ­• ¸¿°°»²­ ¬± ¾» Íïø½¸¿²½» ±º íðû÷ô ®ã óï

0.000.000.00go

0.000.000.00conf

0.000.000.00info

S1PS1S0

23
Language Technology II, Summer 2008 w Manfred Pinkal

Example Cont‘d
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Ï ­ô¿( ) æ= Ï ­ô¿( )+ * ® + * ³¿¨
¿ ùÎß

Ï ­ùô¿ù( )-Ï ­ô¿( )( )
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The -Learning Formula

• General scheme is:

– The Q-estimate for state s and action a is set to the weighted sum of the 
old estimate and the Target.

– The target is composed of the observed immediate reward r and the Q-
value for the best choice of an action on state s‘, where „best choice“ 
means optimal choice w.r.to the current Q-estimates of the Q-table.

– The target is weighted with a discount factor, which we will set to 1 and 
thus ignore in the further course of the example computation.

– The step-size parameter a specifies the relative weight  of the new 
observation, compared to the currently existing old estimate. It is typically 
set to a rather high value in the beginning of the learning experiment, and 
becomes consistently smaller, due to the fact that the estimate becomes 
more and more stable and reliable in the course of the experiment.

Ï ­ô¿( )æ= ï-( )*Ï ­ô¿( )+ * ® + * ³¿¨
¿ ùÎß

Ï ­ùô¿ù( )( )
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‹Ý±³°«¬» ²»© Ïó»­¬·³¿¬» º±® ÏøÍðô ·²º±÷

Example Cont‘d
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Example Cont‘d
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Example Cont‘d

Íð

Íï ÍïP

Íõ

Íó

Íî ÍîP

·²º±ñðòîñóí
·²º±ñðòíñóï

¹±ñðòèñïð

·²º±ñðòëñóï

½±²ºñðòíñóí

½±²ºñðòîñóí

½±²ºñðòèñóï

½±²ºñðòéñóï

¹±ñðòíñóîð
¹±ñðòîñóîð

¹±ñðòéñïð

¹±ñðòèñïð
¹±ñðòçñïð

¹±ñðòîñóîð

¹±ñðòïñóîð

‹Ý¸±±­» ¿½¬·±² º®±³ Íï 
Ø ß½¬·±² ½¸±­»² ·­æ ½±²º
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Example Cont‘d
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¹±ñðòîñóîð

¹±ñðòéñïð

¹±ñðòèñïð
¹±ñðòçñïð

¹±ñðòîñóîð

¹±ñðòïñóîð

0.000.000.00go

0.00-0.50.00conf

0.000.00-0.5info

S1PS1S0
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Example Cont‘d

Íð

Íï ÍïP

Íõ

Íó

Íî ÍîP

·²º±ñðòîñóí
·²º±ñðòíñóï

¹±ñðòèñïð

·²º±ñðòëñóï

½±²ºñðòíñóí

½±²ºñðòîñóí

½±²ºñðòèñóï

½±²ºñðòéñóï

¹±ñðòíñóîð
¹±ñðòîñóîð

¹±ñðòéñïð

¹±ñðòèñïð
¹±ñðòçñïð

¹±ñðòîñóîð

¹±ñðòïñóîð

+5.00.000.00go

0.00-0.50.00conf

0.000.00-0.5info

S1PS1S0
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è 
ç ö 

ø 
÷ 

= ð + ðôë* ïð + ð( )= ë

‹Ý¸±±­» ¿½¬·±² º®±³ Íïªæ ¹±
‹Ì¿µ» ¿½¬·±²ô ±¾­»®ª» ®»­«´¬·²¹ ­¬¿¬» ­•øÍõ÷ ¿²¼ ®»©¿®¼ ® øõïð÷ò
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Example Cont‘d

Íð

Íï ÍïP

Íõ

Íó

Íî ÍîP

·²º±ñðòîñóí
·²º±ñðòíñóï

¹±ñðòèñïð

·²º±ñðòëñóï

½±²ºñðòíñóí

½±²ºñðòîñóí

½±²ºñðòèñóï

½±²ºñðòéñóï

¹±ñðòíñóîð
¹±ñðòîñóîð

¹±ñðòéñïð

¹±ñðòèñïð
¹±ñðòçñïð

¹±ñðòîñóîð

¹±ñðòïñóîð

7.500.000.00go

0.001.750.00conf

0.000.00-0.75info

S1PS1S0

‹×º ¬¸» ­»½±²¼ ¿²¼ ¬¸·®¼ ©¿´µ ¬¸®±«¹¸ ¬¸» ¼·¿´±¹«» ¿®» ·¼»²¬·½¿´ ¬± ¬¸» 
º·®­¬ ±²» ø·ò»òô ·º ¬¸» ­§­¬»³ ­»´»½¬­ ¬¸» ­¿³» ¿½¬·±²­ô ¿² ¬¸» 
»²ª·®±²³»²¬ ¸¿°°»²­ ¬± ®»¿½¬ ·² ¬¸» ­¿³» ©¿§÷ô ¬¸» Ïó¬¿¾´» ·­ 
«°¼¿¬»¼ ¿­ ½¿² ¾» ­»»² ¾»´±©ò

8.750.000.00go

0.004.130.00conf

0.000.000.00info

S1PS1S0
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Example Cont‘d

Íð

Íï ÍïP

Íõ

Íó

Íî ÍîP

·²º±ñðòîñóí
·²º±ñðòíñóï

¹±ñðòèñïð

·²º±ñðòëñóï

½±²ºñðòíñóí

½±²ºñðòîñóí

½±²ºñðòèñóï

½±²ºñðòéñóï

¹±ñðòíñóîð
¹±ñðòîñóîð

¹±ñðòéñïð

¹±ñðòèñïð
¹±ñðòçñïð

¹±ñðòîñóîð

¹±ñðòïñóîð

‹Ò±©ô ´»¬ ¬¸» ­§­¬»³ ¬®§ ¿ ¼·®»½¬ô «²½±²º·®³»¼ ¹±æ
¬¸» »²ª·®±²³»²¬­ ®»¿½¬·±² ®»¿½¬·±² øßÍÎ º¿·´«®»÷ ³¿§ ´»¿¼ ¬± ¿ º¿´­» 

¼»­¬·²¿¬·±² ¬®·° ±º ¬¸» »´»ª¿¬±®ò

8.75-100.00go

0.004.130.00conf

0.000.001.75info

S1PS1S0
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Example Cont‘d

Íð

Íï ÍïP

Íõ

Íó

Íî ÍîP

·²º±ñðòîñóí
·²º±ñðòíñóï

¹±ñðòèñïð

·²º±ñðòëñóï

½±²ºñðòíñóí

½±²ºñðòîñóí

½±²ºñðòèñóï

½±²ºñðòéñóï

¹±ñðòíñóîð
¹±ñðòîñóîð

¹±ñðòéñïð

¹±ñðòèñïð
¹±ñðòçñïð

¹±ñðòîñóîð

¹±ñðòïñóîð

‹Þ«¬ ½¿«¬·±«­ ª»®­·±² ©·¬¸ ½±²º·®³¿¬·±² ³¿§ ¿´­± º¿·´ òòò
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Exaple for a Policy Learning Curve 

An experiment with 8,000 dialogues
(From Verena Rieser‘s Dissertation)

Æ«® ß²¦»·¹» ©·®¼ ¼»® Ï«·½µÌ·³»‡ 
Ü»µ±³°®»­­±® œÌ×ÚÚ øË²µ±³°®·³·»®¬÷• 

¾»²*¬·¹¬ò
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Simulation-based RL

• Advantages:
– Allows exhaustive exploration of the space of possible policies
– Allows exploration of completely novel strategies
– Some global design decisions (state space, action set) can be 

changed without great effort.

• Problems:
– Quality of learning strategy depends on quality of simulated 

environment.
– Reward function must be explicitly constructed.
– User simulation is based on n-gram probabilities: Global 

incoherence of simulated user behaviour not excluded
– Is the optimal strategy gained from simulation experiments also 

optimal for real users?
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How realistic is RL for dialogue?

• A general problem for all dialogue learning methods is the 
large state space (exponentially growing with number of 
features/dimensions)

• So far, RL methods are not straightforwardly applicable 
for the design of dialogue systems with realistic 
complexity.

• Methods to get around the complexity trap:
– State space reduction (e.g., linear function approximation)

– Hierarchical Learning

– „Sub-Stragtegy Learning“: Handcode most of the policy, and 
leave only special difficult design decisions for automatic 
optimisation


