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Abstract—Most applications of Reinforcement Learning (RL) Hence, as a first step, we use an artificial negotiation tagdk an
for dialogue have focused on slot-filling tasks. In this papewe  artificial users. For this task, we find that we are able torlear
explore a task that requires negotiation, in which conversats good (if not optimal) system policy for solving the negdtiat

need to exchange information in order to decide on a good - ; .
solution. We investigate what information should be inclueéd task. We achieved this by having the RL state keep track of

in the system’s RL state so that an optimal policy can be leared  the process by which the solution was arrived. First, we keep
and so that the state space stays reasonable in size. We prepo compact list of the key decisions that were made. Second, we

keeping track of the decisions that the system has made, anding  restrict the system’s future actions to be consistent witise
them to constrain the system’s future behavior in the dialoge. In - yaisions. In our experiments, we show how well our solution
this way, we can .composmonally represent the strategy thathe d for k ina th b f state-acti . bl
system is employing. We show that this approach is able to lea C0€S TOr KEEPING th€ number ot state-aclion pairs managea
a good policy for the task. This work is a first step to a more and the detriment of using alternative state representatio
general exploration of applying RL to negotiation dialogues. Although our results are for an artificial domain with
artificial users, we feel that the manner in which the RL state
tracks how negotiation process will apply to real negatiati
Reinforcement Learning (RL) is becoming a popular tool faasks with actual users.
building dialogue managers. In this approach, one spedcifies
of the different states that the dialogue manager can bdlin, a Il. REINFORCEMENTLEARNING
of the different actions it can perform, and a cost functimait RL learns a dialogue policy by determining what action is
specifies how good a dialogue is. One also gives it a modellmdst for each possible state. It does this by estimafinglues
how the user behaves. RL then determineigdogue policy for each state-action paira, which is the cost of getting to
what action is best to perform in each dialogue state. the final state from state initially using actiona, and then
RL has mainly been used for system-initiative form-fillingollowing the current policy. RL starts with an initial po},
dialogues (i.e., [1], [2], [3]). In these dialogues, theteys and runs large numbers of dialogue simulations in which it
asks the user values for a number of slots. There might alsoibterleaves estimating th@ values with refining the policy.
speech recognition errors. The system needs to decide whiciihe state space used by RL does not have to comprise all
parameters to ask, what order to ask them in, and which omédhe different knowledge states of the system. Most resear
(if any) to confirm. For such tasks, it is easy to specify thia applying RL to dialogue distinguishes between the full
state of the system, as it can simply capture whether eath $#lnowledge of the system, and a smaller number of states that
has been asked, and whether its value has been confirmeds used by RL (i.e., [2], [4], [5]). The full and the RL state
Our long term goal is to expand the use of RL to morspaces are often defined by a set of variables and the differen
complex tasks, such as negotiation dialogues, in which thembinations of values that the variables can have. Thus the
system and the user need to exchange information in ordeiRb state space is usually defined by a subset of the variables
decide on a good solution. The information though, unlike ithat define the system’s full knowlege [5].
a form-filling dialogue, is not part of the final solution. @iv In this paper, we focus on how the RL state space should be
the indirect role that information exchange plays, how do werafted. On the one hand, we need to ensure that the number of
represent it as part of the state of the system? We needstate-action pairs does not explode. In fact, we want to keep
capture enough details about how information was exchangbd number of RL states as small as possible. Fewer states
and how the solution was arrived at so that we can rewamkans there will be fewap values to estimate, which should
strategies that result in good solutions and penalizeegfied allow the optimal policy to be learned with less training.
that result in bad solutions. We also need to ensure that theOn the other hand, the RL state space cannot be too small.
number of state-action pairs does not explode. First, RL needs to determine the best action for each state.
Setting up an actual system to perform a negotiation tagls each state can only specify a single action, the statesneed
with real users is extremely time consuming. Furthermort be detailed enough so that the same action is appropriate
it introduces a number of tangential issues, such as speéwhthe entire state. In other words, the RL state needs to
recognition performance, parsing, and semantic intesiogt. include any variables that might be used in deciding which

I. INTRODUCTION
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action to perform next. We refer to these astion-decision IV. FURNITURE LAYOUT TASK
variables We feel that dialogue designers can often identify We use the furniture layout task [7], [8], which is based on

these varia_bles when setting up a die_llogue pro_blgm for I?Lthle DesignWorld task [9]. We use this task as it has been used
Second, in order to ensure that RL is able to find an optimg past studies and requires agents to share information and

solution, the states mus_t satisfy the two Markov Dec's'o&eate a joint plan, which lends itself to rich dialogue héba
Process (MDP) assumptions.

Pr(si+1|siai) = Pr(si+1|sla1 ce siai) (1) A. Task DeSCfiption

Pr(cilsiai) = Pr(cisia...s:a;) (2) The task requires two agents to agree on five furniture items t
The first assumption is that the probability of the next stafgace in a room. Both agents know all the furniture items that
depends only on the previous state and on what action wah be chosen, which differ by color, type and value between
taken in that state, and does not depend on any of the stdtesnd 20. Each agent also has private preferences about which
or actions prior to that. The second assumption is that thtems it wants in the room; such as “if there is a red couch,
cost of transitioning to the next state only depends on theere should also be a lamp.” Each preference has a penalty
previous state and action, and not on any of the previoussstatetween 1 and 20. The agents have the joint goal of finding
or actions. Thus, if two sequences of actions, gay.a; and five items that have the highest score, where the score is the
ay...a’;, have different expected costs to get to the finish staym of the values of the five items less the penalties for each
the two action sequences should result in two differenestatviolated preference of either agent.
We refer to any variable that is needed to meet the secondrhe agents can do the following actionsRdPOSE Ac-
MDP assumption, other than the action-decision varialaes, cepT, REJECT, INFORM, and RELEASE TURN.D If no item
a bookkeeping variablelt is these variables that are difficulthas been proposed, either agent emoPosEean item, which
to determine when setting up a dialogue problem in Rlmakes that item the current proposal. If there is a current
especially negotation dialogues. proposal, the agent who did not propose it caocAPT it.
Either agent can RIECT it. Accepting an item results in

[1l. RELATED WORK : O . 4 .
that item being included in the solution and removes it as

A numb(_ar of researche_r; have apphlecli-Rll_ to Iearn. the SMie current proposal. Rejecting an item removes it as the
tem behavior for a form-filling system-initiative task (id], ., rent proposal, but it still remains a valid choice foruft

[2], [3]). For these task;, the representation of th_e syste roposals. In addition to accepting or rejecting a propdbkal
state has been very straight-forward. For each slot in tha,fo

, that preference becomes mutuallwkno

the user is adamant about its value, and whether the value F—‘ﬁ?‘turn-taking we include the actioreEREASE TURN. which
_been confirmed or not. For a given value of the statg variablﬁe agent that currently has the turn can perform to sigradl th
it does not matter how the system got to that point, as tri’t,eis relinquishing the turn (cf. [11]). The inclusion of hi

cost to the end of the dialogue only depends on the Systen Sion allows agents to perform multiple actions in a rovehsu

knowledge of the slots. With such a state representatioogl go(,il]S several informs followed by a reject.

policies can be _Iearneq. Thus: f[he varlables needed for t he agents also do the following domain reasoning. First,
RL state are mal_nly action-decision variables, and few if a5 determine which item to propose, the agents use a greedy
baokkeeping variables are needed. - . algorithm: it picks the item that, if added to the items atedp
ane we move away from slot-fll_hr_wg dialogues, charag far, results in the lowest score for the items. The score is
terizing the state becomes more difficult. Walker [6] use omputed as the sum of the items’ values less any penalties

RL to Iedarn th.? Isllalcr)]gu]? rf)ollcy of ab sr)]/stgm _thﬁt Zelpzﬁl m any violated preferences that the agent knows about.
aser rea t?]ma" ¢ uch o tﬁSySt%mt ehavior 1S bar 'io cond, to determine which violated preference to inform
OWEevVer, the System can choose between a number of w %ut, the agent first determines which item it would have
.Of. !ntgractlng W'th the user, Su.Ch as whether It uses SyStqur'oposed, and then determines which preferences areadbolat
|p|t|at|ve (Teq““ts.“.”g. specn‘lf: pieces of information Qrteaa by the proposed item that are not violated by its choice.dhth
time) or mlxed-{nltlat|ve (_askmg an open-gnded questothe chooses the violated preference that has the highest penalt
user). The choice for this option determines how the systel | is not known by the other agent
:Jherlat\\r/]es ovter a nu(rjnbe:\rrhof s'Fatgs. Il_n aII,_ttE?rr]_e were 3 ch0||ce]¢:0r this paper, we added several additional restrictions to
arihe system made. Thus, In deaiing wi IS MOre COMPIEK: furniture task. We purposely made the behavior of the use

domain, a lot of the system behavior was hard-coded. : ; .
T . \ . e simple so as to focus on learning the system behavior. The
What is interesting about Walker’s work is that she had REser always goes first. The user always proposes, while the

ke e sl lrcomponen of e ot SUeghiem aays o, efects and accept. So 4 o i
o infinite loops, the system can only reject if it has made at
remembered as part of the RL state and constrains the sys-

te.m’s fUture_ behavior. Our work will generalize this apmba_ 1This set of actions is similar to that of [10] in her work on adaage for
without having to hard-code so much of the system'’s behavi@éscribing collaboration.
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least one inform, and can only release the turn after actgptand BETTER PROPOSEDP indicates if anything has been
or rejecting the proposed item. proposed, and BTTERP indicates if a better item has been

Our setup of the furniture task is different from [7], as thejound. We also include a variant of W\&RF. WVPREFQ
employed learning on both the system and the user, and haditidicates the penalty of the worst violated preference tizeah
system either inform of all of the violated preferences oneno into 4 groups: 0, 1-3, 4-8, 9-20. We also includeoiik,
of them. Furthermore, their dialogue policies did not algraywhich indicates whether the agents have completed the task
converge to the same average cost. (by accepting the required number of items). These vargable
are all potential action-decision variables.

For scoring a dialogue, we use a weighted average of
Following earlier work [3], [5], we use the Information Stat dialogue length (with weight 0.15) and solution quality {gre
approach to encode the full knowledge state of the system an@) [7]. We actually normalize the solution quality. We use
the user and their dialogue processing. This approach uses greedy algorithm to determine the ‘optimal’ solution that
set of rules that update the information state to capture hevould be proposed if all of the preferences were mutually
an agent determines what to say next [12], [13]. known. We then set solution quality as the difference betwee

The information state of each agent includesiLBTION the score for the proposed solution and the ‘optimal’ sohufi
to track the items that have been agreed upor PREFS to -
track the agent’s private preferences?iA‘BzEDPFF)eEFsto track D. Hand-Crafted Policies
the shared preferencegR@:OSEDtracks which item' if any, So that we will have a Comparison for the policies that RL
has been proposedrRBPOSEBY tracks who proposed it, andlearns, we hand-crafted a number of dialogue policies fer th
INFORMED tracks whether any violated preferences have begystem. We then tested them on 1,000,000 different tasks. Fo
communicated for the current proposal. each task, we created 15 furniture items, randomly asgignin

The agent's domain reasoning updates the following vafiPe, color, and value and we randomly created 25 prefesence
ables. If there is no proposed item, the variabkesBindicates for each agent, involving the 15 furniture items.
which item the agent thinks is best to add. If there is an item Table | gives the results of three hand-crafted policies. Fo
proposed by the other agent, the variableTBER indicates the first one, labeled ‘Uncollaborative’, the system always
which item, if any, when added to the current solution resul®CCePts what the user proposed. We see that these dialagues a
in a better solution than the proposed item, according to triatively short, but have a high solution quality costdieg
preferences that the agent knows about. The variable Re¢p 0 an overall cost of 30.68. For the second one, ‘Random’, the
indicates which preference that the non-proposer thinkises System randomly chooses an applicable action. When the user
worst violated preference. suggests an item, the system will randomly decide whether to

There are 6 action rules, RRPOSE AccepT Reject, inform of a violated preference, accept the item, or rejgct i
INFORM, RELEASE TURN, and FNISH. These rules have depending on which of these are applicable.

B. Encoding in the Information State Approach

preconditions on them to enforce the behavior discussdukin t TABLE |

previous section. For example, an item can only be proposed BASELINERESULTS .

. . ) h Dialogue | Solution | Dialogue

if there is not already an item proposed, and an item can Length | Quality Cost

only be rejected if one of the agents has informed the other Uncollaborative 3.30 27.38 30.68
; iti Random 8.72 19.61 28.58

of a violated preference. Note that these preconditions are Inform if > 9 g 305 1180

not sufficient. For any dialogue state, several action ra&s
usually apply, which is what RL will be used to resolve [5]. We experimented with a large number of alternatives in

We also have an understanding rule for each of the asrder to try to determine which one was best. We found
tions. The understanding rules update the informatiorestahat a good strategy is one where the system informs of
variables based on what was last said. The understandiigpreferences that have a penalty of at least 9, and not to
rule for PRoPOSsEupdates the Roposeband FRROPOSEBY inform of any other preferences. If it has informed of any
variables. The rule for RIECTresets the variables®POSED preferences, it should reject, otherwise it should accafat.
PrRoOPOSEBY, and NFORMED. The rule for ACCEPT also found that this achieved an overall cost of 11.80. Of colftse,
resets those same variables, as well as updaies BON. The more complicated domains, experimenting with hand-cdafte
rule for INFORM updates NFORMED and S1AREDPREFS and policies will not work, as there will be too many options to
for the agent that uttered the inform also updatesPMEFS  explore, which is precisely why RL is needed.

We also use several deliberation rules. These are invoked

after the understanding rules. These rules compute thewvalu V. MODELING STRATEGY

of BEST, BETTER, and WVRREF. In Section Il, we described three criteria for determinihg i
o the RL state space includes enough distinctions. The proble
C. Encoding in RL with the RL variables that we proposed for the furniture task

For implementing the problem in RL, we use a subset Oszs we are using a greedy algorihtm, the ‘optimal’ solutionghti not
the IS variables aslour RL state. We 'nC!UMCDRMED and actually be optimal. Hence the proposed solution might bgebehan the
ProrPOSEmBY. We include boolean versions ofRBPOSED ‘optimal’. In this case, we set the solution quality cost to 0
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is with the third criteria (Egn. 2). The RL variables do noso it is not tracking how many items we have agreed to so far.
capture the process by which the system agrees to an itéfthe number of items that are still remaining to decide is an
For example, consider the following strategies by which theportant factor of what the cost is to the final state. Hence,
system might agree to a solution: (a) just accept each iteme also include in our RL state the number of items agreed
that is proposed; (b) if there are any uncommunicated \ddlatto so far, NNJMAGREED.
preferences for the current proposal, inform the user gjedtre b) Constraining Future ActionsThe STRATEGY vari-
the proposal. Which of these two strategies is used willltesable not just records a history of what the system has done so
in different average solution qualities, and so will affélié far in the dialogue, it also constrains what the system wall d
cost from any intermediate state to the final state. Thus, wethe future in that dialogue. If the system sees a situation
are missing some bookkeeping variables. that it already encountered earlier in the dialogue, it il

How do we encode the process by which items are agre@ action that it previously did. For example, ifATEGY
upon? One way to meet Egn. 2 is to encode all of the pastaccep(1,0) REJECT(1,1) INFORM(4,0), and the system
states and the chosen actions into the RL state. Howevsr, ginow presented with a proposed item from the user with a
would explode the RL state space of the system. Anothgorst violated preference of 4, the system must inform the
option is to try to enumerate each possible strategy fager of the violated preference.
completing the task, and at the beginning of a dialogue, haveBy constraining the future actions, thaATEGY variable
an action that sets an RL variable to one of the enumerajgdrestricting the range of policies that RL considers fa th
strategies, and future actions would be chosen in accoedaggstem during training. This is because of the following.
with the selected strategy. However, as we apply RL to moFgrst, a lot of the states will only have a single action that
complex domains, it might not be feasible to quantify all ok applicable, thus reducing the number of state-actioms pa
the different strategies. This approach of setting thetesia that are needed. Second, as we are restricting what actions
at the beginning of the dialogue also suffers as each syratege system can take, the number of different decisions teat w
will use a completely separate subset of states, thus fequirneed to track is also much less, which means less values for
RL to estimate the strengths of each strategy independentlystraTEGY, and so fewer RL states.
the others, negating one of the chief advantages of RL. Our approach of constraining the future actions forces the

a) Recording the PastThe approach that we take in thissystem to behave in a consistent manner: the process by which

paper is similar to that of Walker [6]. Rather than enumeadite it accepts one item should be the same as for the others. One
possible strategies in advance, we enumerate componeats ghtential drawback is that the optimal policy for the system
strategy in terms of what action is chosen in a certain s@nat might require it to behave differently for agreeing to oremit
Each time the system makes a choice, it adds a condenggsh it does for another item. Our approach will preclude it
version of what the state is along with what action it pickedgm finding such a solution.
We store this in the variableTRATEGY that is part of the c) Inferences:The third part of our approach is that we
RL state. Thus we keep track of what the system has done e inference in constructing the value off@TEGY. If the
various situations. _ system makes a certain action in one type of situation, we

We record decisions in the TRATEGY variable as a set might want to constrain how it behaves in a related situation
of predicates, where the predicate name is the action chog&ihsjder the case where the user proposes an item, the system
and the arguments are the conditions in which it was chos¢fys an uncommunicated violated preference against theoitem
The conditions are represented by a subset of the RL Stgig,aity 4, and the system informs the user of that preference
variables. For the fumiture domain, we use WREF and | jt makes sense to inform of a penalty of 4, it should also
INFORMED. Consider the case where the user proposes gRe sense to inform when the worst violated preference is
item and the system has a worst uncommunicated violaigdy jkewise, if it makes sense to accept when there is a worst
preference of 1, and the system accepts it. TR&SEGY yjglated preference of 4, then it also makes sense to accept
variable will record this assCCEPT(1,0). If the next item it yhe worse violated preference is 1. For the furniture task

that the user proposes has a worst violated preferenceypf ,se 4 rules for deducing additional constraints for the
4, and the system informs of it, TRATEGY is NOW AC-  grraTEGY variable.

CEPT(1,0) INFORM(4,0). If the system now has a worst
violated preference of 1, and the system rejectsig&ecy © If INFORM(W,1) is in STRATEGY, addINFORM(X,1) for all
is now ACCEPT(1,0) REJECT(1,1) INFORM(4,0). Note that X > W
the order that the actions were performed is not recorded,«asf ACCEPT(W,I) is in STRATEGY, addACCEPT(X,!) for all
the STRATEGY variable is an unordered set. (To emphasize X < W
that point, we show the value as an alphabetically ordergdif rReJECT(W,I) and REJECT(Y,I) are in STRATEGY, add
list.) Our use of the 8RATEGY variable allows RL to reward ReJECT(Y,) for all X s.t.w < X <Y
action sequences that result in a good solution and penalizes INFORM(W, 1) is in STRATEGY, add INFORM(W,0)
those that result in a bad solution.

The STRATEGY variable is keeping track of what actions 3During testing, this restriction is redundant, as the systéll follow the
we have taken. However, it is not keeping a full history angttion that is specified in the policy.
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The inferences complicate how we determine whether a systgym,, " States Explored ——— ' j—
action is applicable. This is because choosing a particulgg,, | ~ State-Actions Expored £-====
action might allow us to infer a contraction in the valueg,y,
of the STRATEGY variable, where two different actions areg,op . |
allowed for the same situation. Hence, we incorporate sSggq,
phisticated checks to ensure that this does not happen in fhg,
preconditions of the system actions. This checking does ngj,,
add much expense to learning a dialogue policy because aftgg, .
RL encounters an RL state for the first time, it caches what ;[ ——---. 1 |
actions are applicable for that state, and hence does ndt nee 1item 2items 3items 4 items 5 items
to subsequently check the action’s preconditions. Fig. 1. State-action space versus problem size

As we show in Section VI-B, the use of inferences reduces
the state and state-action spaces. The inferences areddgevl five problem sizes. Even though the RL state space is only
that the system should be able to discover with RL; howevé&rowing linearly with the solution size, the state spacebie a
including them allows us to keep the search space smaller. Fi@ capture the process by which the solution is agreed upon.
thermore, the use of inferences highlights that th@e SEGY B. Removing Inferences

variable does not just have to be a record of what occurred in » ) )
the dialogue, but can capture the strategy in a compositiof¥e next modified the BRATEGY variable to remove the in-

way from individual system actions. ferences that the system makes. This means it must seyaratel
learn what to do for each preference value. Thus, more states
VI. EXPERIMENTS and state-actions must be estimated, and so more poli@es ar

In this section, we present the results from a set §earched over. We trained 12 policies for 200,000 epochs. As

experiments that show the importance of how the state $80Wn in the second and third columns of Table I, more than
constructed. We start with our proposed RL state, and thE{Ce as many states and state-action pairs are needed.

show the effect of removing variables (or distinctions)nfro TABLE I

it. In a” experiments, we use Q_learning Withgreedy to COMPARISON OFPROPOSEDV.ERSIONWITH.ALTERNATIV.ES

explore the state-action pair space, witt 20%. New training Proposed| Without | Without | Without
. . . . State Inferences| NumAgreed | Strategy

experiences are given a Welghtéfg, wherec is the number of  —5ges 34838 81883 14087 51

times the state-action pair has been visited. We groupifigein  State-Actions 40,629 99,946 16,086 101

into epochs of 100 dialogue runs; after each epoch, a new Dialogue Cost| ~ 11.825]  11.822 12.067 | 30.716

policy is determined. After every 1000 epochs (and after 10, . .
100, and 500 epochs), we test the policy with 5,000 diangueEven though there are more states and state-actions pairs,

runs. For testing, we always follow the action in the pO|iC)BL should still be able to find a policy that performs just as
with no exploration well as the version that uses inferences. However, we should

expect RL to take longer to converge on an optimal policy.
A. Strategy Variable With Inferences In Figure 2, we show the average dialogue cost for the two

We first use the RL state representation of Section V, which ifétS Of learned policies as training progresses. Here, we ca

cludes the SRATEGY and NUMAGREEDVariables. We trained C/€arly see that the version without the inferences takegdo

12 policies for each of 5 different problem sizes, from agrge © CONverge.

to a single furniture item to agreeing to five items. Eachgpoli ,, , _ : :

was trained for 200,000 epochs. The first issue we investigat || Without Inferences

is how the size of the RL state scales up as the problem

size increases. As our RL state includesNNAGREED (which

tracks how many items have been agreed to so far), the number

of states and state-action pairs increases linearly wittstbe 12

of the problem. In Figure 1, we show the average number of

states and state-action pairs visited after 200,000 epothsl1.8

training for the five problem sizés. 0 10000 20000 30000 40000

The second issue we investigate is whether this state rep- Fig. 2. Effect of removing the strategy inferences

resentation allows RL to find an optimal policy. We found ] ]

that we were able to learn a policy that performed as well & Removing the NumAgreed Variable

our best hand-crafted strategies (Section IV-D) for eacthef We next ran a version in which we included theRATEGY
variable with the inferences (similar to Section VI-A), but

4For_ both the numbger _of states and state-action pairs, thialipart of the aycluded NJMAGREED, which tracks how many items the

curve is not linear. This is because some values TRASEGY do not occur . .

when the number of items that has been agreed to so far is 0 leeriLthe conversants have agreed on so far. This allows us to determin

number of items discussed (IMAGREED) is one or two items. whether NUMAGREED is playing a useful role. We trained

'\ With Inferences ——-----
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12 policies for 60,000 epochs. As can be seen by comparerease in cost is probably because we start RL with a policy
ing the second and fourth columns of Table II, excludingarned from a random exploration of actions for each state.
NUMAGREED results in a substantial reduction in the numbadith subsequent learning, it actually finds an even worse
of states and state-action pairs. In fact, the number oéstapolicy. Without the SRATEGY variable, RL does not take into
and state-action pairs no longer increases as the prob#m siccount the process by which the conversants agree to items
increases. in the plan.
As there are substantially less states and state-actios, pai

there are far fewe€) values to estimate. This usually allows _

RL to more quickly learn a good policy. However, as can be !N this paper, we showed how to construct the RL state for
seen in Figure 3, RL is not able to hone in on an optim& Negotiation task. We included bookkeeplng varlablessu:ktr
policy, only achieving an average cost of 12.067 rather thih @ concise way the process by which the system negotiates

11.825. In fact, RL seems to stop learning after 3,000 epocKdth the user. We added the variableF3TEGY to track of
the key decisions that were made, and use this to constrain

the system future actions, so that the the system negotiates
in a consistent way. This consistency also lets us limit the
number of the state-action pairs. The key decisions can even
include inferences to further limit number of the stateeact
pairs. We also included BMAGREED to track how far we
oA . are in the negotiation. Although this work was on an artificia
N N N A e negotiation task, we feel that the manner in which the Rlestat
tracks how negotiation process will apply to real negatiati
tasks with actual users.

VII. CONCLUSION

12.4 ;

Without Il_ength —
With Length

12.2

12

0 10000 20000 30000
Fig. 3. Removing the NumAgreed variable
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D. Removing the Strategy Variable (1]
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As can be seen in Figure 4, the reduction in the numb 5]
of states and state-action pairs does not lead to faster con-
vergence. Instead, the cost of the trained policies ihjtial[12]
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