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Models of human behaviors have been built using many different frameworks. In this
paper, we make use of Hidden Markov Models (HMM) applied to human supervisory
control behaviors. More specifically, we model the behavior of an operator of multp
heterogeneous unmanned vehicle systems. The HMM framework allows the inference
of higher operator cognitive states from observable operator interaction with a computer
interface. For example, a sequence of operator actions can be usedctimpute a probability
distribution of possible operator statesSuch models are capable of detecting deviations from
expected operator behavior as learnedby the model. The difficulty with parametric
inference models such as HMMs is that a large number gbarameters must either be
specified by hand or learned from example dataWe compare the behavioral models
obtained with two different supervised learning techniques and an unsupervised HMM
training technique. The results suggest that the best models of man supervisory control
behavior are obtained through unsupervised learning.

Nomenclature

agj = Probability of going from stateto statg a:(j) = Forward probability
a; = Maximum likelihood estimate af;; B:() = Backward probability
A =  State transition matrix 8:(i) = Viterbi backtrack pointer
b;(c) = Probability of observing symbalin statei Ye(D) = Probability of the observation sequence and
b;(c) = Maximum likelihood estimate ob;(c) that he state at timeis i
B = Observable emission matrix L(H) = Likelihood of modeH _
H = Hidden Markov Model T; = Initial probability of being in state
I = Length of observation sequerse I = Initial probability vector
= Number of observable symbols &, )) = Probability of the observation sequence and
N = Number of hidden states that the state at timteandt+1 arei andj
0§ = t-th observation in sequense v (c) = Smoothed estimator fob;(c)
S = Set of possible hidden states Nw = Learning rate for allo;;0 s
st = Property of being at statet timet U = Learning rate for alh;(c)6 s
\% = Set of possible observables o = Smoothed estimator far;

I. Introduction

Behavioral models of human operators engaged in complex, automadiliated highrisk domains, such as

those typical in human supervisory control (HSC) settings, are of great value because of the high cost of
operator failuré Although generic models of full human behaviors are intractable, smaller scale models of
behaviors in specific contexts are desirable both to predict possible system failures in various modes of operation, as
well as b predict the impact of design interventions. While many techniques have been used to model different
aspects of human behavioy partially observable modetsich as Hidden Markov Models (HMM) have been shown

to be a good fit for modeling unobservableeratorstate$ °. In this paper we concentrate on HMMs appliethe
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human supervisory control context. HMMs are stochastic manfetéme series processesainly used for the
modeling and prediction of sequences of symbols. énHBEC context, HMMs can be used to recognize and predict
human operator behavior, given some level of intermittent interaction with an automated.system

One difficulty in wing HMMs to model any real world process is that the model is parametric; any HMM
inference algorithm requires anpriori description of the likelihood of specific observations and the likelihood of
state changes. These parameters can be specifiediagctardlomain knowledge, or acquired from training data in
a fimodel |l earningd process. For exampl e, Bayesian mode
the likelihood of the model given a training data Skbte learning algorithms can eithbe unsupervised or
supervised. While an unsupervised learning algorithm only makes use of the information contained in the training
data set to extract the optimal set of model parameters, supervised learning methodsthat the daa is
augmented with a priori information, or labels, in ortteguide the learning processhe labels usually consist of
input data associated with the expected model outpefined by a subject matter expert. The supervised
methodology has been favored by the machine learning commurthe ipast for two reasons: (1) the simplest
supervised learning methods offer better computational efficiency compared to unsupervised learning methods, and
(2) the labels in the training data are assumed to be derived from reliable -tmathndhereby inreasing the
amount of information captured in the model. Our focus in this paperapenatormodels of human behavior and,
in this context, we argue that it is fundamentally impossibleotwecty label the training datdecauseoperator
cognitive states are nobbservable Without grounetruth, we hypothesize thatuman bias ®is wnavoidaby
introduced ito the training datalabels which greatly influences the learning process, anay generate
uninformativeor incorrectmodels.

In order to support our hypothesis, we define the HMM formalism along with the mathematical description of
three learning techniques werapare:(1) purely supervised learniig2) unsupervised learnifigind (3) smooth
supervised learni§ We then introduce the datataused to train the models, present the results and finally offer
our conclusions on the respective values of the different techniques.

Il. Hidden Markov Models

A. Formal Definition

HMMs werefirst formally definedby Baum et at! and theirapplicationwas popularized byRabiner et af.
HMMs have sincghenbeen used in a lge number of different contexésxd have provewaluablein diversefields
swch as speech recogniti@nfinancial datapredictiort®, signal processirt§y and g@neric temporal data clusteriig
HMMs consist of stochastic Markov chains based around a set of hidden states whose value cannot be directly
observed. Each hidden state generatesbservable symbalccordingto a specific emission function. Althoughe
sequence ohidden states cannot be observed directly, the probability of being in a specific state can be inferred
from the sequence of observed symbdlansition functions describe the dynamidghe hidden state spacEhere
are thus two types of probability parameters: the state transition probabilities and observable symbol output
probabilities. Given a finite sequence of hidden states, all the possible transition probabilities and symbol output
probabilities can be multipliedt each transition to calculate the overall likelihood of all the output symbols
produced in the transition path up to that point. Summing all such transition paths, one can then compute the
likelihood that the sequence was generated by the HMM.

Adopting the classic notation from Rabiner et’alet N be the number of statés= {S;,S,, ... Sy} in the HMM
and M be the number of observation symbots {V,,V,, ...V} (i.e. the dictionary size). L&’ denote the property
of being in statel at time ¢t. The state transition probability from stateto statej is A = {a;;} where q;; =

P(Sf*,8f); i,j = 1,...N . The symbol output probability function in state B = {b;(c)}, whereb;(c) = P(V|S)).
Themodelparameters must be valid probabilities and ggtisfy the constraints:

N

Zaij = 1,§:b]~(c) =1 1)

j c
aij = 0, b](C) = 0.

The initial probability of being in stateat timet = 0 is = = {rr;} whererr; = P(S?). Thus, an HMM is formally
defined as the tuplél = {S,V,A,B,n}. Figure 1 illustrates the HMM concept by showing a graphical
represention of a 3state model, where theet of hidden statégs;, S,, S5} transition probabilitiesredefined as a
setofa;;0 s . Each st atdensity fursctioa of @mittmmdpaaspecific oliservable.
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Fig. 1. A Threestate Hidden Markov Model.

An HMM is said to respect the first order Markov assumption if the transition from the current state to the next state
only depends on the currestatesuch tha (S/**|Sf) = P(Sf*SE, S5 .. SR), VL, V), i,m.n € §.

Three main computational issues need to be addressed with HMMs: model evaluation, most likely state path, and
model learning. The first issue is tbgaludion problem, i.e. the probability that a given sequeisgeroduced by
the model. This value is useful because, according to
the data presented. We can thus compare different models aogkdhe most likely one by solving the evaluation
problem. The evaluation problem is solved with the forward/backward dynamic programming algorititrh thest
be thes" training sequence déngthl,, and the™ symbol of 0% be 07, so thats = {0 .07 }. We can define the
forward probabilitya, (j) asthe probability that the parti@mbsevable sequenc®y ... 0f is generated and that the
state at timetis j. The forward probability can be recursively computed by the following method:

N

@) = ) ayby (05 )@, (€ = 1, 1)
; @
a1() = Z a;jay (i)

4

wherea,(j) = 1if j can be the first state ang(j) = 0 otherwise.
Similarly, we can define the backward probabilgy(i) as theprobability of the partiabbservablesequence
0/ - O} and hat the state at tintds i. The backward probability can also be recursively computed as follows:

N

Be) = ) by (02 )era (), (¢ = s = 1,...0)

A 3)
ﬁzs+1(i) = Z aijﬁl5+1(j)

4

wheref, ., (i) = 1if i can be the last state afigd,, (i) = 0 otherwise.

We cannow computethelikelihood that the given training sequen@gis generated biAMM H and solve the
state evaluation problem:

POSIH) = ) i (®) (D @

3

American Institute of Aerondies and Astronautics
092407



The second issue consists of determiningntlest probablé f ¢ o r path af hiddén stategiven a sequence of
observables: the most common way to solve this problem is by the Viterbi alg8rittiva Viterbi algorithm is a
dynamic programming algorithm that finds the most probable sequence of St:ateglsjz ..ST} given 0 =
{010} ...0{} by using aorward-backward algorithm across the trellis of hidden statese specifically, &t &, (i )
be the highest probability pa#itross all states whi@ndsat statd at timet:

pax_
{575k
The Viterbi algorithm finds the maximum value &({(i ) iteratively, and then uses a backtracking process to decode
the sequence of hidden states taken along the path of maximum likelihood

Finally the last problenis the learning of the model, which is, given a sequence of observable, what is the
maximum likelihood HMM that could produce this stringRe different solutions to this problem are described in
the next section.

B. Learning Strategies forHidden Markov Models

HMMs are ustul for modeling sequences of ddtacause their structure provides inferences over unobservable
states The parameters of an HMH, i.e. the characteristics of the sequences of data being modeled, are trained to
maximizezslog(P(OslH)), the sum of the posterior ldikelihoods of each trainingsequenc®?. Conceptually,
the easiest way to model data is to dtanmn known examples and associated model states. Provided that a large
enough corpus of annotated data (pairs of input and desired output) is available, different supervised learning
techniques can be used to estimate the paramétigrs HMM. However, fino annotated data is available, it is still
possible to automatically derive the probabilistically optimal parameters of the HMM model. This case corresponds
to unsupervised learning.

For ease of notation, evintroducey, (i) as the probability that the sequen@gis generated by the HMM and
that the state at timieis i. We also defing, (i, j) as the probability that the sequer@®is generated by the HMM
and that the state at timandt+1 arei andj respectively:

L a (DB
v () = m (6)
DN a;()a;jbj(0f11)Be+1(J) _
A P (0°[H) ,(t=0,..,l,—1) (7)

ClassicSupervised.earning

Classic supervised learning is the plest way to extract model parameters from labeled data. In essence, the
idea is to maximize the probability of tbhbservations
Let usagainassume thaour training data consists eéquence of observatiods. It can be shown that thdost
Likely Estimate MLE) of emission probability distributiogiven thetraining datais distributedaccoding to the
frequency of emissions in the data. We can calculate the frequency by counting how often an observation was
generated by a state. Similarly, the most likely transition distribution given the data is distributed according to the
frequency of trasition from one state to another in the d&adinarily, we cannot count the frequency of state
transitions or observation emissions from a particular state because the state is hidden. However, supervised learning
makes the assumption that during tmaigy, we have access to the underlying st
each observation i@® with the corresponding true, hidden stdtke transition matrix oA = {a;;} can therefore be
computed directly by countinthe relative frequency dthe transition betweenall states i andj. Similarly, the
emisson functionsB = {b;(c)} can be computed byountingthe nunber of times a specifiobservatiorc has been
observedgiven a statg. More formally, if we definecount(s — s') as the number of time statéfollows states
andcount(s w ¢) as the number of time stgtes paired with emission:

count(s - §') = Z [[S] =S5NASjq = ] 8)

j=1..lg—1
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count(s = ¢) = Z [[Sj =s \NO; = C]] )

Jj=1.1s

The MLE estimategdi;; of a;; thenare:

Yiz1.n count(s — s")

4y = 10
SN Yo count(s — 5 (10)

Similarly, the MLE estimate, (¢) of b;(c) are
1’7;(0) _ Yi=1.n count(i,s w x) 1)

Yi=1..v 2y count(i,s = x)

Using this supervised learning technique to compute the HMM model parameterg 8mple and runs ia(ly),
where [ is the length of a sequence.

Unsupervised Learning

It may be, havever, that even during training it is not feasible to haveess to the underlyingdden state
Without this label, we cannot use the above algorithm because when counting state transitions, we no longer know
which state transitioned to where at eachetistepand we no longer know which state to assign credit for each
observationWe can, however, use unsupervised learning algorithms to not only infer the labels but also infer the
model during trainingThe mosttommorty used algorithnfor HMMs is aform of ExpectatioaAMaximization (EM)
called the BauawWelch algorithm.Just as in supervised learnintfye goal of the BaurdVelch algorithm is to
maximizethe posterior likelihood of the observed seque@édor a given HMM. More formally, BaurmWelch
computes the optied modelH™ such that:

H* = argmaxy (I_LP(OS|H)) (12)

We canngthowever use equationslQ) and(11) directly because we do not know the state at each time step t.
EM operates by hypothesizing an initial, arbitrary set of model parameters. These model parameters are then used to
estimatea possiblestate sequencg,s = {s* ...s’} via the Viterbi algorithmThis is theexpectatioror E-Step of the
EM algorithm.The model parameters are therestimatedising equations1Q) and (1) given the state labelgs.

This is the maximization or Mstep of the EM algorithmie could make the assumption that the state sequgnce

is correct; however, the stasequence can be very uncertain iresgand assuming that the state sequene®risat

is likely to lead to failures in determining the model parameters. The EM algorithm takes the uncertainty of the state
sequence estimate into account by using thubadility of being in states; at timet to estimate transitiomand
emission probabilitiesThe probabilityd;; is re-estimated using, (i) and¢, (i, j) based not on the frequency of state
transitions froni to j in the databut o thelikelihood of being in stateat timet and the likelihood of being in state

j at timet+1. Note that our frequencies or counts in equatid@®® &nd (1) are not integer counts but likelihoods

and are therefore fractionaSimilarly, b;(c) is re-estimated withy, (i)as thelikelihood of being instatei when the
observation was. The equations of restimation are:

DD I A(H)

a. P
DY I A ()
DD IR ()

b(c) =
=53 o

(13)

(14)

Through this iterative procedure, it can be proven that the B&fefoh algorithm converges to a loagtimum
The process described above assumes that the model structure (i.e. the number of hidjles ktetes in
advance. In most practical settingfsis assumption is unrealistic and the structure of the model must be determined
through a process called model selection. While there are many different criteria used to determine the validity of a
model, we adopt in this work an informatigheoretic metric called the Bayesian Information CritefiqBIC).
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This metric allows the comparison of different models, in padiculith different number of hidden states, trained
on the same underlying datBhe BIC penalizes the likelihood of the model by a complexity factor proportional to
thenumber ofparameter® in the model and the numbertoéiningobservatios K.

BIC = —2log(L(H)) + P log(K) (15)

SmoothSupervised_earning

Smooth supervised learning was first introduced by Betdil:® in order to avoid issues with sudden jumps or
absorbing probabilities of 0 during the parameter update process. The absorption property of null probabilities is an
issue because once a transition or emission function is set to 0, it cannot be used agaia. foh¢hielsupervised
case is to minimize the distance betweenaipeiori labels and the labels estimated as most likely by the HMM.
This algorithmcan be tailored for sequence discriminalfpandwe canreplace the usual;; andb;(c) with reak

value parameters;; andv;(c) defined agwith A being a constant)

|18

eﬁwﬁ
aij = Y etk
e ik
kelvj(c) (16)
bi(c) = 5 e

Letp;, = P(O°|H) be the target value of the likelihood of the{abeled observations and associated symbols given
the HMM H. The probabilityp, will depend on the length of the sequence, so we introduadich scales the
probability p, with respect to ta length of the sequencé, and C, are constants that normaliZefor different
observation sequence sizes:

ps = log(P(0,S|H))
Ps 7)
8s=1-Ci——<
$ *(C, — p?)

The algorithm thus tries tmaximized in order to maimize the fit of the model to the data. Givep andn, as
learning rates, the update rules égy andv;(c) are as follows:

Ls

By =1 ) 85 ) (eeli, ) = ayye(©)

s tl:() (18)
80y(€) =1y ) 85 ) (reogec = BV ()
N t=0

In order to reach convergencéetconstants and learning rates need to be changed for each new training set.
Because the solution space is highbnlinear there is no argtical method tochoose these parameters
appropriatelyhence the constants and ratese to bdound by a very timeonsuming process of trial and errto
maximize the model likelihoad

C. Hidden Markov Models of Human Supervisory Control Behavior

We posit that the dualhained structure of HMMs is well suited to modeling human behaviarsupervisory
control systemHMMSs are appropriate becaushile the operatorcognitive states areot directlyobservablethey
can be inferred from his or her actions. This is similar to the HMM notion of hidden states that must be inferred
from observable symbols. Thus, we liken the hidden states of the HMM to the unobsepetsitorstates that
must be inferred from directly observable behaviors such as user interface interactions. Based on similar premises,
some researchers have used HMMs to model human attention allocation basedrackéyg data In contrast, we
use HMMs in order to detect patterns in user behavior based on user interface events which constitute the observable
symbols.The hidden states then can be seen as higher cognitive states or intent that gave rise to the pattern of
observable actions. For @xple, a controller selecting an unmanned vehidé)(would be an observable symbol,
whereas his intention to replan the 8¢  gauld bea hidden operatastate.

6

American Institute of Aerondies and Astronautics
092407



lll.  Experiment and Results

A. RESCHU

Data used to develop the HMM of a human supervisory control system, specifically that of a single operator
controlling multiple unmanned vehicles, was obtained from the experimenitdesin Nehmeet al®. While the
goal of the original ¥periment was to validate a discrete event simulation of an operator controlling multiple
heterogeneous unmanned vehicles, the recorded user interface interactions represent a rich corpus of supervisory
control behavior. In the experiment, the ResearchirBnment for Supervisory Control of Heterogeneous
Unmanned Vehicles (RESCHWmulator was used to allow single human operatéo control a team of UVs
composed of unmanned air and underwagdricles(UAVs and UUVSs) (Figure).

| -/ RESCHU VER 1.0.0 (user : yves) D:, @Eﬁ
Paytoad
Visual Threat
Task Area
Target
Message
Pane
Under
Water
uv
uv -
List Medium
Altitude
Air UV
Time High
Line 1 Altitude
. M Air UV

Fig. 2. The RESCHU interface

In RESCHU, the UVs perform surveillance tasks with the ultimate goal of locating specific objects of interest in
urban coastal and inland settings. UAVs can be of two types: one that provides high level sensor cowgrage (Hi
Altitude Long Endurance or HALEs, akin to Global Hawk UAVs), while the other provides morel@itarget
surveillance and video gathering (Medium Altitude Long Endurance or MALEs, similar to Predator UAVS). In
contrast, UUVs are all of the same typéus, the single operator controls a heterogeneous team of UVs which may
consist of up to three different types of platforms, each with different characteristics.

In the rules of this simulation, the HALE performs a target designation task (simulatimg cffboard
identification process). Once designated, either MALEs or UUVs perform a visual target acquisition task, which
consists of looking for a particular item in an image by panning and zooming the camera view. Once a UV has
visually identified a teget, an automated planner chooses the next target assignment, creating possiptimaib
target assignments that theman operatocan correct. Furthermore, threat areas appear dynamically on the map,
and entering such an area could damage the Uthesoperator can optimize the path of the UVs by assigning a
different goal to a UV or by adding waypoints to a UV path in order to avoid threat areas.

Participants maximized their score by 1) avoiding threat areas that dynamically changed, 2) coatpletimy
of the visual tasks correctly, 3) taking advantage eblamning when possible to minimize vehicle travel times
between targets, and 4) ensuring a vehicle was always assigned to a target whenever possible. Training was done
through an interactiveutorial and an opeended practice session. After participants felt comfortable with the task
and the interface, they started a ten minute experimental session. After completing the experiment, the participants
could see their score which correspondethtototal number of targets correctly identified. All data were recorded
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to an online database. The data of interest for this project consisted of user interactions with the interface in the
manner of clicks, such as UV selections on the map or on theideftar, waypoint operations (add, move, delete)
goal changes, and the start and end of visual tasks.

Data was colleted on 49 subjectsa the experimental procedure described ab@te data collected amourtts
about 8 hours of raw experimental dated aabait 3500behavioralsample points. The average length for each
sequence consisted of about 71 user interface events.

B. Applying Hidden Markov Models to Human Supervisory Controller Behavior

Determining the parameters of a Hidden Markov Model of user behavior redrairing the model on the
observed behavioral data. The raw behavioral data, which consists of the logged user interface events described
above, cannot be used directly by the HMM learning algorithms, and must dpeopessed. Figure 3 shows this
proces, which consists of a grammatical and a statistical phase.

Abstract
Low Level . events - Model
Grammatical > Statistical ;
Input Learning

Fig. 3. A combined grammatical and statistical approach is used to infer future behavior from a stream of current behavior.

First, in thegrammatical phase, low level inpdata(the logged eventsyre translated into abstract events by the
use of a syntactic parser. The grammatical rules were established through a cognitive task’#6alygishat
highlighted the important interactions of the operator with the interfdlue goal ofthe CTA wago define clusters
of events that are similar in the cognitive serseparticular, the CTA focused ahe formal elicitation o{1) the
information required for each operation, (2) the result of each operation and (3) the objective function used to
evaluate the outcome of tlaetions. Theresultinggrammatical space shown inTable 1. User interactions were
first discriminatedbased on the type of UV dar controlled.This is the yaxis of the grammarThen, the
interactiors with each of the UV types weseparated into different modes: selection on either the sidebar or on the
map, waypoint manipulation (addition, deletion and modification), goal changes, and finally, the visual task
encagament. This is the xaxis of the grammaiThe sequences ddw-level user interactions wetbus translated
into a sequence of integers suitable fordtadistical phase

Table 1. TheRESCHU grammar

All
Underwater UV
Aerial UV
High Altitude UV
UV Type/ Mode Select | Select | Waypoint | Waypoint Goal Visual
Sidebar | Map Edit Add/Del Task/Engage

The second step of the process is the statistical learning pihée tries to model this time spience of data.
During this phasethe HMM parameters argainedusing sequences of either labeleduintabeleddata. The initial
HMM parameters were randomly chosen. In this experiment, we used 49 data traces of individual user trials, and we
used a3-fold crossvalidation ty training the algorithm on 46 subjects and keeping 3 subjects as a test set. This
procedure was repeated multiple times in order to ensure the learning process wasfitihgube data

C. State Labeling

For the HMM leveraging supervised learning, labate needed. However, due to the futuristiture of the
single operatemultiple unmanned vehicle system, no subject matter expert is available to label the data by hand.
Through thecognitive task analysis, waerived an initial set dfbels hat were known to beecurrent This set of
patterns was iterativelse-definedby a Subject Matter Expem order to increasthe proportion of labeled states.
Without a more principled way tdeterminethe internalstate of each operator, the task analysis suggested that
certain sequences of usaterface interactionsould be grouped adusters orstates For example, a commamask
for an operatois to replan the path of @V and the CTAallowed us to determine the necessary stegetform
that taskThea priori labels consisted of

1. Normal Navigation: interactions with the waypoints, map selections
8
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2. Monitoring: interaction with the UVs based on selection on the sidebar or the map

3. Visual Task: set of action that resulh the visual/engage action

4. Preemptive Threat Navigatioadding a series of waypoinits order to simplify changing the course of

the vehicle should the need arise.
This labeling scheme allowed us to coaout80% ofthe training sequenceandany observable that did not

get labeled wadropped from the training sefthese labels align with those basic underlydpgratorfunctions that
form the core ofsupervisory control of unmanned vehicles which include navigation, vehicle health and status
monitoring, and payload managenféngwhich in this case is the visual task.)

D. ClassicSupervised Model

The model below represents the HMM obtained with the classic\dspe learning method. All transitis with
a wepght under 5%are not drawrfor legibility purposes. In general, the supervised learning algorithms find the
optimal set of parameters for state transitions and the emifsiotions. Models can contafour states which may
correspond to any type of interaction as defined bytpgori patterns along with a specific category of UV or UVs
that is the most likely to have produced the observable. The annotated arrows between the states represent the
probabilty of going from one state to another. The emission functions are not represented explicitly but are
encapsulated in the hidden state labeling. With the RESCHU data set, the obtained model shows that given the
subjectmatter expertiefined states, operatorteractions with the HALEs do not appear as a distinct state. While
operators interacted with the HALEs less than they did with the MALE UAVs and the UUVs, because there was a
clear pattern in the use of a HALE prior to use of a MALE for unknown targeetsinticipated that this would be a
statewith a clearly assigned meaning

0915 3

0.051 -
MALE
Reactive
Threat Nav

UUV & MALE
Navigation

0.067

0.074 0.06

01M

MALE MALE
Visualization Preemptive
Nav

0932
0.833

Fig. 4. Model of a human operator of multiple unmanned systems obtainedlasticsupervisedearning

E. Smooth-Supervised Models

The model in Fig5 represents the model obtatheith the smooth supervised learning method. Again, all
transitions with a weight under 58&te not drawrfor legibility purposes. The model obtained is different from the
one obtained through classic supervised learning. While the tranpitidbabilities between hidden statesless
deteministic (as indicated by the higher number of likely transitions between hidden states), operator interaction
with the HALESs again disappear and do not appear as a state as defined by the learning .algorithm
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MALE MALEs
Visualization Visualization
uuv
Navigation

MALE Goal

MALE Change

Navigation

Fig. 5. Model of ahuman operator of multiple unmanned systems obtainedsmitiothsupervisedearning

F. Unsupervised Models

Because there is no prior knowledge assumed about the model structure, the unsupervised method first requires
performingmodel selection in order toetermine how many hidden states the model should have. Models with a
number of hidden states ranging from 2 to 15 were trained multiple times with different randomly assigned initial
parameters in order to avoid convergence to a local optifibimtrainingwas performed through the unsupervised
BaumWelchlearning techniqueThe BIC for each model was computed drstate models appeared to be the most
adequate models structureigure 6 represents the model obtaineg the process described abovgain, dl
transitions with a weight under 5&e not drawrfor legibility purposes. This model is markedly different from the
models obtained with the supervised learning techniques, most notably in that the HALE and UUV interactions are
grouped together in a clédpdistinct state. This denotes that the unsupervised model was able to recognize the much
less frequent interactions with UUVs and HALESs as different from that with the MALEs

0.182

0.075 MALE Target
Engagement

MALE

Navigation 0.667

0.316

0.145
02

UUV Visual
& HALE
Processing

MALE
Monitoring

0.802
N
Fig. 6. Model of a human operator of multiplmmanned sysies obtained with msupervisedearning

IV. Discussion and Model Comparisons

Given the three different models, it is interesting to consider how fast the training converges to a stable set of
parameters, and how good the data fit the models after the tramoicesp. Figure 7 shows the evolution of the three
learning techniques over the course of 50 learning iterations
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Performances of the models on the training sequence
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Fig. 7. Model fit in terms of test set likelihood for the three different training techniques

The first thing to note idhit, as expected, the supervised algorithm converges in the first iteration and provides a
constant performance baseline. The first few iterations of the smooth supervised algorithm, conversgliye ar
poor. However, athe 25" iteration, the smooth gervised model surpasses the classic supervised:!naou
plateaus at around 188" iteration. The first few learning iterations of the unsupervised model behave very closely
to the smooth supervised. After tB& iteration, however, while the smoothpsuvised model plateaus for the first
time, the unsupervised algorithm log likelihood continuemtoease and converges at 2@ learning iteration. In
terms of log likelihood, the performance differences are clear: the unsupervised learning metsodsgito a
model that is more likely than both supervised methods. The smooth supervised model stmhitgsuperior
posterior log likelihood than the classic supervised one.

Adopting a humaitentric point of view, it is interesting to compare howch human effort was required to
generate the above models. For both supervised methods, the cost of labeling the data was quite high as our initial
undertaking was to execute a cognitive task analysis of tiggesbperator multiple urmannedsystemsn order to
define a likely set of behaviar€ognitive task analyses are labor intensive and are somewhat subjective, so there is
no guarantee that the outcome behaviors are correctly identified.

Moreover hesea priori defined patterns then had to be taggn all the sequences in order to construct the
corpus of training and testing data. In order to avoid tlmvkrrisks of human judgment bfam the state definition
process, an iterative approach was adopted in which multiple acceptable sets of state definitions were compared to
the data. The set of definitions that provided the better explanation for the states was then chosen. lams tmport
note that expert knowledge of the task was required in all phases of this lengthy process. Thus, in addition to being
extremely timeintensive, it is recognized that expert labeling oatlyand sometimes subjective process that can
unnecessarilgonstrain the resulting models to the types of behaviors seen as important by humas experts

The classic supervised algorithm was strafghivard to execute and, by design, converged in one single
iteration. In the case of the smooth supervised atlyorihowever, we had to spend a considerable amount of effort
tweaking the learning parameters and the different constants in the error distance function in order to achieve a
reasonable convergence poibnfortunately, due to the highly ndimear featurs of the solution space, it was
impossible to use standard optimization algorithms such asbgsed exploration or sequential quadratic
programming(SQP) Our approach then was to use a process similar to simulated annealihgch we initially
chose alarge number of random algorithm parameter values and focused the exploration around the most
fipromising initial points where promising was measured as the closeness between the expected and modeled
distance in labetspace Finally, the BaumWelch (unsuprvised) method required some effort coding but
subsequently did not require human intervention to reach convergence
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Table 2. Qualitative performance summary of the learning algorithms

Algorithm Convergence Speed Performance Human Effort Required
Straight Supervised Best Worst Better
Smooth Supervised Worst Better Worst

Unsupervised Better Best Best

Table 2 shows a qualitative summary of the arguments presented above. We suggest that even when experts are
available to decide whicloperator states should be labeled, uncertainty and subjective judgment cannot be
eliminated from the process. Furthermore, even with a defined state space of labels, it is not possible for an expert to
look at the data and unambiguously assign labelsdergbble stateShis is especially true for states with no clear
ground truthThe possible bias introduced in the labelinggess is detrimental to the éihd therefore the predictive
ability of the model obtained through supervised learning. Theref@resubmit that unsupervised methods should
be preferred to the supervised technique in modeling himbenmactions with automated systems

In addition to the quantitative metrics such as convergence speed and performance, it is interesting toeanalyze th
models for the explanatory mechanism they can provide. For the supervised models, the results obtained are similar
in that they overtly emphasize the role of the MALEs and UUVs. Both supervised models, based on the human
biased grammar, disregard a mapart of the poblem space: the existence o84 vehicle category (the HALES).

The unsupervised learning technique, on the contrary, segregated the HALE and UUV interactions in a separate
state. The unsupervised technique also detected that there wefewenarine targets, and thus the majority of the
interactions with UUVs were spent in target visual task and not replanning. Such examples show the richness of the
interpretation that can be obtained from analyzing atnased model that is based omtitical properties of
operator interactions. The unsupervised model can thus be used as an exploratory tool for the human behaviors,
which could be useful for design, training and monitoring of unmanned vehicle supervisory control systems.

Analyses, bdt quantitative(i.e. model likelihood) and qualitative (i.model interpretation), indicathat for the
purpose of modelindtHSC operator statesthe use of supervised learning is inherently flawed. The results we
obtained showed that the supervised medetlded not only poorer prediction rates, but also failed to capture
important characteristics of operator behavior. The poor results could be blamed, quite rightly, to poor a priori
labeling of the states, and that the results could have been vergnliffeith better labeling. While we agree, this
again highlights the subjective nature of expert state labeling in the presence of uncertainty. In the specific context
of humansupervisory controinodeling, we argue that it is very difficult, if not impdse, to obtain a correct set of
labels. Even using multiple experts to label in hopes of reducing the negative impact of imperfect labeling is not
guaranteed to lead to better resilts

The nature of caect -or even close enoughabels is very domain specific, and when modeling figk
systems such as those in command and control systems, we progb#eetimore conservative and objective
unsupervised approach is superior. Application of supervised learning methods to domains with known ground truth
and objective label identification, such as determining facial expressmmmelodic conteft do not suffer from
these limitations. However, our results demonsttiaét the lack of known grounuth to annotat®peratorstates
leads to poor models, and that unsupervised learning should be strongly considered for future work in similar
contexts.

V. Conclusion

In this paper we compared models of hunsapervisory controbbtained through supervised learning and
unsupervised learning. Our results suggest that not only do the supervised learning methods require significantly
more human involvement both in terms of state labeling and parameter adjustments, they alqueréoihtavorse
than the models obtained with unsupervised learning. The lack of accessible ground truthapelattetcognitive
statesand inherent human dison making biases in labelingnders the supervised learning ageratormodels.
Although donain specific, we propose thaperatormodeling efforts could greatly benefit from using unsupervised
learning techniques
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