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Overview
The ability to recognize the plans and goals of other agents enables humans
to reason about what other people are doing, why they are doing it, and what
they will do next. This fundamental cognitive capability is also critical to interpersonal interactions because human communications presuppose an ability to
understand the motivations of the participants and subjects of the discussion.
As the complexity of human-machine interactions increases and automated systems become more intelligent, we strive to provide them with comparable intent
recognition capabilities.
Research addressing this problem is variously referred to as plan recognition, activity recognition, goal recognition, and intent recognition. This synergistic research area combines techniques from user modeling, computer vision,
natural language understanding, probabilistic reasoning, and machine learning.
Plan recognition algorithms play a crucial role in a wide variety of applications
including smart homes, intelligent user interfaces, personal agent assistants,
human-robot interaction, and video surveillance.
Plan recognition research in computer science dates back at least thirty-five
years, initially defined in a paper by Schmidt, Sridharan, and Goodson [64]. In
the last ten years, significant new advances have been made on this problem by
researchers in artificial intelligence and related areas. These advances have been
driven by three primary factors: first, the pressing need for sophisticated and
efficient plan recognition systems in a wide variety of applications; second, the
development of new algorithmic techniques in probabilistic modeling, machine
learning, and optimization (combined with more powerful computers to use
these techniques); and finally, our increased ability to gather data about human
activities.
Recent research in the field is often divided into two subareas. “Activity
recognition” focuses on the problem of dealing directly with noisy low-level
data gathered by physical sensors such as cameras, wearable sensors, and instrumented user interfaces. The primary task in this space is to discover and
extract interesting patterns in noisy sensory data that can be interpreted as
meaningful activities. For example, an activity recognition system processing
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a sequence of video frames might start by extracting a series of motions and
then will attempt to verify that they are all part of the activity of filling a
tea kettle. “Plan and intent recognition” concentrates on identifying high-level
complex goals and intents by exploiting relations between primitive action steps
which are elements of the plan. Relations that have been investigated include
causality, temporal ordering, coordination among multiple sub-plans (possibly
involving multiple actors), and social convention.

A Brief History
The earliest work in plan recognition was rule-based [63, 64, 77, e.g.], following
the dominant early paradigm in artificial intelligence. Researchers attempted to
create inference rules that would capture the nature of plan recognition. Over
time, it became clear that without an underlying theory to give them structure
and coherence, such rule sets are difficult to maintain and do not scale well.
In 1986, Kautz and Allen published an article, “Generalized Plan Recognition” [35] that has provided the conceptual framework for much of the later
work in plan recognition to date. They defined the problem of plan recognition
as identifying a minimal set of top-level actions sufficient to explain the set of
observed actions. Plans were represented in a plan graph, with top-level actions as root nodes and expansions of these actions as unordered sets of child
actions representing plan decomposition. To a first approximation, the problem
of plan recognition was then a problem of graph covering. Kautz and Allen formalized this view of plan recognition in terms of McCarthy’s circumscription.
Kautz [34] presented an approximate implementation of this approach that recast the problem as one of computing vertex covers of the plan graph. These
early techniques are not able to take into account differences in the a priori
likelihood of different goals. Observing an agent going to the airport, this algorithm views “air travel,” and “terrorist attack” as equally likely explanations,
because they explain (cover) the observations equally well.
To the best of our knowledge, Charniak was the first to argue that plan
recognition was best understood as a specific case of the general problem of
abduction [11, e.g.]. Abduction, a term originally defined by the philosopher
C.S. Peirce, is reasoning to the best explanation, the general pattern being “if
A causes B, and we observe B, we may postulate A as the explanation.” In
the case of plan recognition, this pattern is specialized to “if an agent pursuing
plan/goal P would perform the sequence of actions S, and we observe S, we may
postulate that the agent is executing plan P .” Understanding plan recognition
as a form of abductive reasoning was important to the development of the field,
because it enabled clear computational formulations, and facilitated connections
to areas such as diagnosis and probabilistic inference.
One of the earliest explicitly abductive approaches to plan recognition was
that of Hobbs, et al .[27]. In this work, they defined a method for abduction as a
process of cost-limited theorem-proving [65]. They used this cost-based theoremproving to find “proofs” for the elements of a narrative, where the assumptions
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underlying these proofs constitute the interpretation of the narrative—in much
the same way a medical diagnosis system would “prove” the set of symptoms,
in the process identifying the underlying disease. Later developments would
show that this kind of theorem-proving is equivalent to a form of probabilistic
reasoning [12].
Charniak and Goldman [9] argued that, if plan recognition is a problem of
abduction, it can best be done as Bayesian (probabilistic) inference. Bayesian
inference supports the preference for minimal explanations, in the case of equally
likely hypotheses, but also correctly handles explanations of the same complexity
but different likelihoods. For example, if a set of observations could be equally
well explained by three hypotheses, going to the store to shop and to shoplift,
being one, and going to the store only to shop or going to the store only to
shoplift being the others, simple probability theory (with some minor assumptions), will tell us that the simpler hypotheses are more likely. On the other
hand, if as above, the two hypotheses were “air travel” and “terrorist attack,”
and each explained the observations equally well, then the prior probabilities
will dominate, and air travel will be seen to be the most likely explanation. As
one example of the unifying force of the abductive paradigm, Charniak and Shimony showed that Hobbs and Stickel’s cost-based abductive approach could be
given a probabilistic semantics [12], and viewed as search for the most likely a
posteriori explanation for the observed actions. While the Bayesian approach to
plan recognition was initially quite controversial, probabilistic inference, in one
form or another, has since become the mainstream approach to plan recognition.
Another broad area of attack on the problem of plan recognition has been
to reformulate it as a parsing problem [74, e.g.,], based on the observation that
reasoning from actions to plans taken from a plan hierarchy was analogous to
reasoning from sentences to parse trees taken from a grammar. Early work on
parsing-based approaches to plan recognition promised greater efficiency than
other approaches, but at the cost of making strong assumptions about the ordering of plan steps. The major weakness of early work using parsing as a
model of plan recognition is that it did not treat partially-ordered plans or interleaved plans well. Recent approaches that use statistical parsing [55, 19, 20,
e.g.,] combine parsing and Bayesian approaches and are beginning to address
the problems of partially-ordered and interleaved plans.
Finally, there has been a large amount of work done using extensions of
Hidden Markov Models (HMMs) [6], techniques that came to prominence in
signal processing applications, including speech recognition. These approaches
offer many of the efficiency advantages of parsing approaches, but with the additional advantages of incorporating likelihood information and of supporting
machine learning to automatically acquire their plan models. Standard HMMs
are nevertheless not expressive enough to sufficiently capture goal-directed behavior. As a result, a number of researchers have extended them to hierarchical
formulations which can capture more complicated hierarchical plans and intentions [6, 5].
Much of this latter work has been done under the rubric of activity recognition [15]. The early research in this area very carefully chose the term activity
3

or behavior recognition to distinguish it from plan recognition. The distinction
to be made between activity recognition and plan recognition is the difference
between recognizing a single (possibly complex) activity and recognizing the
relationships between a set of such activities that result in a complete plan.
Activity recognition algorithms discretize a sequence of possibly noisy and
intermittent low-level sensor readings into coherent actions that could be taken
as input by a plan recognition system. The steady decline in sensor costs has
made instrumenting smart spaces practical and brought activity recognition to
the forefront of research in the computer vision and pervasive computing communities. In activity recognition, researchers have to work directly with sensor
data extracted from video, accelerometers, motion capture data, RFID sensors,
smart badges, and Bluetooth. Bridging the gap between the noisy, low-level
data and high-level activity models is a core challenge of research in this area.
As data becomes more readily available, the role of machine learning and data
mining to filter out noise and abstract away from the low-level signals rises in
importance. As in other machine learning tasks, activity recognition can be
viewed as a supervised [57] or an unsupervised [78] learning task, depending on
the availability of labeled activity traces. Alternatively, it can be treated as a
problem of hidden state estimation and tackled with techniques such as hierarchical hidden (semi)-Markov models [47, 15], dynamic Bayesian networks [39],
and conditional random fields [79, 73, 40].
A specialized subfield of “action recognition” is dedicated to the problem of
robustly recognizing short spatio-temporally localized actions or events in video
with cluttered backgrounds (see [53] for a survey); generally activity recognition
carries the connotation that the activity recognized is a more complex sequence
of behavior. For example, “throwing a punch” is an example of an action that
could be recognized by analyzing the pixels within a small area of an image and
a short duration of time. In contrast, “having a fight” is a complex multi-person
activity that could only be recognized by analyzing a large set of spatio-temporal
volumes over a longer duration.
Several researchers have been interested in extending plan recognition to
multiagent settings [62] and using plan recognition to improve team coordination [29, 33]. If agents in a team can recognize what their teammates are doing,
then they can better cooperate and coordinate. They may also be able to learn
something about their shared environment. For example, a member of a military squad who sees a teammate ducking for cover may infer that there is a
threat and hence take precautions.
In domains with explicit teamwork such as military operations or sports, it
can be assumed that all of the agents have a joint persistent commitment to
executing a goal, share a utility function, and have access to a common plan
library grounded in shared training experiences. This facilitates the recognition
process such that in the easiest case it is possible to assume that all of the actions are being driven by one centralized system with multiple “actuators.” For
simpler formulations of the multi-agent plan recognition problem, multi-agent
plan recognition can be performed in polynomial time [4]. In the more complex
case of dynamic teams, team membership changes over time and accurate plan
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recognition requires identifying groupings among agents, in addition to classifying behaviors [67]. Grouping agents in the unconstrained case becomes a set
partition problem, and the number of potential allocations rises rapidly, even
for a small number of agents. Prior work on multi-agent plan recognition has
looked at both extending single agent formalisms for the multi-agent recognition
process [62, 41, 60] and creating specialized models and recognition techniques
for agent teams [66, 3].
Thus, we see how far the field has evolved, from the genesis of plan recognition as a subproblem within classical artificial intelligence to a vibrant field of
research that stands on its own. Figure 1 illustrates the diversity of concepts,
methods, and applications that now drive advances across plan, activity, and
intent recognition. This book provides a comprehensive introduction to these
fields by offering representative examples across this diversity.

Chapter Map
The collection of chapters in this book is divided into four sections: 1) classical
plan and goal recognition approaches, 2) activity discovery from sensory data, 3)
modeling human cognitive processes, 4) multi-agent systems, and 5) applications
of plan, activity, and intent recognition. We discuss each of these areas and the
chapters we have grouped under the headings below.

Classical Plan and Goal Recognition
The book begins with chapters that address modern plan recognition problems
through the same abductive perspective that characterized the seminal work in
the field. The first chapter in this section addresses two important challenges
in modern plan recognition. The first is the question of how much recognition
is actually needed in order to perform useful inference? Can we perform a more
limited, but still useful, inference problem more efficiently? Blaylock and Allen,
in their chapter, “Hierarchical Goal Recognition,” argue that in many cases we
can, and propose to solve the simpler problem of goal recognition. They also
address a second challenge: evaluating plan recognition techniques, proposing
to use synthetic corpora of plans to avoid the problems of acquiring human
goal-directed action sequences annotated with “ground truth” motivation.
Blaylock and Allen’s chapter provides a definition of goal recognition as a
proper subset of plan recognition. In goal recognition all we are interested in is
the top level goal of the agent while in plan recognition we also ask the system
to produce a hypothesis about the plan being followed by the agent, and answer
questions about the state of plan execution such as “how much of the plan is
completed?” and “what roles do particular actions play in the plan?” Blaylock
and Allen present an approach to goal recognition based on Cascading Hidden
Markov Models.
As plan recognition is maturing, it is moving away from exploratory engineering of proof-of-concept plan recognition algorithms. However, it is difficult
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Figure 1: A mind map of research directions, methods, and applications in plan,
activity, and intent recognition.
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to do “apples to apples” comparisons of different techniques without shared
datasets. The Monroe Corpus of plans and observation traces created by Blaylock for his Ph.D. dissertation was one of the first publicly available corpora for
training and testing plan recognition systems. It has been a significant resource
for the plan recognition community as it attempts to move from an exploratory
to a more empirical foundation. This chapter introduces the Monroe Corpus,
describes the synthetic generation approach for creating the corpus, and then
uses it to evaluate the accuracy and performance of Blaylock and Allen’s goal
recognition system.
The next chapter “Weighted Abduction for Discourse Processing Based on
Integer Linear Programming,” by Inoue, et al . represents two important threads
in the history of plan recognition: the use of plan recognition in service of
language understanding and the theoretical development of plan recognition in
terms of abduction. Some of the earliest work in plan recognition was done
in the service of understanding natural language, both in comprehending the
motivations and actions of characters in stories [63, 10, 11] and in order to
identify the interests of participants in discourse [13, 52, 77]. Work by both
Charniak’s group at Brown and Hobbs’s group (originally at SRI) went further,
and integrated language processing and deeper interpretation in ways that fed
backward and forward, such that information about plans could be used to
resolve semantic ambiguity in text interpretation. Inoue, et al . describe an
application to discourse processing, evaluating their work by measuring accuracy
in recognizing textual entailment (RTE). RTE is the problem of determining
whether particular hypotheses are entailed by the combination of explicit and
implicit content of text. In RTE identifying the implicit content of text requires
combining explicit content with commonsense background knowledge, including
plan recognition.
Inoue, et al . further develop Hobbs and Stickel’s cost-based approach to
abduction. They review the concepts of weighted abduction, and describe an
enhancement of these methods that uses integer linear programming (ILP) as
a method for the cost-based reasoning. They show that this method can speed
up the interpretation process by allowing them to exploit both highly optimized
ILP solvers, and machine learning methods for automatically tuning the cost
parameters. They experimentally compare the technique with other methods for
plan recognition and show that their wholly-automated approach has a higher
accuracy than manually-tuned plan recognition methods.
The next chapter “Plan Recognition using Statistical Relational Models” by
Raghavan, et al . is also heavily influenced by an abductive view of the problem
of plan recognition. Here, abductive reasoning is formulated in the framework
of statistical relational learning (SRL) [22]. This framework unifies logical and
probabilistic representation and provides expressive relational models that support efficient probabilistic reasoning and statistical parameter estimation from
data.
Structured models have long been a challenge for plan recognition techniques,
especially those using probabilistic methods. Traditionally probabilistic models
have had very simple structures. Handling more complex structures, including
7

nesting (for subplans), inheritance, and coreference constraints (when shopping,
the thing purchased is typically the same as the thing taken from the shelf), was
a primary challenge to the development of the first Bayesian methods for plan
recognition [9, 24]. This early work combined logical and probabilistic inference
techniques, but had no means to perform efficient approximate inference, or to
learn the required parameters of the models.
In their chapter, Raghavan, et al . apply Markov Logic Networks (MLNs) [59]
and Bayesian Logic Programs (BLPs) [36] to the problem of plan recognition.
To do so, they extend both of these modeling frameworks. MLNs are a very
general modeling framework. For MLNs, they provide a number of alternate
encodings of abductive reasoning problems. BLPs are theoretically less general,
but can exploit directionality in the underlying probabilistic graphical model
to encode causal relationships. Raghavan, et al . develop an extension of BLPs
called Bayesian Abductive Logic Programs (BALPs). They compare the performance of these techniques on plan recognition benchmarks, showing that BALPs
combine efficient inference with good quality results, outperforming the more
general MLNs.
This section of the book then pivots to consider the particularly challenging
problem of adversarial plan recognition. In the case of adversarial agents, we
cannot expect the observed agents to obligingly provide us with their plan libraries, and they may attempt to evade our observational apparatus, or mislead
our plan recognition through stealth or feints. In the chapter “Keyhole Adversarial Plan Recognition for Recognition of Suspicious and Anomalous Behavior”,
Avrahami and Kaminka describe a hybrid plan recognition system that employs
both standard plan recognition and anomaly detection to improve recognition in
adversarial scenarios. The anomaly detection subsystem complements recognition of known suspicious behavior by detecting behaviors that are not known to
be benign. This chapter also investigates the use of utility reasoning in conjunction with likelihood reasoning in plan recognition. Instead of simply identifying
the most likely plan for a set of actions, their system also identifies hypotheses that might be less likely but have a larger impact on the system’s utility
function; in this context these are more threatening hypotheses.

Activity Discovery/Recognition
An important precursor to the task of activity recognition is the discovery
phase—identifying and modeling important and frequently repeated event patterns [43]. Two chapters in the book focus on this emerging research area.
Rashidi’s chapter on “Scaling Activity Recognition,” and “Learning Latent Activities from Social Signals with Hierarchical Dirichlet Processes” by Phung, et
al . Rashidi’s chapter, “Scaling Activity Recognition”, discusses the problem
of analyzing activity sequences in smart homes. Smart homes are dwellings
equipped with an array of sensors and actuators that monitor and adjust the
home control system settings to improve the safety and comfort of the inhabitants. Key advances in this area have been driven by several research groups who
have made activities of daily living (ADL) datasets publicly available [48, 71, 70].
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Rashidi’s work was conducted using data from the CASAS testbed at Washington State [56]; examples of other smart environment projects include Georgia
Tech’s Aware Home [1] and MIT’s House n [68].
Smart environments pose a challenging data analysis problem because they
output non-stationary streams of data; new elements are continuously generated and patterns can change over time. Many activity discovery approaches
(e.g., [43, 72]), use time-series motif detection, the unsupervised identification of
frequently repeated subsequences, as an element in the discovery process. The
term “motif” originated from the bioinformatics community where it is used to
describe recurring patterns in DNA and proteins. Even though these techniques
are unsupervised, they make the implicit assumption that it possible to characterize the user’s activity with one dataset sampled from a fixed period of time.
Problems arise when the action distribution describing the user’s past activity
differs from the distribution used to generate future activity, due to changes in
the user’s habits. Hence it can be beneficial to continue updating the library of
activity models, both to add emerging patterns and discard obsolete ones.
Rashidi proposes that activity discovery can be modeled as a data stream processing problem in which patterns are constantly added, modified, and deleted
as new data arrives. Patterns are difficult to discover when they are discontinuous, due to interruptions by other events, and also when they appear in varied
order. Rashidi’s approach, STREAMCom, combines a tilted time window data
representation with pruning strategies to discover discontinuous patterns that
occur across multiple time scales and sensors. In a fixed time window, older
data is forgotten once it falls outside the window of interest, but with the tilted
time representation the older data is retained at a coarser level. During the
pruning phase, infrequent or highly discontinuous patterns are periodically discarded based on a compression objective that accounts for the pattern’s ability
to compress the dataset. The chapter presents an evaluation of STREAMCom’s
performance on discovering patterns from several months of data generated by
sensors within two smart apartments.
The second chapter in this section, “Learning Latent Activities from Social Signals with Hierarchical Dirichlet Processes” by Phung, et al . describes
a method for analyzing data generated from personal devices, such as mobile
phones [37], sociometric badges [49], and wearable RFID readers [18]. Wearable
RFID readers, such as Intel’s iBracelet and iGlove, are well suited for reliably
detecting the user’s interactions with objects in the environment, which can be
strongly predictive of many activities of daily living [51]. Sociometric badges are
wearable electronic devices designed to measure body movement and physical
proximity to nearby badge wearers. These badges can be used to collect data
on interpersonal interactions and study community dynamics in the workplace.
Two datasets of particular importance, the Reality Mining [16] and Badge [49]
datasets, were released by the MIT Human Dynamics lab to facilitate the study
of social signal processing [50].
Phung et al . describe how a Bayesian nonparametric method, the hierarchical Dirichlet process [69], can be used to infer latent activities such as driving,
playing games, and working on the computer. The strength of this type of ap9

proach is twofold: (1) the set of activity patterns (including its cardinality) can
be inferred directly from the data, and (2) statistical signals from personal data
generated by different individuals can be combined for more robust estimation
via a principled hierarchical Bayesian framework. The authors also show how
their method can be used to extract social patterns such as community membership from the Bluetooth data capturing colocation of users in the Reality Mining
dataset. The activity discovery techniques described in these two chapters will
be of interest to readers working with large quantities of data who are seeking to
model unconstrained human activities using both personal and environmental
sensors.

Modeling Human Cognition
Much of this book presents computational mechanisms that try to recognize
a human being’s plans, activities, or intentions. This section, in contrast, examines the human brain’s own mechanisms for performing such recognition in
everyday social interaction. These mechanisms include a Theory of Mind [75, 76]
that allows people to attribute others with the same kind of mental states and
processes that they possess themselves.
Empirical studies have shown that people typically ascribe goals and beliefs
to the observed behavior of others using a causal model informed by their own
decision-making [26]. This causal model often includes the observed agent’s own
theory of mind, leading to recursive levels of recognition [7]. Researchers have
sought to build computational models that capture this naturally occurring Theory of Mind by combining models of rational decision-making, with reasoning
from observed behavior to underlying beliefs and utilities. Such quantitative
representations of uncertainty and preferences have provided a rich language
for capturing human decision-making, and the chapters in this section are emblematic of a growing number of human-inspired approaches to plan recognition
[54, 58].
This section’s first chapter,“Modeling Human Plan Recognition using Bayesian
Theory of Mind”, presents a framework for Theory of Mind that, like many
computational approaches to plan recognition, starts with a generative model
of decision making and then uses that model for abductive reasoning. Baker and
Tenenbaum frame a person’s decision as a partially observable Markov decision
problem (POMDP), representing uncertain beliefs as a probability distribution
and preferences as a reward function. The POMDP also captures the effects
of the person’s action choices, supporting domain-independent algorithms that
compute a value function over those action choices. These algorithms operate
on the assumption that the choices that generate the highest expected reward
will have the highest value to the decision maker. By inverting this value function, an observer can perform Bayesian inference to reconstruct the observed
person’s belief state and reward function, conditional on the observed behavior.
The chapter presents empirical evidence showing that this Bayesian Theory of
Mind is an accurate predictor of human judgments when performing plan recognition in experimental settings.
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This section’s second chapter,“Decision-Theoretic Planning in Multiagent
Settings with Application to Behavioral Modeling”, similarly uses POMDPs as
a basis for abductive reasoning about human behavior. However, just as human
Theory of Mind operates within the context of social interaction, Doshi, et al .
place POMDP models of others within the context of the observing agent’s
own decision-making. In particular, their interactive POMDPs (I-POMDPs)
use nested POMDPs to model an observing agent’s decision-making while also
ascribing Theory of Mind in a recursive fashion to the observed agent. Thus, the
I-POMDP framework supports plan recognition when observing the behavior of
people, who may also be performing plan recognition of people, who may also
be performing plan recognition, etc. While this recursion may be arbitrarily
deep in theory, the chapter also presents a technique by which I-POMDPs of
fixed nesting depth can fit data gathered from human behavior when reasoning
about others.

Multi-Agent Systems
Plan and activity recognition formalisms generally assume that there is only
one person or agent of interest, but in many real-world deployment scenarios,
multiple people are simultaneously performing actions in the same area or cooperating to perform a group task. The presence of multiple agents can lead
to action interdependencies that need to be accounted for in order to perform
accurate recognition.
The first chapter in this section, “Multi-Agent Plan Recognition from Partially Observed Team Traces,” frames the multi-agent plan recognition process
as a weighted maximum satisfiability (MAX-SAT) problem, rather than treating it as abduction or inference, as was presented in the early chapters. In a
weighted MAX-SAT problem, the aim is to determine the maximum number
of clauses in a Boolean formula that can be satisfied by a variable assignment.
Zhuo outlines two representation options: 1) team plans expressed as a set of
matrices or 2) a set of action models and goals in the STRIPS planning language. Assuming the existence of a plan library, Zhuo’s MARS (Multi Agent
Recognition System) finds candidate occurrences of team plans in the observed
trace and generates constraints based on this candidate set that are used by
the solver. In the case where no plan library exists, Zhuo’s alternate framework
DARE (Domain-based multi Agent Recognition) identifies plans constructed using the pre-defined action models that explain all observed activities and have
the highest likelihood of achieving the goal, as measured by a combination of
coordination costs and plan length. Both frameworks are reasonably robust to
increases in the number of agents and the number of missing observations.
The second chapter in this section, “Role-based Ad Hoc Teamwork,” moves
from plan recognition in STRIPS domains to examining movement-oriented
team tasks such as foraging and capture the flag. Motivated by pickup soccer games, Genter et al .’s objective is to develop agents that are capable of
participating in ad hoc teams. In order to be an effective participant, these
agents adaptively decide on future actions after assessing their teammates’ cur11

rent play. In Genter et al .’s approach, team activities are expressed as sets
of roles filled by the different players. Assuming that it is possible to accurately recognize the roles of the other players, the agent joining the ad hoc team
performs marginal utility calculations to select the best role to fill gaps in the
current team’s strategy. Analyzing multi-agent activities is an area of ongoing
research, and the two chapters in these section show the breadth of work in this
area.

Applications
This section of the book presents work on the practical application of plan
and activity recognition techniques. The core plan recognition algorithms are
both versatile and broadly applicable to any application that involves human
interaction. However specialized customization, or “secret sauce”, is often required to make systems with different types of input data—video [28], natural
language [8], or user interface events [38]–perform well, and to adapt generalpurpose heuristics to specific situations. These chapters discuss how the recognition process should interface with other system components, rather than focusing on algorithmic improvements to activity and plan recognition.
The first chapter in this section, “Probabilistic Plan Recognition for Proactive Assistant Agents,” by Oh et al ., illustrates one of the most common applications of plan and activity recognition techniques: automated systems that
assist human users. To be able to choose the best assistance to provide, such
systems must be able to infer the users’ current tasks and goals, as well as anticipate their future needs. Oh et al . pay special attention to the need to be
proactive in providing assistance when the users are under heavy cognitive load,
as in emergency response domains. They apply probabilistic plan recognition
algorithms that use a generative Markov decision problem (MDP) model of the
domain as the basis for the agent’s inference of the users’ goals. The agent can
then use that inference to generate predictions of the users’ chosen course of
action and to inform its own planning process in assisting that course of action. The chapter illustrates the successful application of this general approach
within the specific domains of military peacekeeping operations and emergency
response.
Another application area of particular interest is the use of plan/activity
recognition as a tool for modeling players in computer games and virtual worlds.
Player modeling differs from other types of user modeling problems because
much of the user experience is driven by the players’ interpretation of virtual
world events, rather than being limited to their interactions with menus, mouse,
and keyboard. The human user simultaneously occupies multiple roles: software
customer, inhabitant of the virtual world, and, in serious games, student seeking
to perfect skills. Yet people’s activities in virtual worlds are more structured
than their real-world behavior due to the limited vocabulary of actions and the
presence of artificial winning conditions. Also, data collection is easier in virtual
environments due to the lack of sensor noise. Thus human behavior recognition
in computer games offers more complexity than other user modeling problems
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with fewer deployment issues than analyzing data from smart environments.
A popular game format is to provide players with quests that can be completed for character advancement; this style of game supports a non-linear narrative structure, offers limited freedom to the players to select quest options, and
easy extensibility for the game designers. Researchers modeling player behavior
in games can assume that all of the players’ actions are performed in the service
of completing quests and formalize the problem as one of goal recognition. Albrecht et al . implemented the earliest demonstration of online goal recognition
for text-based computer adventure games using dynamic Bayesian networks to
recognize quest goals and to predict future player actions [2]. Adding additional game context information to the model has been shown to be helpful for
identifying transitions between goals. For example, Gold’s system [23] employs
low-level inputs in conjunction with input-output hidden Markov models.
The chapter “Recognizing Player Goals in Open-Ended Digital Games with
Markov Logic Networks” describes research done on one of the most famous
testbeds, Crystal Island, a game-based learning environment in which the students solve a science mystery [42]. Crystal Island has been used as a testbed
for both pedagogical research and earlier studies on performing goal recognition
using Bayes nets and scalable n-gram models [45]. In this chapter, Ha et al .
describe how Markov logic networks (discussed in Chapter 3 by Raghavan et
al .) improve upon the previous n-gram model. The authors show that a major advantage of their factored MLN model is that it can leverage associations
between successive goals, rather than treating the goals individually.
Good player modeling is an important stepping stone toward the creation
of player-adaptive games that automatically adjust gameplay to enhance user
enjoyment. For instance, dynamic difficulty adjustment games modify the challenge level of the scenario by changing the number, health, and firing accuracy
of the opposing forces [30]. Previous work in this area has concentrated on
simple numeric attribute adjustments or scenario modifications [32] rather than
changing the action choices of the automated opponents.
The third chapter, “Using Opponent Modeling to Adapt Team Play in American Football,” tackles the problem of creating player-adaptive sports games
that learn new strategies for countering the player’s actions. Football plays are
similar to conditional plans and generate consistent spatio-temporal patterns;
the authors demonstrate that it is possible to recognize plays at an early execution stage using a set of supervised classifiers. This differs from prior work
on camera-based football recognition systems in which the emphasis has been
on recognizing completed plays rather than partial ones (e.g., [31]). Play recognition is used in multiple ways: 1) to learn an offline play book designed to
be challenging for a specific player and 2) to make online repairs to currently
executing plays. With the rapid expansion of game telemetry systems that collect massive amounts of data about players’ online experience, it is likely that
future game systems will increase their usage of machine learning for player
modeling [17].
The last chapter in this section, “Intent Recognition for Human-Robot Interaction,” by Kelley et al ., addresses human-robot interaction. Many people
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dream of the day when a “robot butler” will be able to do all of the boring
repetitive tasks that we wish we didn’t have to do. However, creating a robot
that can perform the tasks is only half the battle; it is equally important that
the user’s interactions with the system be effortless and pleasant. Ultimately,
we want household assistants that can anticipate our intentions and plans and
act in accordance with them. As discussed in many chapters of this volume,
building proactive assistant systems like a robot butler requires plan recognition.
General-purpose autonomous, physically-embodied systems like the robot
butler rely on the successful integration of a large number of technologies. The
system described in this chapter provides a good example, involving the integration of research in vision, planning, plan recognition, robotics, and natural
language processing.
Highly integrated systems like this one provide us many opportunities to
test our research systems. First and most obviously they provide us with an
opportunity to explore the limits of algorithms when they are taken out of the
controlled conditions of the lab. Since plan recognition must share a limited
pool of computational resources with other tasks, the real time requirements in
such “embodied” systems are often more demanding than in other application
domains. For example, given how much time it takes to plan and execute a
response, how much time can we spend on plan recognition?
Second, integration into whole real world systems can give us much needed
perspective on the challenging parts of our respective research questions when
applied to actual problems rather than the theoretical cases. For example, what
quality and detail can we expect from action observations that come from actual
vision or sensor systems?
Finally, highly integrated applications provide us with opportunities to learn
from the solutions of others. It exposes us to approaches that researchers in
other sub-areas have employed to address problems that may be similar to ours.
For example, can we use knowledge from language to form context structures
to help disambiguate plans?
This final chapter illustrates all of these issues, and shows us some of the
first steps that plan recognition algorithms are taking to help create applications
that will be indispensable in the future.

Future Directions
The immediate future holds many exciting opportunities as well as challenges
for the field. The new wave of user-centric and context-aware applications including personal assistants; customized recommendation and content delivery;
personalized health and elder care; smart and interactive spaces; and humanrobot interaction all share one essential requirement: to accurately capture and
track the current user’s activities. The continued growth of such applications
ensures that plan and activity recognition will receive increased attention from
academia and industry. Thanks to the efforts of many research groups, there
has been a democratization of recognition techniques in which more software
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developers are creating and deploying systems that use limited forms of plan
and intent recognition. Software toolkits such as the Google Activity Recognition API [25] have made common algorithms freely accessible for mobile phone
platforms.
Yet important unsolved research questions remain and new challenges abound.
Interestingly, prominent application areas of today have conflicting requirements
for plan recognition. Big data and cloud computing drive the demand for large
scale analysis of data using vast computing power. On the other hand, personal
assistants and robotic systems typically contend with resource-constrained mobile platforms. In many cases we wish to handle more complex activities by
larger groups of users over extended time periods.
Since the conception of the field, researchers have grappled with a fundamental question: what are the suitable computational models and structures for
representing plans, activities and intents that also facilitate efficient and robust
learning and recognition algorithms? Early work in the field mostly employed
representations based on predicate or first-order logic, which are convenient
for representing the kind of structures that often encountered in a plan (preconditions, post-conditions, subgoals). As the need to work with sensor data
and events becomes more acute, recent work has made heavy use of probabilistic
and statistical models. In doing so, researchers trade expressivity for robustness
against noise, a necessity in real world applications. As the type of activities
and intents we consider increases in complexity, the question about suitable
representation structure becomes the focus once more. For more ambitious applications, we require (1) a rich structure for representing high-level plans and
intentions, and (2) a mechanism for scoring and ranking the different structures
beyond what logical inference can offer. Recent statistical relational learning
frameworks that combine first-order logic, probabilistic reasoning and statistical
estimation promise to satisfy both of these requirements. New work [46, 61, 44]
including the chapter by Raghavan, et al . in this book, has already started to
explore this important direction, but much more needs to be done.
More efficient and scalable recognition methods will continue to be a key
research theme in theoretical and algorithmic development in the field. We expect that the development of new techniques in machine learning, probabilistic
inference and optimization will serve as the foundation for advancing plan and
activity recognition algorithms. A relatively unexplored direction is parallelization [21], and leveraging cloud computing resources. On a local scale these could
make our plan recognition algorithms more responsive, and more globally, they
could yield algorithms that can operate at the big data scale.
Automatic creation of models and plan libraries through activity discovery
remains a significant problem. The exploding use of personal mobile devices,
and location-based social media apps has led to an increase in the amount of
data available on human activities that can be leveraged by activity discovery
algorithms. Wearable devices and sensors represent another potentially very
large source of data of a different modality. It is clear that in many domains, to
author a large enough set of plans and activities to describe all of the possibilities
is impractical; therefore discovering and estimating personalized models from
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this mostly unlabeled and multimodal data is important. It is also desirable for
developers to be able to contribute their domain knowledge by authoring plan
models, while not inhibiting the model discovery process.
An issue of growing importance will be protecting the individual’s need for
privacy in environments where sensors are more common and potentially intrusive. Creating opt-in policies allowing users greater freedom to protect their
data is the first start in addressing this issue. Proactive assistant agents and intelligent user interfaces have the potential to provide valuable services to users
who choose to expose data to the application. For instance, many users opt
to let their mobile phone apps utilize their GPS data because of the growing
number of context-sensitive apps. Ultimately, we hope to see privacy-aware
techniques for learning personalized models while allowing trade-offs between
maintaining privacy and statistical estimation efficiency [14].
The combination of exciting research problems driven by high-impact realworld applications and the exponential growth of user data will ensure that the
field of plan, activity, and intent recognition continues to be an important and
fruitful area for researchers and developers in the future.
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