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Abstract. We present a new approach to goal recognition that in-
volves comparing observed facts with their expected probabilities.
These probabilities depend on a specified goal g and initial state s0.
Our method maps these probabilities and observed facts into a real
vector space to compute heuristic values for potential goals. These
heuristic values estimate the likelihood of a given goal being the
true objective of the observed agent. As obtaining exact expected
probabilities for observed facts in an observation sequence is often
practically infeasible, we propose and empirically validate a method
for approximating these probabilities. Our empirical results show
that the proposed approach offers improved goal recognition preci-
sion compared to state-of-the-art techniques while reducing compu-
tational complexity.

1 Introduction

Goal recognition is the task of recognizing the goal(s) of an observed
agent given a sequence of actions executed or a sequence of states
visited by the agent. In this paper, we focus on observed action se-
quences for the theoretical discussion of the goal recognition prob-
lem. Goal recognition is relevant in many application domains like
crime detection [7], pervasive computing [21, 6], or traffic monitor-
ing [13]. Existing goal recognition systems often rely on the principle
of Plan Recognition As Planning (PRAP) and, hence, utilize concepts
and algorithms from the classical planning community to solve the
goal recognition problem [14, 15, 18, 1]. Nevertheless, a fundamental
limitation of many systems from this area, which require computing
entire plans to solve a goal recognition problem, is their computa-
tional complexity. Pereira et al. [12] approached this shortcoming
by introducing a planning landmark-based heuristic approach, which
outperforms existing goal recognition approaches and requires much
less computation time. However, as this approach only relies on fact
landmarks, it neglects the information from all other observed facts.

In the context of classical planning, facts model the properties of
the planning environment. The subset of true facts in a particular mo-
ment defines a planning state. This paper presents a novel approach
to goal recognition that involves comparing observed facts with their
probability of being observed. We define the probability of observ-
ing a fact f as the probability of f being added to the planning state
by an action in an observation sequence (i.e., plan) that starts at the
initial state s0 and ends at a possible goal state sg . The proposed ap-
proach implements this comparison by mapping the fact observation
probabilities per goal, the initial state s0, and the currently observed
state st into a real vector space. Based on these vector mappings, the
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proposed method computes a heuristic value for each possible goal.
These heuristic values estimate the probabilities that a possible goal
g is the actual goal g∗ of the observed agent. In the remainder of this
paper, we refer to our proposed method as Fact Probability Vector
Based Goal Recognition (FPV).

FPV and the planning landmark-based (PLR) method introduced
by Pereira et al. [12] fall in the same class of heuristic goal recogni-
tion approaches. PLR uses the fact that a planning landmark l, by def-
inition, has to be observed during an observation sequence that starts
at s0 and ends at g. Based on this, PLR uses a heuristic that estimates
the probability of a goal g being the actual goal g∗ by counting how
many planning landmarks out of all landmarks have already been
observed for g. However, this limits the PLR approach to using only
observed facts that are planning landmarks. This problem becomes
more severe when fewer planning landmarks exist in a planning do-
main. One extreme case for such a domain is the grid-world domain,
as discussed in Section 3. Only the initial state and the goal facts are
fact landmarks in this domain. To address this problem, FPV consid-
ers not solely the facts that are landmarks but all facts that a given
planning domain defines.

More explicitly, the contributions of this paper are:

• In Section 3, we propose a novel approach to goal recognition
that involves comparing fact observation probabilities with actu-
ally observed facts.

• As the fact observation probabilities are usually not given, we pro-
pose a method to estimate the fact observation probabilities in Sec-
tion 4.

• In Section 5, we empirically show that FPV achieves better goal
recognition precision, especially when dealing with low observ-
ability, and is more efficient regarding computation time than ex-
isting state-of-the-art methods.

2 Background

This section introduces relevant definitions in the context of classical
planning and goal recognition.

2.1 Classical Planning

Classical planning uses a symbolic model of the planning domain
that defines the properties of the planning environment (i.e., plan-
ning facts) and possible actions. These actions are defined by their
preconditions and effects. Given an initial state and a goal, planning
methods aim to construct an action sequence (i.e., plan) that trans-
forms the initial state into a valid goal state (i.e., a state in which

ECAI 2024
U. Endriss et al. (Eds.)

© 2024 The Authors.
This article is published online with Open Access by IOS Press and distributed under the terms

of the Creative Commons Attribution Non-Commercial License 4.0 (CC BY-NC 4.0).
doi:10.3233/FAIA240999

4254



the goal description holds). The generated plans might be strictly or
approximately optimal depending on the planning method used. For
the theoretical analysis of FPV, we focus on the STRIPS part of the
Planning Domain Definition Language (PDDL) [11]. Nevertheless,
our empirical evaluation results show that FPV performs very well
in domains not restricted to STRIPS. It is important to note that FPV
must properly handle negated facts in the preconditions and goal(s)
to apply the STRIPS principle to non-STRIPS domains. Our current
implementation compiles negated facts away and introduces an addi-
tional fact for each negated fact in the grounded planning domain.

Definition 1 ((STRIPS) Planning Problem). A Planning Problem is
a Tuple P = 〈F, s0, A, g〉 where F is a set of facts, s0 ⊆ F and
g ⊆ F are the initial state and the goal and A is a set of actions.
Each action is defined by its preconditions Pre(a) ⊆ F and its
effects Add(a) ⊆ F and Del(a) ⊆ F . Add(a) and Del(a) describe
the effects of an action a in terms of facts that are added and deleted
from the current state when the planning agent executes a. Actions
have a non-negative cost c(a). All facts f ∈ F that are true in the
current planning state define a state s ⊆ F . A state s is a goal state
if and only if s ⊇ g. An action a is applicable in a state s if and only
if Pre(a) ⊆ s. Applying an action a in a state s leads to a new state
s′ = (s ∪Add(a) \Del(a)).

Definition 2. (Solution to a Planning Problem) A solution for a plan-
ning problem is a sequence of applicable actions π = (ai)i∈[1,N ]

that transforms s0 into a goal state. The cost of a plan is defined as
c(π) =

∑
i

c(ai). A plan is optimal if the cost of the plan is minimal.

Ignore Delete Effects Relaxation. In this paper, we propose to
use concepts developed in the context of the Ignore Delete Effects
Relaxation, which has been popular in classical planning since its
introduction by Bonet et al. [3]. In the remainder of the paper, we use
the term relaxed planning state to refer to a delete relaxed planning
state. As the name indicates, this relaxation ignores all delete effects
of the actions defined in a planning domain. More formally, a delete
relaxed STRIPS planning problem is defined as follows:

Definition 3 (Delete Relaxed (STRIPS) Planning Problem). Given a
planning problem P = 〈F, s0, A, g〉, the corresponding delete re-
laxed planning problem is defined as P+ = 〈F, s0, A+, g〉. The
delete relaxed action set A+ contains all delete relaxed actions
from A. The preconditions, add list, and delete list for the delete
relaxed version a+ of action a are defined as prea+ = prea,
adda+ = adda, dela+ = ∅. Hence, applying an action a+ in a
state s leads to a new state s+ = (s ∪Add(a+)).

Definition 4. (Solution to a Delete Relaxed Planning Problem) A
solution for a delete relaxed planning problem is a sequence of
applicable actions (relaxed plan) π+ = (a+

i )i∈[1,N ] that trans-
forms s0 into a goal state. The cost of a relaxed plan is defined as
c(π+) =

∑
i

c(a+
i ). A relaxed plan is optimal if the cost of the re-

laxed plan is minimal.

2.2 Goal Recognition

This paper investigates a solution method for the (online) goal recog-
nition problem. Let us first define the goal recognition problem:

Definition 5 (Goal Recognition). Goal recognition is the problem
of inferring a nonempty subset Ĝ of a set of intended goals G of an
observed agent, given a possibly incomplete sequence of observed

actions O and a domain model D that describes the environment in
which the observed agent acts. The observation sequence O is a plan
from s0 to the agent’s hidden true goal g∗. More formally, a goal
recognition problem is a tuple R = 〈D,O,G〉.
Definition 6. (Solution to a Goal Recognition Problem) A solution
to a goal recognition problem R is a nonempty subset Ĝ ⊆ G such
that all g ∈ Ĝ are considered to be equally most likely to be the true
hidden goal g∗ that the observed agent currently tries to achieve.

The most favorable solution to a goal recognition problem R is
a subset Ĝ containing only the true hidden goal g∗. In this paper,
D = 〈F, s0, A〉 is a planning domain with a set of facts F , the initial
state s0, and a set of actions A. The online goal recognition problem
is an extension to the previously defined goal recognition problem
that additionally introduces the concept of time, and we define it as
follows:

Definition 7 (Online Goal Recognition). Online goal recognition is
a variant of the goal recognition problem, where we assume that the
observation sequence O is revealed incrementally. More explicitly,
let t ∈ [1, T ] be a time index, where T = |O| and hence, the obser-
vation sequence for time index t is defined as Ot = (oi)i∈[1,t]. For
every value of t, a goal recognition problem R(t) can be induced as
R(t) = 〈D,G,Ot〉.
Definition 8. (Solution to an Online Goal Recognition Problem) A
solution to the online goal recognition problem are the nonempty
subsets Ĝt ⊆ G; ∀t ∈ [1, T ].

It is important to note that, in contrast to many existing methods
(i.e., [14], [15], [10], [19], [18]), FPV can deal with observing actions
and observing states simultaneously. FPV requires fact observations,
as FPV compares the observed facts with the fact observation proba-
bilities. From action observations, FPV can derive the corresponding
observed facts from the given planning domain, which defines the
add effects of each action. In the case of state observations, the ob-
served states directly define the observed facts.

3 Fact Probability Vector Based Online Goal
Recognition

In this paper, we propose to perform goal recognition by comparing
the fact observation probability and the set of actually observed plan-
ning facts. To discuss how the fact observation probability is formally
defined, we first define the case in which FPV considers a planning
fact as being observed.

Definition 9 (Observed Planning Fact). Given a goal recognition
problem R, we define a planning fact f ∈ F to be observed during
an observation sequence O if and only if f ∈ ⋃

a∈O add(a).

Definition 10 (Fact Observation Probability). We define the set of
fact observation probabilities for each goal g ∈ G as Pg

F =
{Pf (B|s0, g)|f ∈ F}, where variable B can take two values; one
representing that f is observed (cf., Definition 9) and the other rep-
resenting that f is not observed.

For example, the distribution Pf (B|s0, g) models the probability
that fact f is observed during an observation sequence that starts in s0
and ends in a goal state sg . FPV implements the comparison between
fact observation probabilities and observed facts based on real vector
interpretations of Pg

F , s0, and the currently observed state st.
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Mapping Planning States And Pg
F Into a Real Vector Space. To

map a planning state s into its |F |-dimensional real vector represen-
tation s ∈ R

|F |, we use the following mapping:

sf =

{
1, iff f ∈ s

0, else
(1)

In Equation 1, s is a planning state, and sf is the element of s that
encodes the planning fact f . The resulting vector mapping s of a
planning state s encodes the observational evidence from s. Algo-
rithm 1, presented later in the paper, will refer to this function using
the signature mapState(s).

To map the fact observation probabilities Pg
F (cf., Definition 10

into an |F | dimensional real vector representation vg ∈ R
|F |, given

an initial state s0 and a goal description g, FPV uses the following
mapping:

vg
f = Pf (f ∈

⋃
a∈O

add(a)|s0, g) (2)

Algorithm 1, which is presented later in the paper, will refer to this
function using the signature mapP (s0, g,Pg

F ). As an example, con-
sider a simple domain in which F = {f1, f2, f3}, s0 = ∅, and there
is only one possible goal g = {f3}. Further, Pg

F is defined as Pg
F =

{Pf1 = (0.8, 0.2), Pf2 = (0.3, 0.7), Pf3 = (1.0, 0.0)}, where we
use the following notation (Pf (f ∈ ⋃

a∈O add(a)|s0, g), Pf (f 
∈⋃
a∈O add(a)|s0, g)). For this example, vg is defined as vg =

(0.8, 0.3, 1.0). The resulting vector representation of Pg
F is an en-

coding of how probable it is that each fact f ∈ F is added to the
current planning state st at any point in time by an observation se-
quence that starts at s0 and leads to goal g.

Method. For goal recognition, FPV calculates a heuristic score for
each goal based on the mappings of the points s+0 and s+t (cf., Equa-
tion 1) and the mapping of Pg

F for each goal (cf., Equation 2). FPV
uses the currently observed relaxed planning state (i.e., s+t ) instead
of the non-relaxed state because it contains additional information
about the planning states the observation sequence has already vis-
ited. As defined by Definition 3, under the delete relaxation, facts can
only be added to the initial planning state but can never be deleted.
Consequently, s+t contains all facts added by any action in the re-
laxed observation sequence O+, which contains the relaxed action
a+ for all actions a ∈ O. The resulting vector s+t contains a one for
all facts that either have been already true in s0 or were added by
an action in the observation sequence and zero otherwise. Based on
the vector mappings, FPV calculates each goal’s heuristic score as
defined by Equation 3.

h(s+0 , s
+
t ,v

g) = ||
−−−−−−−−−→
(s+0 � vg,vg)||2 − ||

−−−−−−−−−→
(s+t � vg,vg)||2 (3)

In Equation 3, � is an elementwise multiplication of two vectors
as defined by Equation 4,

−−−→
(x,y) is a direction vector between two

points x and y as defined by Equation 5, and ||x||2 is the l2 vector
norm, which is defined as ||x||2 =

√∑n
k=1 x

2
k.

(s� v)i =

{
si ∗ vi, iff vi > 0

si, else
(4)

Using the elementwise multiplication �, as defined by Equation 4,
ensures that the heuristic value monotonically increases for a goal g
when only facts for which Pf (f ∈ ⋃

a∈O add(a)|s0, g) > 0 holds
are observed. −−−→

(x,y) = y − x (5)

Algorithm 1 Fact Observation Probability Based Goal Recognition.

1: function RECOGNIZE GOALS(PF , s0, G, Ot)
2: Ĝ ← ∅ � Set of recognized goals
3: h ← {} � Maps goals to heuristic values
4: for all g ∈ G do

5: vg ← mapP (s0, g,Pg
F ) � cf., Equation 2

6: end for

7: s+t ← s+0 � Initialize current observed state
8: for all oi ∈ Ot do

9: s+t ← s+t [[oi]] � Update observed state
10: end for

11: s+t ← mapState(s+t ) � cf., Equation 1
12: for all g ∈ G do

13: h[g] ← h(s+0 , s
+
t ,v

g) � cf., Equation 3
14: end for

15: maxH ← maxV alue(h)
16: for all g ∈ G do

17: if h[g] = maxH then

18: Ĝ ← Ĝ ∪ {g}
19: end if

20: end for

21: return Ĝ
22: end function

Computing the direction between (s+0 �vg) and vg results in a vec-
tor that encodes for each fact f , how likely it is that f has to be added
to the initial state to reach a valid goal state as approximated by Pg

F .
This is because the resulting vector becomes zero at all points where
both s+0 and vg have values greater than zero. Similarly to the first
direction vector, computing the direction between (s+t � vg) and
vg results in a vector that encodes for each fact f , how likely it is
that f has to be added to the currently observed relaxed state s+t to
reach a valid goal state. Hence, the heuristic computed by FPV esti-
mates the probability of a goal g being the true hidden goal g∗ of the
observed agent by computing the distance already covered by the ob-
servation sequence between the initial state and a valid goal state for
g as estimated by the fact observation probabilities. In addition, the
heuristic punishes goals for which Pg

F assigns a probability of zero
to facts that were actually observed. In this case, the vector resulting

from
−−−−−−−−−→
(s+t � vg,vg) will have a value of minus one at all positions

that correspond to such facts. Consequently, ||−−−−−−−−−→(s+t � vg,vg)||2 in-
creases, which results in an overall decreased heuristic value.

The algorithm used to recognize goals based on the previously
defined vector mappings is described in Algorithm 1. As a first step,
vg has to be determined for each goal g ∈ G (lines 4-6). As a second
step, the vector representation s+t of the currently observed relaxed
state is calculated (lines 7-9). Afterward, Algorithm 1 calculates the
heuristic value for all goals (lines 10-12). As a last step, from the
calculated heuristic values, Algorithm 1 selects the goals that have
the maximum heuristic value (lines 13-19).

Example. This paragraph illustrates FPV based on a simple exam-
ple. For this example, we consider the grid environment in Figure 1.
In 1, the agent is initially located in cell c23 and wants to reach one
of the two goals, G1 or G2. The agent can move through the environ-
ment using moves in all directions except diagonal moves to all cells
that are not colored black; each move has a cost of 1. We assume that
Figure 1 visualizes a corresponding planning domain model. This
domain model includes only one predicate (is-at ?x) that models the
current position of the agent (e.g., (is-at c23)) and only one action
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Figure 1: Exemplary grid environment.

schema m(?x, ?y) that allows the agent to move from cell x to cell y.
Further, the red arrows indicate actions in the observation sequence
O. In addition, we assume that the agent acts entirely rationally ac-
cording to the modeled action costs (i.e., the agent uses cost-optimal
plans).

In this example, both goals have exactly two optimal plans. Fur-
ther, we assume that the agent is indifferent about taking any of
the two optimal plans and, hence, takes either path with a proba-
bility of 0.5. Table 1 summarizes the fact observation probabilities
for the described example domain. Consequently, for this example,
vG1 equals the observed column for PG1

f from top to bottom and
vG2 the observed column for PG2

f from top to bottom. The two red
arrows in Figure 1 define the observation sequence for this scenario
as O = {m(c23, c22),m(c22, c21)}. Hence, the currently observed
relaxed state is s+t = {(is-at c23), (is-at c22), (is-at c21)}. For goal
recognition, FPV calculates the heuristic values for G1 and G2. We
will exemplify the calculation for G1 only here, as the calculation

follows similar paths for G2. As a first step ||
−−−−−−−−−−−→
(s+0 � vG1,vG1)||2 is

calculated. In this example, as only one fact (i.e., (is-at c23)) is true
in s0, s+0 has only one non-zero element representing the fact (is-at
c23). Hence, the result of s+0 �vG1 is similar to s+0 as the fact obser-
vation probability for (is-at c23) is equal to 1 and all other elements of

vG1 are multiplied out. From this, FPV calculates
−−−−−−−−−−−→
(s+0 � vG1,vG1).

The resulting vector is, in this example, equal to vG1 except for hav-
ing a value of 0 at the position that represents the fact (is-at c23)
as this has a value of 1 in both vectors. Then, FPV calculates the
l2 norm for this vector, which is 1.87 for this example. As a second

step ||
−−−−−−−−−−−→
(s+t � vG1,vG1)||2 is calculated. In contrast to s+0 , s+t has

three non-zero elements representing the facts in s+t (i.e., (is-at c23),
(is-at c22), and (is-at c21)). Consequently, the result of s+t � vG1

also has three non-zero elements containing the observation proba-
bilities for the facts (is-at c23), (is-at c22), and (is-at c21). Hence,−−−−−−−−−−−→
(s+t � vG1,vG1) is equal to vG1 except for having a value of 0 for
the three facts in s+t . As a result, this vector’s norm is 1.73, which
leads to a heuristic value h(s+0 , s

+
t ,v

g) = 1.87 − 1.73 = 0.14. As
the observation sequence does not add facts assigned a value larger
than 0 by the fact observation probabilities for G2, both parts of the
heuristic computation for G2 will result in the same vector norm.
Hence, for G2, we have a heuristic value of 0 in this example. Con-

Table 1: Fact observation probabilities for the example depicted in
Figure 1.

f PG1
f PG2

f
observed not observed observed not observed

(is-at c1) 1.0 0.0 0.0 1.0
(is-at c2) 0.5 0.5 0.0 1.0
(is-at c3) 0.5 0.5 0.5 0.5
(is-at c4) 0.0 1.0 0.5 0.5
(is-at c5) 0.0 1.0 1.0 0.0
(is-at c6) 0.5 0.5 0.0 1.0
(is-at c7) 0.0 1.0 0.0 1.0
(is-at c8) 0.5 0.5 0.5 0.5
(is-at c9) 0.0 1.0 0.0 1.0
(is-at c10) 0.0 1.0 0.5 0.5
(is-at c11) 0.5 0.5 0.0 1.0
(is-at c12) 0.0 1.0 0.0 1.0
(is-at c13) 0.5 0.5 0.5 0.5
(is-at c14) 0.0 1.0 0.0 1.0
(is-at c15) 0.0 1.0 0.5 0.5
(is-at c16) 0.5 0.5 0.0 1.0
(is-at c17) 0.0 1.0 0.0 1.0
(is-at c18) 0.5 0.5 0.5 0.5
(is-at c19) 0.0 1.0 0.0 1.0
(is-at c20) 0.0 1.0 0.5 0.5
(is-at c21) 0.5 0.5 0.0 1.0
(is-at c22) 0.5 0.5 0.0 1.0
(is-at c23) 1.0 0.0 1.0 0.0
(is-at c24) 0.0 1.0 0.5 0.5
(is-at c25) 0.0 1.0 0.5 0.5

sequently, FPV recognizes G1 as the most probable goal.

4 Estimating Fact Observation Probabilities

In practice, the fact observation probabilities are usually not given.
Hence, this section proposes a method to estimate the fact observa-
tion probabilities from a given planning domain. To estimate fact ob-
servation probabilities, this method first determines sets of supporter
actions for each possible goal. Hoffmann et al. [9] introduced sup-
porter actions, and they can be sampled very efficiently from a Re-
laxed Planning Graph (RPG)1 [9]. The idea behind supporter actions
was to define a methodology for determining the actions in a given
planning domain relevant to solving a given problem. More precisely,
an action a is called a supporter for a fact f if f ∈ add(a). The
following subsection describes the exact algorithm that the current
implementation of FPV uses to sample supporter actions. In total,
FPV generates N different sets of supporter actions for each goal to
ensure that the sets of supporter actions cover several possible paths.
Based on the N sets of supporter actions for each goal, FPV calcu-
lates for each action a how probable it is that a occurs in one of the
N sets. FPV interprets these probabilities as action observation prob-
abilities, from which FPV subsequently derives the fact observation
probabilities. Given these probabilities, FPV derives the observation
probability for each f ∈ F (i.e., Pg

F ) by calculating the probability
of observing any of the actions for which f ∈ add(a) holds.

4.1 Sampling Supporter Actions

To generate the N sets of supporter actions for a goal description
g, FPV first generates N sets of supporter actions for each subgoal
gi ∈ g. Algorithm 2 describes the exact algorithm that FPV uses
to generate the N sets of supporters for each subgoal gi. The input
of Algorithm 2 consists of four elements: f is the subgoal fact for
which the algorithm samples the sets of supporter actions, RPG is

1 An RPG is created by sequentially adding all applicable actions to the initial
state in a relaxed way until all goal facts are relaxed reachable.
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Algorithm 2 Supporter Action Sampling.

1: function SAMPLERELEVANTACTIONS(gi, RPG, s0, N )
2: count ← {} � Map from action to count in samples.
3: samples ← [] � List of generated supporter sets.
4: for all i ∈ range(0, N) do

5: C ← gi � Facts to be supported.
6: found ← ∅ � Stores supported facts.
7: sups ← ∅ � Stores supporters.
8: for t = RPG.levels to 0 do

9: newC ← ∅ � New facts to be supported.
10: while |C| > 0 do

11: p ← C.pop()
12: psups ← ∅ � Potential supporters.
13: for t2 = 0 to t do

14: for all a ∈ RPG.level(t2) do

15: if |add(a) ∩ p| > 0 then

16: psups ← psups ∪ {a}
17: end if

18: end for

19: if |psups| > 0 then

20: break
21: end if

22: end for

23: psups ← minCount(psups, count)
24: a ← random(psups)
25: found ← found ∪ {p}
26: C ← C \ {p}
27: sups ∪ {a}
28: count[a] ← count[a] + 1
29: for all n ∈ pre(a) do

30: if n 
∈ s0 ∧ n 
∈ found ∧ n 
∈ C then

31: newC ← newC ∪ {n}
32: end if

33: end for

34: for all r ∈ add(a) do

35: C ← C \ {r}
36: newC ← newC \ {r}
37: end for

38: end while

39: C ← C ∪ {newC}
40: end for

41: samples ← samples.add(sups)
42: end for

43: return samples
44: end function

an RPG for the given planning problem, s0 is the initial state, and N
is the number of supporter action sets that the algorithm generates.
In lines 2 and 3, Algorithm 2 initializes the count map and samples
list. The count map has actions as keys and maps each action key
to the number of times the algorithm previously selected that action
as a supporter action. samples is the final return variable of the al-
gorithm and stores the generated sets of supporter actions. The for
loop that starts in line 4 repeats the following sampling procedure
N times. For the sampling process, first the elements C, found,
and sups are initialized (lines 5-7). C is the set of facts for which
the algorithm samples supporting actions, found is a set that keeps
track of the facts already supported, and sups is the set of supporting
actions already selected for the current sample. The search for sup-
porting actions for a fact p occurs in lines 13-22. For this search, the

algorithm starts at the first action level of the RPG, which ensures
that it first detects supporters closer to s0. Subsequently, the algo-
rithm adds all potential supporter actions for p from the currently
searched RPG action level to the psups set. When psups contains at
least one element after searching the current RPG action level, the al-
gorithm stops the search for additional supporter actions. In Line 23,
the algorithm selects the potential supporter action that it selected the
minimum number of times during the preceding search process (i.e.,
it has the minimal count value compared to all elements of psups).
This selection procedure ensures that when different options exist
for selecting supporting actions, the algorithm picks all options with
roughly the same probability. When several actions have the mini-
mum count value, the algorithm randomly selects one of them (Line
24). Afterward, the found, C, sups, and count variables are up-
dated accordingly (lines 25-28). In lines 29-33, the algorithm iterates
over the selected action’s preconditions and adds all facts that are
not already supported or part of s0 to newC. Following this, in lines
34-37, the algorithm removes all add effects of the selected action
from C and newC as the selected action already supports them. As
a result, Algorithm 2 returns a list of sampled sets of relevant actions
for reaching the subgoal gi from s0.

Algorithm 3 Generating Supporter Actions for g.

1: function RECOGNIZE GOALS(S, N , g)
2: SG ← [] � List of supporter action sets.
3: SGi ← ∅ � Set of supporter actions.
4: for all x ∈ range(0, N) do

5: for all gi ∈ g do

6: s ← random(S[gi])
7: SGi ← SGi ∪ s
8: S[gi] ← S[gi] \ {s}
9: end for

10: SG ← SG.add(SGi)
11: SGi ← ∅
12: end for

13: return SG
14: end function

From these sets of supporter actions for each subgoal, FPV then
generates N sets of supporter actions for g. FPV does this by using
Algorithm 3. The input of Algorithm 3 is composed of three ele-
ments: The first element, S, is a map that maps all subgoals gi to
their respective list of supporter action sets sampled previously by
Algorithm 2. The second input element, N , is the number of sup-
porter action sets generated. The third input element, g, is a goal de-
scription for which the supporter action sets are generated. Initially,
Algorithm 3 initializes the two sets SG and SGi in lines 2 and 3. SG
stores the generated sets of supporter actions for g, and SGi is used
as a temporary set to unify the sets of supporter actions from each
subgoal gi. In lines 4 to 12, the algorithm iterates N times to gen-
erate N sets of supporter actions from g. This is done by randomly
picking one set of supporter actions for each subgoal gi from S (Line
6) and unifying it with SGi (Line 7). Removing all already-picked
sets of supporter actions from S ensures that each set is only picked
once (Line 8). After the for loop ends in Line 9, SGi holds a com-
plete supporter action set for g that the algorithm then adds to SG.
As a result, Algorithm 3 returns a set of N supporter action sets for
g.
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5 Evaluation

We empirically evaluated the FPV method on 15 benchmark domains
commonly used to evaluate goal recognition approaches. The empir-
ical evaluation aims to achieve the following goals:

1. Evaluate the goal recognition precision of the FPV method com-
pared to four existing goal recognition methods.

2. Investigate how efficient the FPV method is regarding computa-
tion time compared to four existing goal recognition methods.

All experiments consider the online goal recognition problem. The
code used and supplementary material is publicly available [20].

Datasets. We evaluated the approaches on 15 commonly used
benchmark domains (e.g., Pereira et al. [12]).

Goal Recognition Methods. To compare the performance of the
FPV method to the performance of existing goal recognition meth-
ods, we implemented a planning-landmark-based approach intro-
duced by Pereira et al. [12] (PLR), an approximate approach pro-
posed by Ramírez and Geffner [14] (RG09), an LP Based approach
introduced by Santos et al. [17] (LP), and an approach by Masters
and Sardina [10] (MS). FPV, PLR, and MS were implemented in
Java using the PPMAJAL2 library as a basis for PDDL related func-
tionalities. For the RG09 and LP approaches, we used the original
code that is publicly available. We chose the PLR, LP, and MS ap-
proaches because they are recent methods for the two major types
of methods that implement the PRAP principle, i.e., approaches that
derive a probability distribution over the possible goals by a compar-
ison among the costs of different plans that are calculated for each
goal (MS) and approaches that use heuristic scores to rank all possi-
ble goals g ∈ G (PLR and LP). In addition, we compare FPV to the
RG09 approach because it is related to the FPV method through the
use of concepts from relaxed planning. For the MS approach, we used
the MetricFF planner [8] with β = 1. For the FPV method, we sam-
ple N = 10 relevant action sets for each g. As FPV involves some
random selections, we report the results averaged over 20 repeated
runs. We also tested larger values for N , which did not significantly
increase recognition performance.

Experimental Design. For all experiments in this evaluation, we
use machines with 24 cores, 2.60GHz, and at least 386GB RAM for
all experiments in this evaluation. We used the mean goal recogni-
tion precision to assess the performance of the different methods. We
calculate the precision similar to existing works (e.g., [2]). Further-
more, as we consider online goal recognition problems R(t) in this
evaluation, we calculated the mean precision for different fractions
λ = t/T of total observations used for goal recognition. Here, we
used relative numbers because the lengths of the involved observa-
tion sequences substantially differ. Hence, the mean precision Prec
for a fraction λ ∈ [0, 1] is calculated as follows:

Prec(λ,D) =

∑
R∈D

[g∗R∈R(�TRλ�)]
|GR(TRλ)|

|D| (6)

Here, D is a set of online goal recognition problems R, g∗R denotes
the correct goal of goal recognition problem R, TR is the maximum
value of t for online goal recognition problem R (i.e., length of obser-
vation sequence that is associated with R), and [g∗R ∈ R(t)] equals
one if g∗R ∈ GR(t) and 0 otherwise, where GR(t) is the set of rec-
ognized goals for R(t). In other words, the precision quantifies the
probability of picking the correct goal from a predicted set of goals
Ĝ by chance.
2 https://gitlab.com/enricos83/PPMAJAL-Expressive-PDDL-Java-Library

Table 2: Comparison of evaluation results among all evaluated meth-
ods (MS, RG09, LP, PLR, and FPV) when applied to different bench-
mark domains. The precision is reported for different λ values. Col-
umn S reports the average spread (size of the set of goals that are
recognized as the true goal) for each domain.

Precision (for different λ) S

.1 .2 .3 .4 .5 .6 .7 .8 .9 1

av
er

ag
e

MS .35 .43 .49 .57 .63 .67 .73 .77 .79 .81 1.9
RG09 .32 .43 .5 .59 .65 .69 .75 .78 .82 .86 2.2
LP .23 .34 .42 .51 .59 .64 .7 .74 .81 .86 2.6
PLR .3 .35 .43 .51 .59 .66 .7 .76 .83 .9 1.2
FPV(ours) .39 .5 .59 .66 .72 .77 .83 .87 .91 .94 1.1

bl
oc

ks
-w

or
ld MS .1 .13 .14 .24 .29 .36 .41 .47 .54 .55 7.1

RG09 .08 .22 .23 .29 .38 .42 .53 .63 .81 .9 4.1
LP .06 .13 .15 .2 .33 .38 .46 .52 .76 .81 5.4
PLR .09 .09 .1 .1 .09 .09 .09 .07 .21 .27 2.8
FPV(ours) .13 .31 .24 .32 .42 .47 .57 .66 .8 .9 1.5

ca
m

pu
s

MS .73 .73 .73 .53 .57 .43 .57 .63 .6 .6 1.4
RG09 .73 .8 .8 .83 .83 .83 .83 .8 .8 .8 1.2
LP .5 .87 .87 .97 .97 .97 .97 .97 .97 .97 1.2
PLR 1 1 1 1 1 1 1 1 1 1 1

FPV(ours) .77 1 1 1 .97 .97 1 1 1 1 1

de
po

ts

MS .21 .16 .16 .22 .38 .49 .48 .54 .59 .59 1.8
RG09 .16 .29 .28 .32 .45 .62 .59 .6 .61 .78 2.6
LP .09 .16 .17 .27 .34 .44 .57 .69 .75 .89 2.4
PLR .18 .14 .2 .2 .23 .3 .5 .64 .61 .82 1.2
FPV(ours) .21 .19 .28 .32 .54 .69 .85 .91 1 1 1

dr
iv

er
lo

g

MS .29 .37 .5 .63 .73 .84 .92 .91 .91 .96 1.4
RG09 .22 .27 .35 .46 .52 .6 .75 .77 .81 .81 2.9
LP .2 .26 .37 .5 .58 .68 .67 .68 .76 .8 2.3
PLR .25 .23 .39 .52 .61 .75 .8 .8 .82 .92 1.1
FPV(ours) .34 .37 .58 .61 .57 .64 .81 .86 .88 .88 1

dw
r

MS .13 .23 .2 .34 .34 .39 .43 .47 .46 .55 2.0
RG09 .25 .33 .32 .26 .2 .22 .3 .27 .31 .41 2.7
LP .19 .18 .24 .29 .28 .33 .51 .51 .65 .81 2.0
PLR .23 .16 .27 .45 .5 .54 .52 .63 .79 1 1.1
FPV(ours) .32 .47 .47 .44 .36 .43 .58 .59 .72 .86 1

ea
sy

-i
pc

-g
ri

d MS .29 .32 .44 .52 .56 .63 .71 .76 .83 .94 2.4
RG09 .32 .34 .45 .48 .57 .63 .69 .78 .85 1 3.0
LP .13 .24 .28 .35 .39 .47 .5 .57 .7 .78 3.3
PLR .2 .22 .36 .42 .42 .5 .58 .59 .72 1 1

FPV(ours) .28 .33 .46 .51 .67 .66 .7 .79 .88 .93 1

fe
rr

y

MS .38 .7 .8 .83 .89 .95 .93 .96 .96 .96 1.2
RG09 .28 .58 .73 .8 .89 .91 .95 .96 .96 .96 1.6
LP .19 .34 .54 .75 .85 .88 .91 .91 .93 .96 2.1
PLR .25 .38 .64 .73 .84 .89 .96 1 1 1 1.1

FPV(ours) .41 .64 .73 .87 .98 .98 1 1 1 1 1.2

in
tr

us
io

n-
de

te
ct

io
n MS .26 .45 .59 .8 .83 .83 1 1 1 1 1.8

RG09 .26 .45 .59 .8 .83 .83 1 1 1 1 1.8
LP .18 .24 .35 .38 .66 .67 .72 .78 .94 .96 2.9
PLR .16 .33 .34 .62 .64 .77 .81 .92 1 1 1.1

FPV(ours) .22 .4 .65 .77 .81 .81 1 1 1 1 1.1

ki
tc

he
n

MS .7 .77 .87 .87 .67 .67 .8 .9 .9 .9 1.2

RG09 .66 .73 .77 .83 .83 .83 .83 .93 .8 .8 1.4
LP .51 .54 .58 .73 .77 .77 .7 .76 .67 .67 1.8
PLR .33 .33 .24 .16 .33 .33 .33 .53 .53 .53 1.5
FPV(ours) .77 .77 .87 .87 .87 .87 .87 .87 .77 .77 1.2

lo
gi

st
ic

s

MS .35 .41 .47 .6 .7 .73 .76 .89 .97 1 1.5
RG09 .34 .47 .58 .69 .72 .77 .8 .82 .93 1 1.9
LP .16 .35 .41 .48 .5 .53 .68 .68 .69 .74 3.7
PLR .23 .39 .42 .51 .58 .76 .83 .89 .97 1 1.2

FPV(ours) .42 .5 .6 .69 .76 .81 .83 .89 .97 1 1.2

m
ic

on
ic

MS .41 .65 .73 .84 .88 .86 .89 .96 1 1 1.3
RG09 .32 .49 .59 .74 .82 .87 .9 .95 1 1 1.7
LP .24 .43 .58 .57 .76 .8 .82 .86 .95 .93 2.0
PLR .34 .54 .64 .71 .77 .86 .89 .96 1 1 1

FPV(ours) .61 .77 .8 .83 .9 .92 .93 .96 1 1 1.2

ro
ve

rs

MS .46 .6 .69 .89 .89 .96 .96 1 1 1 1.2
RG09 .43 .6 .74 .91 .92 .93 .93 .96 .98 .98 1.5
LP .31 .48 .64 .67 .7 .74 .81 .84 .91 .93 2.0
PLR .48 .52 .8 .82 .86 .96 .96 1 1 1 1.1
FPV(ours) .45 .56 .78 .86 .89 .96 .96 1 1 1 1

sa
te

lli
te

MS .35 .31 .36 .43 .59 .66 .74 .81 .81 .81 2.4
RG09 .35 .35 .42 .54 .64 .62 .67 .71 .74 .77 2.7
LP .26 .29 .38 .52 .52 .62 .72 .71 .72 .75 2.9
PLR .34 .24 .29 .6 .77 .8 .82 .91 .95 .96 1.4
FPV(ours) .51 .46 .58 .69 .76 .81 .88 .94 .93 .96 1.1

so
ko

ba
n

MS .28 .3 .16 .14 .27 .3 .34 .25 .29 .3 1.2
RG09 .15 .22 .32 .45 .58 .6 .61 .68 .73 .8 2.7
LP .16 .25 .36 .5 .57 .63 .68 .64 .83 .87 1.9
PLR .13 .21 .25 .32 .5 .57 .57 .5 .86 .96 1

FPV(ours) .08 .26 .33 .47 .54 .52 .57 .62 .7 .79 1

ze
no

-t
ra

ve
l MS .32 .36 .57 .68 .82 .95 .96 .98 1 1 1.2

RG09 .28 .29 .38 .48 .59 .73 .83 .89 .93 .96 1.8
LP .22 .3 .42 .52 .6 .65 .85 .92 .95 1 2.4
PLR .3 .41 .45 .48 .73 .82 .89 .96 1 1 1

FPV(ours) .41 .45 .54 .61 .79 .95 .96 1 1 1 1

5.1 Experimental Results and Discussion

Goal Recognition Performance. Table 2 summarizes the experi-
mental results for all evaluated approaches when applied to the 15
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Table 3: Comparison of average computation times in seconds among
all evaluated methods when applied to all evaluated benchmark do-
mains. The average computation time is reported for different sizes
of the observation sequence (i.e., |O|) and set of possible goals (i.e.,
|G|).

|G| |O|
5 10 25 50 100

5

MS 47 87 208 409 811
RG09 14 27 68 136 272
LP 9 18 44 87 175
PLR 1.4 1.4 1.4 1.4 1.4
FPV(ours) .29 .29 .29 .29 .29

10

MS 94 174 416 818 1622
RG09 28 54 136 272 544
LP 18 35 87 175 349
PLR 2.8 2.8 2.8 2.9 2.9
FPV(ours) .57 .57 .57 .57 .57

20

MS 188 348 832 1636 3244
RG09 56 108 272 544 1088
LP 35 70 175 349 698
PLR 5.7 5.7 5.7 5.7 5.7
FPV(ours) 1.14 1.14 1.14 1.14 1.14

benchmark domains. We report the average precision for different λ
values. As mentioned earlier in this section, we report the averaged
precision over 20 repeated runs for FPV. We also analyzed the stan-
dard deviation of FPV’s recognition precision over the 20 runs and
found that it is between 0 and 0.077, with an average of 0.016 for all
benchmark domains. Hence, as the standard deviation is very low, we
omitted it from Table 2 for better readability. Column S reports the
average spread (size of the set of goals recognized as the true goal)
for each domain. The larger this value is, the smaller the value of the
precision tends to be, as predicting a larger number of goals to be the
true goal generally decreases the precision measure (cf., Equation 6).
The results show that the FPV method, on average, achieves the best
goal recognition precision for all values of λ. Especially when deal-
ing with low observability (i.e., 0.3 ≤ λ ≥ 0.9), FPV significantly
outperforms all other approaches. Nevertheless, it is also important to
note that although FPV outperforms all other approaches on average,
no single approach outperforms all other approaches in all domains.
For example, the MS approach performs superior in the driverlog
dataset and the PLR approach in the dwr dataset.

Computational Efficiency. Table 3 reports the extrapolated aver-
age cumulated computation time for all evaluated approaches, av-
eraged over all 15 benchmark domains. We report the computation
time in seconds for different potential sizes of observation sequences
(i.e., |Ot|) and sets of possible goals (i.e., |G|). The values in this
table are calculated from average computation time values per ob-
servation and goal for each approach and are averaged over all ex-
periments. The table’s primary purpose is to visualize how well the
different recognition approaches scale regarding computation time
when the size of the considered goal recognition problem is altered.
The results show that the FPV approach is the most computation-
ally efficient among all evaluated approaches. Table 3 visualizes the
advantages of FPV regarding computational efficiency compared to
the other evaluated approaches very well, especially when the size of
the goal recognition problems is scaled. One can see that the com-
putation time that FPV requires does not increase with an increas-
ing number of observations. This is because once FPV has deter-
mined fact observation probabilities for each goal, FPV only has to
compute the heuristic values for each goal for each new observa-
tion. The same can be observed for the PLR approach for a similar

reason as for FPV. PLR only has to compute some heuristics based
on the landmarks extracted upfront. The main computation time that
PLR requires is due to the landmark extraction process, which is re-
quired once per online goal recognition problem, similar to the fact
observation probability estimation of FPV. Nevertheless, the results
show that FPV’s extraction process is much more efficient than that
of PLR, which results in FPV being roughly five times faster than
PLR, the second fastest evaluated approach. As expected, the MS
approach is the least computationally efficient, as it requires com-
puting an entire non-relaxed plan per goal per new observation step.
Interestingly, although RG09 uses relaxed plans, which can be com-
puted more efficiently than non-relaxed plans, it also does not scale
well with increasing observations. The main reason for this is most
probably that the RG09 approach also recomputes a relaxed plan for
each goal for each new observation step. In addition, it requires the
planner to include all observations already observed in the computed
plan. This results in a much more complex planning problem.

The results also show that when |G| increases, the FPV and PLR
approaches scale less well than when |O| increases. FPV and PLR
require the most computation time to compute fact observation prob-
abilities or landmarks. With an increasing number of potential goals,
this process, of course, requires more time. Nevertheless, the FPV
approach still scales much better than the PLR approach and also
much better than the MS, LP, and RG09 approaches, for which the
scaling is even worse than for PLR.

6 Related Work

Since Ramírez and Geffner [14] introduced the idea of Plan Recog-
nition as Planning, many approaches have adopted this paradigm
[15, 16, 5, 19, 18, 10, 12, 4]. It was recognized relatively soon that
the initial PRAP approaches are computationally demanding, as they
require computing entire plans, especially in the case of online goal
recognition. Since then, many studies addressed this problem, with
the approach by Pereira et al. [12] being a recent example. This
method also belongs to a recent type of PRAP method (to which FPV
also belongs), which does not derive probability distributions over
the set of possible goals by analyzing cost differences but ranks the
possible goals by calculating heuristic values. Additional approaches
from this area include a variant that Ramírez and Geffner [14] pro-
posed as an approximation for their main approach and the Linear
Programming approach that Santos et al. [17] proposed.

7 Conclusion

In conclusion, we presented FPV, a new goal recognition method
that compares fact observation probabilities with the set of actu-
ally observed facts. We empirically evaluated the FPV and showed
that it achieves better goal recognition precision than four state-of-
the-art goal recognition methods, especially in situations of low ob-
servability. FPV is also five times more efficient regarding computa-
tion time than the second most efficient approach, PLR, and roughly
2000 times faster than the least efficient approach, MS. FPV also
scales much better regarding observation sequence length than most
evaluated approaches. FPV’s advantage regarding computational ef-
ficiency is mainly because FPV computes the fact observation proba-
bilities offline, which leaves minimal computational workload during
online recognition. In future work, it would be interesting to consider
evaluation scenarios based on actual human behavior. Another excit-
ing path would be exploring different approaches to estimating the
fact observation probabilities.
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