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Abstract. Goal Recognition (GR) consists of recognising the goal of
an agent from partial observations. The state of the art on particular
planning domains is represented by GRNet, a model based on Recurrent
Neural Networks that solves GR as a classification task. Compared to
automated planning, the need for large training sets is the main disad-
vantage of these approaches. Therefore, we formalise a loss regularisation
technique to reduce the number of training samples needed, to reduce
the convergence time, and to increase the performance in GR instances
with a small percentage of observations. We empirically evaluate its ef-
fectiveness through extensive experiments.
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1 Introduction

Classical Planning is a fundamental part of Automated Planning, an important
field of Artificial Intelligence. The model underlying classical planning can be
described as a model S = (S, s¢, S, A4, f,¢), where S is a finite set of possible
states that are a representation of all the possible configurations of the environ-
ment; sg € S is the initial state; Sg C S is the non-empty set of goal states;
A(s) C A is the set of actions in A that are applicable in each state s € S;
f(a, s) is a deterministic transition function where s’ = f(a, s) is the state that
follows s after applying action a € A(s); c(a, s) is a positive cost for executing
action a in the state s. A solution or plan 7 is a sequence of applicable ac-
tions m = ag,a1,...,a, that generates a state sequence sg, s1,...,Sy+1 where
a; € A(s;), s; €S, sit1 = f(ai,s;) and s,11 is a goal state (i.e., sp+1 € Sg).
Classical Planning domains and problems are often represented using the Plan-
ning Domain Definition Language (PDDL) [7,11], where a problem is represented
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Fig.1: The GRNet architecture where the EC, based on neural components,
predicts the true facts from the sequence of observed actions and the ISC uses
the predicted facts to identify the most probable goal G; in the goal set G .

by a tuple P = (F,I, A,G) where F represents the set of atoms (fluents) or
propositions of interest; I C F' represents the initial state; A represents the set
of actions; G C F' represents the goal.

GR involves identifying the objective to which an agent aims by monitoring
the agent’s actions within the environment [4,18]. The study of GR plays a cru-
cial role in various domains such as human-computer interactions [1], computer
games [13], network security [14], smart homes [8], financial applications [2],
among others. One technique for solving the GR task is model-free goal recog-
nition (MFGR) [4,2], where GR is formulated as a classification task addressed
by machine learning methods. An instance of MFGR for a domain is specified
by an observation sequence O = (0bsi, ..., 0bs,), formed by action labels, and
a goal set G formed by subsets of F. An advantage of the MFGR approach is
that it requires minimal information about the domain actions and can operate
without the specification of an initial state that can be completely unknown.

Table 1: Size of A, F, G; € G, G, Train and Val in the considered GR instances
for each considered domain. The interval [z, y] indicates a range of integer values.

Domain Al |F| |Gi] |G |Train| |Val
BLOCKSWORLD 968 506 [4,16] [19,21] 55000 28148
DEPOTS 13050 150 [2,8] [7,10] 55000 26654

DRIVERLOG 4860 156 [4,11] [6,10] 55000 34702
LoGISTICS 15154 154 [2,4] [10,12] 55000 31410
SATELLITE 33225 629 [4,9] [6,8] 55000 23477
ZENOTRAVEL 23724 66 [5,9] [6,11] 55000 37075
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The research in [3] leveraged this formalisation to treat the GR task as a Deep
Learning problem, presenting GRNet, an architecture built on Recurrent Neural
Networks (LSTM cells) shown in Fig. 1. This model can process a sequence
of observations depicted as the agent’s actions and output the set of binary
predicates (fluents) representing its goal.

The input of the model is the agent’s observation trace, which may be in-
complete. It addresses the GR task as a multi-label classification problem in the
EnvironmentComponent (EC) part of the model, hence having an output size of
|F| equal to the number of possible fluents (facts) in the goal. It uses binary
cross-entropy (BCE) as the loss function, which in a multi-label setup could be
formalised as the following.

MQ

Lpce(y, ) - log(g5) + (1 —y;) - log(1 — 95)) (1)

J=1

where C' is the number of fluents (classes) in the label, and y; is the label of the
fluent j with respect to the goal G;, and the g; is the prediction for the fluent j.

The goal selection process is a post-processing step by the so-called Instance-
SpecificComponent (ISC). The network outputs (logits) are multiplied by the
masks corresponding to each potential goal to retain the values at the positions
of true facts. These values are then summed to calculate a score for each goal,
and the highest score determines the correct goal predicted by the network.

GRNet is proven to be more efficient than model-based techniques, as the
inferences in deep learning models are typically faster than logical planners.
Nevertheless, during the training phase it shows some issues. First, the accuracy
metric for the predicted facts (ACCpacrs ), the output of EC, remains near zero for
many epochs during this initial period, approximately from 5 to 10 depending on
the domain, and the loss function (BCE) slowly decreases. Second, the number
of epochs in which ACCpacrs is almost zero increases with the reduction of the
training size. A possible reason could be found in the difference between the high
number of possible facts |F| as the output space of EC and the few facts that
identify a goal |G;|, as indicated in Table 1. For example, in BLOCKSWORLD
the possible predictable facts are more than 500 but the facts made true by an
observation sequence are usually less than 16 (on average 10). This difference
produces a label with high numbers of zeros (false facts) and a few numbers of
ones (true facts), which is hard to correctly predict because the statistical power
of the true facts is really low (e.g. 10/500 = 2%).

As a countermeasure, we try to improve the performance of the model by
changing the loss used during the training of the EC. We study the performance
of the model with this new loss, with respect to the ACCpicrs and the ACCar
downstream of ISC, the epochs needed to converge, and the number of training
instances provided to the model.
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2 Background and Related Works

The binary cross-entropy (BCE) loss function (Lpcg) is widely used in binary
classification problems, but it can be susceptible to overfitting, especially when
dealing with imbalanced datasets or noisy labels. Consequently, various regu-
larisation techniques have been proposed to mitigate these issues. A common
approach to regularisation involves adding penalty terms to the loss function
that usually is based on the model weights (e.g., ||w]||3 for Ly regularisation) but
formally is an arbitrary parameter.

In some cases, regularisation can be applied multiplicatively and the regu-
larisation term directly scales the loss dynamically.

Ereg = EBCE - AR

where R is the regularisation term considered as a variable scaling factor and
A is a constant scaling factor. The focal loss proposed by Lin et al. [9] is an
example of this regularisation approach. They focus on training on hard-to-
classify examples by down-weighting the contribution of well-classified examples
addressing the issue of class imbalance. The focal loss modifies the standard
Lpcg by introducing a multiplicative modulating factor:

Liocal = Lpcr - AR = —log(p:) - ae(1 —py)”

where p; is the predicted probability for the true class, log(p;) is the standard
binary cross-entropy component, «; is a weighting factor A for class imbalance
and (1—p¢)7 is the regularisation term R. The weighting factor «; assigns a higher
weight to the minority class, helping to balance the contribution of different
classes to the overall loss. When an example is easily classified (i.e., p; is close
to 1), this factor approaches 0, reducing the loss contribution. The parameter
v is the focussing parameter that controls the rate at which easy examples are
down-weighted. This regularisation effectively handles class imbalance and, for
instance, improves the performance of one-stage object detectors.

A different regularisation approach uses the labels as regularisation terms. For
instance, label smoothing is a regularisation technique that replaces hard labels
(0 or 1) with soft labels, introducing uncertainty, and preventing the model from
becoming overconfident [17] improving model calibration and reducing overfit-
ting. For binary classification, this can be achieved by replacing the target labels
y with:

Ysmoothed = (1 - E)ZU + 6(1 - y)

where € is a small constant.

This paper explores a novel regularisation technique for the binary cross-
entropy loss function which combines the multiplicative regularisation approach
and information contained in the labels with the aim of further improving the
generalisation performance and robustness of GRNet.
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3 Proposal

As previously introduced, EC of GRNet showed convergence problems during the
initial training phase. The model decreases the loss value and increases ACCpaors
very slowly over the validation set at the beginning. This convergence issue affects
both the maximum performance of GRNet in terms of the final Accgg, limits
the reduction in training size, and indirectly increases the environmental impact
of model training in terms of C'Oy production.

To address these issues, we propose a novel loss function Lrpg as the com-
bination of the BCE and a multiplicative regularisation parameter, TF'S, which
is the sum of true facts in the label for each sample. We multiply Lpcg by
the reciprocal of the regularisation parameter to obtain a regularised loss func-
tion suitable for multi-label classification. The formulas for the proposed TFS
regularisation and the relative loss function are the following.

c
TFS(y) = ZyJ +e (2)
Lrrs(y,9) = Lpce(y,9) - R (3)
= Lpce,9) - %S(y) (4)

where y is the facts label, 3§ the facts label predicted by EC of GRNet, y; is
the true value of the fact at position j in the label y, the Lpcg is the standard
binary cross-entropy loss and the reciprocal of TFS(y) is the regularisation term
R which depends on y. We added ¢ = 10~7 to avoid division by zero errors,
adopting the default value of our deep learning framework!.

The intuition behind this regularisation is that we reduce the error impor-
tance on those observation sequences that have many true facts in their label,
and, conversely, we increase the importance of those samples with few true facts
in their label. We normalise by the number of true facts (ones present in the la-
bel) to balance the importance of different samples, reducing the bias of learning
samples with many facts despite the others. For example, in BLOCKSWORLD an
observation sequence can have between 4 and 16 true facts, as shown in Table 1.
For an untrained model, the magnitude of the standard Lpcg for samples with
a label having 4 true facts (ones) is four times smaller than for samples with
16 true facts. Therefore, the model focusses on learning samples with many true
facts until the magnitude of the error on those samples becomes lower than those
with few true facts. For instance, the model should be able to correctly predict
around 12 over 16 ones until it really starts to optimise over samples with 4 ones.
This affects the overall convergence time. Moreover, the final goal sets to predict
are usually disjoint, which implies that if the model (via the EC) can correctly
predict just a few of the true facts, then it would be able to correctly select

! https://keras.io/api/utils/config_utils/#epsilon-function
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the right goal in the post-processing phase (via the ISC). Therefore, learning to
correctly predict facts (even few) for many different samples increases the final
goal recognition performance with respect to learning to correctly predict many
facts for few samples.

4 Experimental Results

In this section, we compare the results obtained in terms of ACCgr by Lpcg
and L7 pg in different planning domains, considering different training sizes and
percentages of observations. Then, we analyse the convergence time on the vali-
dation set of the EC using the two loss functions in different domains and different
training sizes, taking as the main metric the accuracy over true facts in the label

Y.

4.1 Methodology

We followed the work of Chiari et al. [3] which focus on six benchmark domains:
BLOCKSWORLD, DEPOTS, DRIVERLOG, LOGISTICS, SATELLITE and ZENOTRAVEL
[12,10]. Concerning the training set, they randomly generated a large collection
of (solvable) planning problems of different sizes for each domain, considering
the same ranges for the number of objects as in [15]. For each of these problems,
they computed up to four (sub-optimal) solution plans via the LPG planner [5,6].
From the generated plans, the authors randomly selected between 30% and 70%
of the actions (preserving their relative order) to obtain the observation se-
quences. Therefore, more formally, the generated training set consists of pairs
(O, G*) where O is a observation sequence obtained by sampling a plan 7, and
G* is the hidden goal corresponding to the goal of the planning problem solved
by 7. For each specific domain considered, they created a training set T'rain with
55000 pairs of GR instances (O, G*), and a fixed validation set Val of different
size depending of the domain, as indicated in Table 1.

To test GRNet, Chiari et al. generated a test set called TS pergen Of unseen
GR instances following the previous methodology but using a different planner,
LAMA [16], to improve the robustness of the results. TS pergen 1S a generalisation
and extension of the test set used in Pereira et al. [15], called T'S p,, where the
goal sets (G) are the same and the TS pe, instances are included. For each plan
generated for being sampled, the authors randomly derived four different partial
action traces formed by 10%, 30%, 50%, 70% of the plan actions, respectively.
This creates four groups of test instances, allowing them to evaluate the per-
formance of GRNet across different amounts of available observations for each
domain. Table 1 gives information on the size of the GR instances in the train
and test sets for each domain, in terms of the number of possible actions (| A|),
facts (]F|), min/max size of a goal (|G;|) in a goal set G, that is the number of
true facts needed to identify a goal 4, and min/max size of a goal set (|G|). As an
evaluation measure, Chiari et al. used the GR accuracy (ACCgr) as the main
evaluation criterion, which is defined as the percentage of instances whose goals
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are correctly identified (predicted) over the total number of instances in the test
set.

In order to validate our proposal, we compare the Lpcg and the Lrpg ex-
tending the methodology by Chiari et al. by also considering different training
sizes. In particular, we tried to reduce the training size by considering only a
subset of the original observation sequences for each domain. For each training
set, we create a subset of 70%, 80%, or 90% of the original 55000 samples in
Train, thus having 38500, 44000, 49000, respectively. These subsets are ran-
domly extracted by stratifying the observation traces by the sum of true facts
in their label y, that is, the value TFS(y). The stratification is needed with a
reduction in the training samples to avoid overfitting on a particular kind of
sequences, e.g. observation sequences with a small number of true facts or vice
versa. To test our approach and obtain a significant comparison, we used the
validation set Val and test set TSpergen same as those used by Chiari et al.
without modifications.

4.2 Results: GR Accuracy

Table 2: Goal recognition accuracy, ACCgr, by Lecg and Lrrpg on TSpergen
considering different observation and training set percentages. Best in bold.

10% 30% 50% 70%
BCE TFS |[BCE TFS |[BCE TFS |BCE TFS

70% |22.83 27.97|49.43 61.50(61.77 78.12|75.45 89.80
BLOCKSWORLD 80% (25.35 27.57|52.77 59.81(69.31 76.63|81.28 89.16
90% [22.64 26.05|46.68 47.93|61.54 62.12|73.95 73.17

70% [33.79 32.98 |59.39 59.46|73.71 74.64(85.52 85.83
DEePOTS 80% |32.95 33.93(59.64 60.86|74.84 76.73/86.31 87.60
90% |32.64 33.87(58.50 59.75|74.81 76.48(84.42 87.83

70% |33.69 33.27 [54.56 55.45|67.84 68.30|77.36 77.26
DRIVERLOG 80% |35.00 34.11 [53.18 55.58|64.14 68.88(73.02 77.96
90% |32.41 35.70(51.60 56.62(63.84 68.30|73.93 76.73

70% [18.61 36.10|21.02 59.52(24.06 74.75|25.52 85.73
LogisTics 80% |34.98 36.35(61.12 61.82(76.53 77.17|87.22 87.32
90% |34.38 35.92(60.43 58.74 |75.72 73.17 |86.43 84.72

70% (39.94 41.87|58.82 62.07|67.99 73.33(73.95 79.01
SATELLITE 80% [41.84 44.50(63.11 65.35|74.80 76.44|81.95 82.18
90% [40.24 45.53(64.19 70.67|78.51 81.37|86.35 86.64
70% |46.50 47.55|76.71 77.13/89.03 90.10(96.12 96.15
ZENOTRAVEL 80% [45.49 46.55|74.97 76.80|88.29 89.57/94.99 96.22
90% [44.02 45.87|70.70 75.24|85.64 89.11|94.02 95.86

Domain Train%
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In Table 2 the results in terms of ACCggr are shown for different training and
observation percentages. For observation sequences that retain the 10% of the
original plan, ACCgp is favourable to Lo only few times, often with the lowest
percentage of training 70%. This is due to the high difficulty of the prediction
task and the intrinsic variability in predicting the most informative facts that
identifies the correct goal. With so few actions, being able to predict that a fact is
made true by the agent is really hard, and focussing on learning those sequences
that have a small number of true facts in the label might be counter-productive.
However, in general, the differences between ACCgr obtained by Lpcr and
Lrrgs are small even in this situation. For example, DEPOTS and DRIVERLOG
with the 70% train and 10% of observations have a reduction in the Accgr less
than 1% (0.8% for DEPOTS and 0.42% for DRIVERLOG).

A similar behaviour is revealed when considering sequences with 70% of the
original observations, where only 30% of the original actions are dropped. The
Lpcr and Lrpg losses reached very similar performance in general, with the
BCE that only a few times overcome the TFS regularisation performance. For
instance, BLOCKSWORLD 90% and DRIVERLOG 70% with 70% of observations
have a reduction in final performance using TFS of less than 1% (around 0.8%
for BLOCKSWORLD and 0.10% for DRIVERLOG).

The proposed regularisation shows very interesting results, particularly in
the 30% and 50% percentages of observed actions, where it not only shows a
better Accgr than BCE but also shows to be robust in the case of reduction
of train size with respect to all percentages considered (70%, 80%, 90%).

4.3 Results: Convergence Time

In Fig. 2 we show the validation accuracy in terms of facts prediction obtained
by the EC for the training phases of BLOCKSWORLD 70%, DEPOTS 80% and
LogisTics 90%. These validation plots compare the convergence time of the
regularised loss function Lrpg with the baseline Lpcp with different training
sizes. They show a reduction in the convergence time of the proposed loss with
respect to the baseline as expected. In particular, for BLOCKSWORLD 70%, EC
reached 10% ACCp.ors at epoch 18 using TFS regularisation and at epoch 24
without it, obtaining a savings of around 5 training epochs. For DEPOTS 80%,
the model reached 20% ACCpsors at nearly epoch 12 with L7 pg while around
epoch 22 with Lpcg, allowing a savings of approximately 10 epochs of training.
Finally, in LoGisTics 90%, the model reached over 30% of ACCpycrs at the epoch
16 and in the epoch 24 with the Lrpg and Lpco g respectively, anticipating by 8
epochs on average. In addition, it is important to note that in all the experiments
shown the final fact accuracy is slightly higher for the training with the TFS
regularisation with respect to the BCE. This small increase in ACCgacrs at the
end of the training phase affects the precision of ISC that is able to better select
the right goal perceived by the agent. In fact, for the previous examples, the
TF'S regularisation improved the AcCgr of GRNet as shown in Table 2.

The behaviour previously described is consistent and generalised between
different train and observation percentages, with some exceptions as shown in
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Fig. 3. For BLOCKSWORLD 90%, there is no anticipation in the convergence
epochs; instead, we notice that it starts to converge almost at the same time for
both losses, but ACCpyors of L7rg ends with an increase of 2.5% with respect
to Lpcg. This improvement affects ACCgr especially for small observation per-
centages as described in Table 2, with a considerable improvement with only 10%
observations. In the case of DEPOTS 70%, the convergence of the fact accuracy
begins much earlier for the Lpcpr (around the 6 epoch) and is very fast. How-
ever, after the 14 epoch it drops until the training end. This happens because the
Early Stopping mechanism of EC works on the validation loss as usual, stopping
the training when it no longer decreases, without directly considering the value
of ACCpacrs In validation over time. On the other hand, L1 pg starts to converge
in many epochs after, but it ends slightly lower the maximum of BCE, around
the 20% accuracy consistently. In Table 2, the Accggr are similar for both losses
with a considerable margin only in the case of 50% of observation for Lrpg in
this situation. A possible interpretation could be related to the fact that, with a
reduced number of sequences (70%) in this particular domain that has a partic-
ular low number of facts |F|, the BCE incurs in overfitting over simple samples,
meanwhile the TFS weighting more difficult one reduced the initial convergence
time, but it obtains a smoother training. In contrast, in the same domain, when
the number of examples is enough and both Lgcg and L rg are consistent over
time, L7 pg is able to anticipate convergence as previously shown in Fig. 2.

Finally, for ZENOTRAVEL 80%, the ACCpiors Of L7rg is always above that
of Lgcg even if the convergence starts at the same time for both of them and
terminating some epochs earlier due to early stopping. Similarly to the previous
example, the BCE shows inconsistent behaviours at the end of the training phase
with a drop in performance of more than 5 points after the 15 epoch, with some
fluctuations afterwards. This difference in the dynamic of the training reflects
the results of ACCggr obtained in this condition shown in Table 2 where L7 pg
overcome the baseline with a consistent margin, increasing considering small
percentages of observation.

5 Conclusion and Future Works

In this paper, we showed the importance of proper regularisation of the loss
function in the case of a learning model that aims to solve a GR task. In partic-
ular, we analysed the performance of GRNet using the BCE loss (Lpcg) and the
proposed regularised loss (L1 rgs) based on the sum of the true facts on the label
y both in terms of ACCgr and the convergence time of ACCgacrs for its EC. We
considered different training sizes, different numbers of observable actions in the
plans, and different planning domains. We showed that Lrpg the best ACCgr
the vast majority of the time with respect to both train and observation percent-
ages in all domains. Moreover, evaluating the cost of training the EC, we showed
that a proper regularisation is able to anticipate the convergence time and ob-
tain a higher ACCpscors, saving computational and environmental resources. In
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some particular conditions, when the anticipation effect was absent, we noticed
a smoother training dynamic and a more consistent final performance.

In the future, our first objective is to thoroughly evaluate different regu-
larisation approaches and other loss functions, such as the Binary-Focal Cross-
Entropy loss (Lfocal), as Lpcr. Second, we would reduce the training size even
further and study the model behaviour in those extreme conditions, combin-
ing the reduction of the training size with a proper sample selection based on
a smarter stratification mechanism. Third, we are interested in evaluating the
GRNet model in a planning domain that is particularly difficult for planners,
for example FLOORTILE, in the GR task. We want to study a possible replace-
ment for ISC that is learnable as EC to enable end-to-end training and improve
performance.
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