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Predicting the next action that a human is most likely to perform is key to human-AI collaboration and has
consequently attracted increasing research interests in recent years. An important factor for next action
prediction are human intentions: If the Al agent knows the intention it can predict future actions and plan
collaboration more effectively. Existing Bayesian methods for this task struggle with complex visual input
while deep neural network (DNN) based methods do not provide uncertainty quantifications. In this work
we combine both approaches for the first time and show that the predicted next action probabilities contain
information that can be used to infer the underlying intention. We propose a two-step approach to human
intention prediction: While a DNN predicts the probabilities of the next action, MCMC-based Bayesian
inference is used to infer the underlying intention from these predictions. This approach not only allows for
independent design of the DNN architecture but also the subsequently fast, design-independent inference of
human intentions. We evaluate our method using a series of experiments on the Watch-And-Help (WAH)
and a keyboard and mouse interaction dataset. Our results show that our approach can accurately predict
human intentions from observed actions and the implicit information contained in next action probabilities.
Furthermore, we show that our approach can predict the correct intention even if only few actions have been
observed.
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1 INTRODUCTION

Everyday human activities are composed of individual actions that, if performed in the right
sequence, allow humans to successfully perform even complex tasks. There is an increasing interest
in artificial intelligence (AI) research to develop computational agents that are able to support and
collaborate with humans on such tasks [7, 25, 38]. A key requirement for effective collaboration is
that artificial agents understand human actions and can plan their own actions accordingly, such
as to maximise utility [12]. A number of recent works have therefore focused on predicting future
actions based on observed previous action sequences [1, 10, 11, 13, 17]. Predicting future actions is
challenging because even if observed past actions are similar, the next action can differ due to a
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different underlying intention [9, 30]. Consequently, understanding human intentions is crucially
important for next action prediction, and thus effective human-AI collaboration [23, 26, 45].

One line of previous work on intention prediction and next action prediction has focused on
Bayesian approaches [2, 3, 34]. A key limitation is that these probabilistic models were geared for
the game domain and do not easily generalise to other settings and tasks. If the method should be
applied to a different task domain, the models had to be changed substantially to adapt to the new
task. Additionally, probabilistic models would not be effective if the input is more complex form
such as images and videos. On the other hand, Deep Neural Networks (DNNs) have also been used
to for intention prediction and next action prediction [8, 15]. Deploying DNNs can in principle
handle the intention prediction in very complex scenarios. However, one shortcomings of DNNs is
that they cannot easily quantify the epistemic uncertainty in the prediction, which is crucial in
safety-critical applications where wrong predictions could lead to severe consequences. Moreover,
the uncertainty of the predicted intentions can also provide additional information to help planning
future actions and collaboration in Human-AI collaboration scenarios.

Despite the importance of understanding intentions in collaborative settings, previous work
has mainly focused on either using Bayes-only or DNN-only approaches. Both types of approach
integrate next action prediction and intention prediction together. A model that combining DNN-
based and Bayesian-based method together could have the advantages of both. This can benefit
practical applications in two aspects. First, collaborative Al system needs to operate in the real
world and it needs to deal with the data with high (visual) complexity. Deploying DNNs can easily
adapt to the complex input. And second, the uncertainty quantification about the prediction of
intention can help better providing decisions on the future actions in Human-Al collaboration and
reduce the risk of a potential wrong prediction.

The DNN-based next action prediction is typically treated as a classification task, i.e., the next
action predicted is the one with the highest probability across the full action space [29]. However,
the probabilities of all actions in the full action space may contain implicit information that can
be used for uncertainty-aware intention prediction. This has not been explored in DNN-based
methods so far. In this work, we propose a novel two-step procedure to infer human intentions from
sequences of actions. Our approach combines DNNss to obtain the probabilities of the next action
with MCMC-based Bayesian inference for subsequently inferring intentions. The DNNs are trained
to classify the next action from all possible actions in the action space. Specifically, given action data
from N different intention, we train N DNN models for next action prediction. At test time, one
action sequence data is fed to all N models to obtain the action probabilities, the action sequence
represents the true intention. The output from N DNNs represents the probabilities assuming
N intentions are applied. Next, we use Markov Chain Monte Carlo (MCMC) sampling to train a
Bayesian model with all action probabilities from all DNNs to infer the intentions. Our two-step
method decouples the next action prediction (DNNs) and actual intention prediction (Bayesian
model). We do not have any requirement on the DNN input format and network architecture. They
can be modified and optimised according to different tasks. The Bayesian model in independent
on the DNNS, it only takes the action probabilities from DNNs and predict the intentions with
uncertainties.

We demonstrate the effectiveness of our method through experiments on two datasets: Watch-
And-Help (WAH) [25] and keyboard and mouse interaction dataset [44]. In the WAH dataset, a
computational agent is performing household tasks, such as putting food in a fridge, in a virtual
environment. These tasks are composed of actions, such as walk to the table, take an apple etc.
Then intention is the task the agent is performing. In the keyboard and mouse interaction dataset,
participants are interacting with computers by formatting text generated randomly. The participants
follow the given rules to format the text. A rule consists of performing actions (e.g. make font
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bold, italic) on title, sub-title and paragraph. The intention in this dataset is the rule given to
the participant. We choose the two datasets to showcase that our method works in two different
settings of scenario, i.e. computational agents in virtual environments and humans in real life
interaction. Our experimental results show that our method can correctly predict the intentions of
users. We further evaluate the performance of our method with 10% to 100% of observed actions in
one action sequence on both datasets. The results show that using 20% of actions in a sequence, is
often sufficient for the true intention to have clearly higher posterior probability than all other
intentions, although with substantially uncertainty. This demonstrates that our method can infer
the users’ intention already in an early stage where only few actions have been observed.

The main contribution of this work is the two-step method to infer human intention. We use
action probabilities of the next action prediction from DNNs with a Bayesian model to infer the
intention. To our best knowledge, we are the first ones to propose the joint use of DNNs and
Bayesian models to decouple the next action prediction and intention prediction. Our method
has three advantages. First, the DNNs and the Bayesian inference are decoupled. The inference
of intention does not depend on the DNN architecture. One can optimise the DNN architecture
for classifying the next action separately. Second, training the Bayesian model requires less time
and Bayesian inference provides a fast prediction on intention. Third, our method can predict the
intention correctly and efficiently when using few observed actions in the series of actions.

2 RELATED WORK

Human-AlI collaboration has attracted increasing interest recently. Several works focused on
developing computational agents for collaboration in virtual environments [20, 26, 39]. The virtual
environments posses near-realistic scenes and objects and supports different types of actions.
Puig et al. [25] pointed out that understanding human intention and predicting next actions are
important in Human-AI collaboration. They developed a two-stage collaboration scheme where an
helping agent watches another agent demonstrating an activity in the first stage and collaborating
with it in the second stage. The importance of intention prediction in collaboration has also been
shown in real-life scenarios [42]. Correctly predicted human intentions lead to more effective
collaborations in robotic shared autonomy [19], Human-Robot handover [41] and cooperative
assembly [24].

Several prior works have focused on action anticipation based on videos, i.e., the task of predicting
future actions based on observed behaviour in the past [13, 14, 27]. Different types of models
have been used , e.g. two-stream CNN [14], LSTM [13], video transformer [16], or graph neural
networks [43]. In [5], the authors further used label smoothing technique to improve the work [13].
Other works have also used goal in anticipating the future actions. In [30], the authors used latent
goal to improve the action anticipation. The latent goal was defined as the visual representation
after the final action. The latent goal computation was integrated into the model architecture to
help anticipate the next action. In [9], procedure planning was introduced in video-based action
anticipation. Given the current action and the visual goal (visual representation of final action), the
authors encoded the visual observation and the action into two separate latent space and planned
the future actions based on Markov decision process (MDP). These two works have brought the
intention components in predicting the future actions. However they do not predict the intention,
rather they use the intention to improve the prediction of future actions.

In [18], the intention was defined as the intended ingredients for a sandwitch. SVMs were used
to predict the intention from human gaze data. SVM was also used in intention prediction during
human interactions [4]. Other approaches include MDP [21], probabilistic graphical model [36],
k-nearest neighbour (kNN) [28]. In [44], the authors investigated the task of predicting user intents
from mouse and keyboard input as well as gaze behaviour. In another line of work, gaze behaviour
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was also identified as a rich source of information for predicting users’ search intents [31-33] and
even visually reconstructing it [37]. Perhaps the works in [22, 35] are the most similar to ours.
In [35], a Bayesian model to infer intentions from ontic actions and gaze action. The ontic actions
are the actions which change the state of the world and the gaze actions are the regions where an
agent is looking at with regard to the ontic action. The work in [22] further introduced a deceptive
component into the Bayesian model for the scenario where the human might perform ambiguous
actions on purpose. Although Bayesian models were used for intention prediction, the actions were
not predicted by neural networks. Rather they were pre-processed and then used in the Bayesian
models.

3 METHOD
Training Test

Intention 1 Intention N Intention 1 Intention N
Data o Data Data Data
DNN DNN [ DNN ] [ DNN

[ Softmax | --- [ Softmax | [ Softmax| .-+ [Softmax | [ Softmax| .- [Softmax |
Action . Action Action . Action Action . Action

Probability Probability Probability Probability Probability Probability

Action Probabilities

Bayesian
Inference

Intention

Fig. 1. Overview of the proposed method. We train one deep neural network (DNN) for each intention.
Softmax layers are used to obtain the probability of next actions. The Bayesian inference model takes the
action probabilities from all activities and infers the intention.

Figure 1 provides an overview of our method. For each of the N possible intentions, we train
a separate DNN on data where the ground-truth intention is known. The task of the DNNss is to
predict the next action from all previous actions. Since our method works with arbitrary DNN
architectures that perform this prediction task, we are not focusing on the specific architecture of
the DNN here. It is important, however, that each DNN has a final Softmax (or equivalent) layer
to obtain the predicted next-action probabilities. All actions probabilities are then used to train
a Bayesian model to predict the intention from the set of predicted next-action probabilities (see
below for details). At test time, the data of each intention is forwarded to all DNNs to obtain N
next-action probabilities representing N intentions. We refer the action sequence forwarded to the
DNNs with known intention label as the true intention. The N DNNs are trained with N intentions
and we interpret each DNN as an assumed intention, i.e. given one action sequence, the DNNs do
not know the true intention, the ith DNN assume it is from the ith intention. The Bayesian model
then uses all action probabilities jointly to infer the posterior distribution over the N assumed
intention. Specifically, the Bayesian only use the action probabilities from one action sequence to
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infer user intention. All DNNs can be trained separately as they do need not share weights for our
procedure to work (but they could if this was beneficial).
Formally, an intention Z consists of a series of actions, denoted as

ILij=lag,...ar,0<i<N,0<j<MO<k<IL, (1)

where a is action, M is the number of action series belonging to i*? intention and L is the total
number of actions in Jj;. I;; represents an action series instance in the ith intention. In the training
of ith DNN, we use all instances in I; as training data. The input of for the DNN are the 7;;, whereas

the ground-truth next action y; = ay; constitutes the target variable. The loss function is then

L= f(u79), @)

where g is the DNN prediction and f(-) is a cross entropy loss. After all networks are trained, each
intention data is passed to all N networks and obtain N Softmax outputs. The i*? Softmax outputs
produced by the i*" DNN represents the action probability assuming i*" intention is applied.

To infer the intention of human based on the series of actions and their DNN predictions serving
as a surrogate likelihood, we set-up the following Bayesian model:

ay ~ categorical(6y),Vk = 1,..., L,

N
Okm = ) P(am| Z)P(I = 1), Ym =1,... M,
i=1

P(I) ~ Dirichlet(a),

where P(I = I;) is the i element of the intention probability P(I) to be inferred by the model,
and @ € RY is the concentration vector of the Dirichlet prior on P(I), which we set to a = 1
to obtain an uninformative prior. The action probabilities P(ay,|Z;) of the mth possible action
to occur at the kth position in the sequence are obtained from the output of DNNs. To predict
the intention P(7), we use the probabilistic programming language Stan [6], which employs a
state-of-the-art Markov-chain Monte-Carlo (MCMC) sampler to P(T).

4 EXPERIMENT
4.1 Datasets

4.1.1  Watch-And-Help Dataset. WAH is a dataset for social intelligence and human-AI collaboration
[25]. In the dataset, an AI agent Bob helps another human-like agent Alice perform household
activities. The world is a 3D virtual environment. There are two stage of collaboration, i.e., the
Watch stage and the Help stage. In the Watch stage, Bob observes Alice demonstrating an activity
and Bob helps Alice with the same activity in the Help stage. In this work we only consider the
Watch state given that we are interested in inferring the intentions of Alice. We understand the
activities are defined by a set of sub-goals represented by predicates. For instance, the sub-goal
ON (cupcake, coffeetable) means that the cupcake should be on the coffee table and it belongs the
activity read book. Both agents can perform different actions to accomplish their goals. An action
can either be navigation (e.g., walk to fridge) or interaction with an object (e.g., grab an apple).
An activity is accomplished once the states of all sub-goal predicates are reached. In total, there
are five types of activities with each activity having two to eight sub-goals. The total number of
potential actions is 79. The dataset has one training and and two test sets, i.e., test set 1 and test set
2. The training set contains data of 1,011 action sequences with different goals and both test sets
contain data of 100 action sequences each.
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Put fridge Put dishwasher Read book

Training set 52,752 24,306 40,786
Test set 1 3,443 8,591 11,557
Test set 2 275 2,149 2,670

Table 1. Final size of the train set and test set in three intentions in the Watch-And-Help dataset.

To evaluate our method we only need information on the activity and actions and thus leave the
sub-goals aside. Furthermore, to keep the activity category consistent, we focus only on those types
of activities that are present in training set, test set 1, and test set 2: (put fridge, put dishwasher,
and read book). We treat the activity as the intention and predict the intentions from sequence of
actions. Since we use the DNN to predict the next action in an action sequence, we modify the
original action sequences for the use of next action prediction. For an action sequence [ay, ..., ar],
when a new action is observed, we create a new action sequence. The final sizes of the training set,
test set 1 and test set 2 are shown in Table 1.

4.1.2  Keyboard and Mouse Interaction Dataset. To complement the household activities performed
in the virtual environment in the WAH dataset, we also evaluated our method on keyboard and
mouse interaction dataset introduced in [44]. In the dataset, 16 participants were asked to format
text according to several formatting rules (the interaction intentions). The evaluation task on
this dataset was to predict these interaction intentions from mouse and keyboard input. The text
consisted of titles, subtitles and paragraphs and a rule contained instructions on how to format
it using the mouse and keyboard (e.g. "make the title bold"). Participants could perform seven
different actions for formatting the text, i.e. bold, italic, underline, text size, font family, indentation
and alignment. The dataset contains data from two types of formatting tasks: First, participants
were asked to perform formatting according to seven predefined formatting rules. Each rule was
repeated five times. Second, each participant was asked to create a custom rule themselves and to
format the text according to this rule. We only used data from the first part of the dataset for our
experiment since there is only one intention for each participant in the second part. We used the
data from participants one to 11 for training and the data from participants 12 to 16 for testing.

4.2 Experimental Settings

We first evaluated our method on inferring users’ intentions on the WAH dataset. We used 10% to
90% of the actions in an action sequence with a 10% step to infer the intentions. Since the WAH
dataset is created in a virtual environment and the action sequences do not belong to any user, we
created virtual users by randomly grouping the data in test set 1 and test set 2. As a result, test set
1 had 92 artificial users, each user had one action sequence in put fridge, two actions sequences
in put dishwasher, and three action sequences in read book. Test set 2 had nine users, each user
had one action sequence in put fridge, five actions sequences in put dishwasher, and five action
sequences in read book.

The architecture of our DNN model is based on the one in [26]. The architecture of DNN is
shown in Figure 2. We padded the action sequence to the maximum length of action sequences in
the dataset. The number of embeddings was set to the length of the action sequence. The features
of the last cell of LSTM layer in the mini-batch were stacked. Finally two FC layers were used as
prediction head. We read-out both the predicted next action and the Softmax probability. To train
the DNNs on the WAH dataset, we used 2,000 epochs, a batch size of 32 and a learning rate of 3e74,

, Vol. 1, No. 1, Article . Publication date: August 2023.



Inferring Human Intentions 7

3
o)
Ev¢
(o) 3%
C8 = = = @
c © -] = <
S © O | E == O = 2 | o
o 2 o | IC o | e (i © o | IL
3 S n o 9
= z
=
)
Z

Fig. 2. The architecture of the DNN used in experiments.

For the keyboard and mouse interaction dataset, we trained for 100 epochs, the batch size was
eight, the learning rate was le 4.

To train the Bayesian model we used the same training strategy for both datasets. For each action
sequence, we performed Bayesian inference via four MCMC chains, each with 2,000 iterations of
which the first 1,000 were discarded as warmup. All Bayesian models converged well according
to standard convergence criteria [40]. In section 5, we exemplary show one randomly selected
action sequence of each user from each true intention to perform experiments. Results for all
individual action sequences are shown in section 8 in the appendix. Note that in both datasets the
baseline methods [25, 44] are based on machine learning models that do not provide uncertainty-
aware predictions. For fairness, we therefore did not compare with these baselines in this work.
Additionally, there are not variant components in the Bayesian model that are sensitive to the
results, hence we did not perform ablation study.

5 RESULTS

5.1 User Intention Prediction

True Intention: 100 ’
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Fig. 3. Result of intention prediction of users on test set 1in WAH dataset.
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Figure 3 shows the result of user intention prediction on the test set 1 of the WAH dataset.
We report the posterior mean and 90% credible intervals (Cls) of the probabilities of all assumed
intentions. The top, middle and bottom plot shows the results when the true intention is put fridge,
put dishwasher and read book. For the true intention put fridge, for most users our method can
predict the correct intention, meaning that the assumed intention with the highest posterior mean
probability is the same as the true intention. In a few cases, the posterior mean probability of put
fridge is close to put dishwasher or read book. From Table 2 we can see that the posterior mean of
put fridge and put dishwasher for user 49 is 0.43 and 0.39. When the true intention is read book, our
method can also predict the correct intentions of most users with a few exceptions,i.e. user 13, 23,
and 33 (Table 2). For user 13, the posterior mean of read book 0.43, only 0.02 higher than put fridge.
For user 23 and 33, the posterior mean of put fridge is slightly higher than read book. For the true
intention put dishwasher, although the posterior mean of put dishwasher are the highest in most
users predictions, the difference between put dishwasher and the other two assumed intentions are
smaller compared to the cases in true intention put fridge and read book. For user 6, 19, 20, 44, 49,
51, 53, the difference between the posterior mean of put dishwasher and the posterior mean of read
book are around 0.1. For user 15, 27, 30, 46, 50, 56, 65, 71, and 84, the differences are below 0.07.
Overall, our model can predict the correct true intention put fridge, however the prediction for user
49 is rather uncertain. For true intention read book, predictions for most users are correct but more
predictions are more uncertain. The model can predict users true intention put fridge and read book
better than put dishwasher.

User Put Fridge Put Dishwasher Read Book
put fridge put dishwasher read book | put fridge put dishwasher read book | put fridge put dishwasher read book
6 0.71 0.09 0.20 0.06 0.51 0.42 0.06 0.11 0.83
13 0.87 0.05 0.08 0.05 0.62 0.33 0.41 0.15 0.43
15 0.65 0.25 0.10 0.23 0.41 0.37 0.15 0.22 0.63
19 0.77 0.12 0.10 0.07 0.52 0.41 0.10 0.13 0.78
20 0.54 0.37 0.09 0.13 0.49 0.38 0.08 0.11 0.81
23 0.59 0.29 0.12 0.07 0.72 0.21 0.39 0.27 0.34
27 0.52 0.30 0.17 0.08 0.48 0.43 0.08 0.11 0.81
30 0.65 0.26 0.09 0.05 0.49 0.45 0.04 0.09 0.87
33 0.74 0.15 0.11 0.09 0.62 0.29 0.42 0.30 0.29
44 0.64 0.15 0.20 0.06 0.52 0.42 0.07 0.14 0.79
46 0.60 0.31 0.09 0.07 0.43 0.50 0.19 0.07 0.74
49 0.43 0.38 0.19 0.12 0.49 0.39 0.05 0.03 0.92
50 0.56 0.24 0.20 0.09 0.52 0.40 0.05 0.03 0.92
51 0.57 0.33 0.10 0.23 0.42 0.34 0.22 0.05 0.73
52 0.72 0.17 0.10 0.11 0.65 0.23 0.14 0.07 0.79
53 0.51 0.25 0.24 0.07 0.51 0.42 0.10 0.09 0.82
54 0.61 0.14 0.24 0.05 0.65 0.30 0.20 0.39 0.41
56 0.76 0.15 0.09 0.13 0.47 0.40 0.04 0.06 0.90
65 0.65 0.17 0.18 0.11 0.42 0.47 0.06 0.04 0.89
71 0.74 0.17 0.09 0.06 0.49 0.45 0.04 0.04 0.92
84 0.68 0.16 0.16 0.23 0.42 0.35 0.16 0.11 0.73

Table 2. Intention prediction results on test set 1in WAH dataset. We show the posterior mean probabilities
of the users which are uncertain or the highest posterior mean is not the correct intention. ltalic indicates the
true intention. Under each true intention is the assumed intention.

Figure 4 shows the posterior mean and 90% ClIs of the probabilities of user intention prediction
on the test set 2 of WAH dataset. For the true intention put fridge, the posterior mean of put fridge
are higher than put dishwasher and read book. Except user 2 and 9, the posterior mean probabilities
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Fig. 4. Result of intention prediction of users on test set 2 in WAH dataset.

of the rest users are all over 0.7. The highest posterior mean of put fridge and read book is 0.21 and
0.15 respectively. The Bayesian model can accurately distinguish the correct intention from the
assumed intentions. For the case of true intention read book, the posterior mean probabilities of
user 1, 3, 5,7, 8, and 9 are all above 0.7, while the numbers of user 4 and 6 are slightly lower. The
prediction of user 2 is not as good as the rest, the posterior mean is 0.4 for read book and 0.39 for put
dishwasher. For the true intention put dishwasher, the predictions are much more uncertain. Three
(user 1, 6, and 7) out of nine users’ posterior mean of read book are higher than put dishwasher.
For user 2 and 9, although the posterior mean of put dishwasher is still the highest, it is very close
to the posterior mean of put fridge (0.42 vs. 0.38 for user 2 and 0.45 vs. 0.4 for user 9). Only three
(3, 5, and 8) users’ posterior mean probabilities of put dishwasher are higher the 0.5. Overall, our
method can predict the correct intentions of most users except user 2, when the true intentions are
put fridge and read book. When identifying the intention in the case of read book, the prediction is
more uncertain. For the true intention put dishwasher, the model only predicts the correct intention
relatively confident for user 3, 5, and 8. The rest are either uncertain about the prediction or the
wrong intention is predicted.

Figure 5 shows the posterior mean and 90% ClIs of the predicted intentions in the keyboard and
mouse interaction dataset. The prediction on all user data on all rules are correct in term of the
highest posterior mean of the assumed intention being the true intention. For user 1, 2,3 and 5, the
differences of the posterior mean between the correctly predicted intention and the rest intentions
in all true intentions are quite large. For user 4, the posterior of the correct intention for true
intention rule 4 and rule 7 are more uncertain than the other true intentions. For true intention rule
4, the posterior mean of rule 4 is 0.41 while the posterior mean of rule 1 is 0.27. For true intention
rule 7, the posterior mean probabilities of rule 7 and rule 6 are 0.45 and 0.22 respectively.

5.2 Different Lengths of Observed Actions in Action Sequences

Figure 6 shows the results when different percentages of observed actions in one action sequence
are used for inferring intention on test set 1 in WAH dataset. The percentage of the action in a
sequence is varied from 10% to 100% in steps of 10%. For instance, 50%, we extract the first 50% of
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Fig. 5. Result of intention prediction of users in keyboard and mouse interaction dataset.
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action sequence are used for inference. The results on test set 1in WAH dataset are shown.

the actions in the sequence and use it to infer the intention. We plot the average posterior mean
probabilities and 90% Cls, i.e. at each percentage of observed actions in one sequence, the values
of posterior mean and CI bounds are the average value from all users. For all true intentions, the
posterior mean probabilities of the correct intentions are already relatively higher than the other
assumed intentions when 20% of action in a sequence has been observed. The posterior mean
probabilities increase with the increase of observed actions in action sequences. The CI bounds
decrease as the percentage of observed actions increases. This shows that the more actions have
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been observed in one action sequence, the more certain the Bayesian model is about its intention
predictions.
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Fig. 7. Posterior mean probabilities and Cl bounds when different percentages of observed actions in an
action sequence are used for inference. The results on test set 2 in WAH dataset are shown.

Figure 7 shows the results when different percentage of observed actions in an action sequence
are used on test set 2 in WAH dataset. The average posterior mean and 90% CIs of all users are
plotted for each increase of the percentage of actions in an action sequence. When 10% of actions
have been observed in one sequence, only in the true intention read book the Bayesian model is
able to infer the true intention correctly. With more actions observed in the action sequence, the
posterior mean probabilities in true intention put fridge and read book also increase, and the CI
comes smaller. For the true intention put dishwasher, the posterior mean probabilities from 20% to
100% are comparable. The CIs however become smaller even though the posterior mean keeps on
the same level.

In both test set 1 and test set 2, when the true intention is put dishwasher, the predictions of
Bayesian models are more uncertain than the other two true intentions, especially in the test set
2. This can be observed when predicting user intention using full action sequence (Figure 4) and
partially observed action sequence (Figure 7). We interpret that it is due to the noisier distribution
of the actions in action sequences and the predictions of the DNNs. Figure 8 shows the distribution
of representative action labels in train set, test set 1 and test set 2 of WAH dataset. By representative
actions we mean the actions from which the intention can be easily interpreted. For instance, open
fridge is a representative action for the intention put fridge. For the true intention put dishwasher,
the number of action walk dishwasher in test set 2 is much less than the number in train set. It
means walk dishwasher happens less in the action sequences in test set 2. This could be the reason
that the predicted intention is more uncertain. Taking a look at the true intention put dishwasher in
test set 1 (Figure 6) and test set 2 (Figure 7), the performance on test set 1 is better than on test set
2. And the number of action walk dishwasher in test set 1 is comparable to the number in train set.

Figure 9 shows the result on the keyboard and mouse interaction dataset. We show the average
posterior mean probabilities and the 90% ClIs of all seven intentions when different percentage of
actions in one action sequence are used for inference. For all true intentions, the posterior mean
probabilities of the correct intentions increase with more actions having been observed in the
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action sequences. At 10%, the assumed intention with highest posterior mean probability is the
same as true intention for all rules but the differences are small. The predictions at this are still
quite uncertain. At 20%, the differences in true intention rule 2, rule 5, and rule 6 become larger, but
the CI bounds still remain at wide ranges. For true intentions rule 5 and rule 6, the probabilities of
the correct intentions are close to 0.5, however, the CIs has not decreased a lot. At 50%, the CIs of
the correct intention already no longer overlaps with the Cls of the other intentions.
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6 DISCUSSION

We proposed a two-step procedure to predict intentions from a sequence of user actions. We first
trained DNNss to predict the next action from a sequence of observed actions. Based on the DNN
output action probabilities, a Bayesian model then inferred the intention. The training of the DNNs
and the Bayesian model is independent, so any of the two components can be exchanged without
affecting the other. Moreover, the time for training and inference of the Bayesian model is negligible
(on the level a few seconds) compared to the time to train DNNs. We evaluated our proposed method
on two datasets i.e. WAH dataset and keyboard and mouse interaction dataset. The WAH dataset
was generated in a virtual environment and the interactions were between computational agents.
In keyboard and mouse interaction dataset, the interaction data between humans and computers
were collected. The interactions were between real humans and computers.

In the evaluation of WAH dataset, we manually created artificial users by assigning action
sequences to users. On test set 1, most intentions of users were inferred correctly. On test set 2,
our method performed well on true intention put fridge and read book, the predictions were more
uncertain for true intention put dishwasher. In the keyboard and mouse interaction dataset, all
predictions of all users for all true intentions were correct. We used one action sequence from
one user to perform Bayesian inference. This shows the Bayesian model is efficient for inferring
intention in terms of the number of observations of action sequence. It does not have to see multiple
action sequences to infer the correct intention, only seeing one action sequence is adequate.

We were also interested in how the Bayesian model performs on the data with fewer actions
being observed in the action sequences. An intuition is that the model is more confident about the
inferred intention when more actions have been observed. This is confirmed by experiments in two
aspects. First, the posterior mean probabilities increase when more actions are observed. Second,
the ranges of CI bounds become smaller meaning the Bayesian model is more certain about its
predictions. Additionally, the Bayesian model can predict the true intentions correctly even at an
early stage in the action sequence. Being able to predict human/agent intention in an early stage
can benefit agent-agent and human-agent interaction. For instance, in the WAH scenario, an agent
can help with the other agent finishing a task by complete other actions in the same task. In the
scenario of keyboard and mouse interaction, the computer/agent can optimise the user interface or
give suggestions while the human is formatting the text. It is necessary that the agent has enough
time to plan and deploy collaboration and interaction. To be able to predict intentions when only
partial actions in an action sequence allows the agent to have sufficient time for planning. It is
worth noting that the uncertainties of the predicted intention in early stages are relatively high
and this should be taken into consideration when designing the interaction with a human.

7 CONCLUSION

In this work we proposed a two-step procedure to infer human intentions from a series of actions
based on DNNs and Bayesian inference. In a first step we trained DNNs to obtain the predicted
probabilities of the next action in a sequence. In a second step we used MCMC-based Bayesian
inference to infer the human intention from the predicted next-action probabilities. We performed
experiments on the WAH and keyboard and mouse interaction datasets to validate our approach
on both virtual environment and real life scenario. The results demonstrate that we can accurately
infer the intentions correctly on both datasets even when only one action sequences from one user
is available at inference time. This suggests that the implicit information contained in the next
action probabilities generated by DNNs can be used to infer the intention using a Bayesian model.
In addition, we demonstrated that our approach still provides correct predictions even if only few
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actions have been observed. Prediction uncertainty then decreases further as more actions in the
sequence become available.
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8 APPENDIX
8.1 Additional Results of User Intention Prediction

Figure 10 and Figure 11 show the additional results of user intention prediction on WAH test set 1
and test set 2. Since each user has only one action sequence in true intention put fridge, we show
the results of put dishwasher and read book. Each plot shows the posterior mean and CI bounds
when a different action sequence is used.
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Fig. 10. Additional result of user intention prediction on WAH test set 1.

Figure 12 to Figure 15 show the additional results of user intention prediction on the keyboard
and mouse interaction dataset. Each figure shows the results of using one different action sequence
from one user.

8.2 Additional Results in Different Lengths Observed Actions in Action Sequences

Figure 16 and Figure 17 show the additional results of on WAH test set 1 and test set 2. we show
the results of put dishwasher and read book. Each plot shows the posterior mean and CI bounds
when a different action sequence is used.

Figure 18 to Figure 21 show the additional results of user intention prediction using different
percentages of observed actions on the keyboard and mouse interaction dataset. Each figure shows
the results of using one different action sequence from one user.
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Fig. 15. Additional result 4 of user intention prediction on keyboard and mouse interaction dataset.
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Fig. 17. Additional result of user intention prediction with different percentages of observed actions in actions
sequences on WAH test set 2.
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Fig. 18. Additional result 4 of user intention prediction using different percentage of observed action on
keyboard and mouse interaction dataset.
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Fig. 19. Additional result 2 of user intention prediction using different percentage of observed action on
keyboard and mouse interaction dataset.
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Fig. 20. Additional result 3 of user intention prediction using different percentage of observed action on
keyboard and mouse interaction dataset.
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Fig. 21. Additional result 4 of user intention prediction using different percentage of observed action on
keyboard and mouse interaction dataset.
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