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Abstract

Recent advances in deep learning-based Al has necessitated better explanations
on Al's operations to enhance transparency of Al's decisions, especially in critical
systems such as self-driving car or medical diagnosis applications, to ensure
safety, user trust and user satisfaction. However, current Explainable Al (XAl)
solutions focus on using more Al to explain Al, without considering users’ mental
processes. Here we use cognitive science theories and methodologies to develop a
next-generation XAl framework that promotes human-Al mutual understanding,
using computer vision Al models as examples due to its importance in critical
systems. Specifically, we propose to equip XAl with an important cognitive
capacity in human social interaction: theory of mind (ToM), i.e., the capacity
to understand others' behaviour by attributing mental states to them. We
focus on two ToM abilities: (1) Inferring human strategy and performance
(i.e., Machine's ToM), and (2) Inferring human understanding of Al strategy
and trust towards Al (i.e., to infer Human's ToM). Computational modeling of
human cognition and experimental psychology methods play an important role
for XAl to develop these two ToM abilities to provide user-centered explanations
through comparing users' strategy with Al's strategy and estimating user's
current understanding of Al's strategy, similar to real-life teachers. Enhanced
human-Al mutual understanding can in turn lead to better adoption and trust of
Al systems. This framework thus highlights the importance of cognitive science
approaches to XAl.

1 Introduction

To ensure good use of Al to humans, researchers have long recognized the importance of
explanation to enhance human-Al interaction. According to a review on Explainable Al (XAl)
literature [46], the first-generation XAl was the expert systems developed in late 1970s to
1980s [47], aiming to aid decision-making processes. Nevertheless, the explanations were often
considered inadequate in justifying rule-based inferences [63]. This issue was addressed in the
second-generation XAl in 1990s and early 2000s, which focused on knowledge-based tutors that
could infer user mental models from their behaviour and make context-sensitive explanations
[5]. In addition, some have proposed to provide explanations according to user knowledge and
capacities to provide better cognitive support [18].

Around mid-2010s, a third generation of XAl has emerged due to the advance of deep learning
methods, whose decision-making processes are often obscured to both users and developers.
Similar to the first generation, the third generation has focused on revealing the operation of Al,
with better visualization techniques to make deep-learning classifiers explainable [22]. Others
have proposed techniques to directly make classifiers more explainable [2]. Although some
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have attempted to provide explanations with adequate justifications [49] or emphasize on user
interactions [38] to address challenges faced in first two generations, related work remains limited.

Throughout the literature, the key issues have been how to help users develop a robust mental
model of Al, instead of just presenting the rules used by Al. However, most current XAl solutions
remain focusing on using more Al to explain Al without considering users’ mental processes, such
as using proxy models [72] [65], correlative techniques with saliency map visualization [55], or
extracting concepts relevant to the decisions [16], 37] . Most recently, some have proposed that a
good XAl should consider users’ cognitive states during explanation processes [28] 34} 62], such
as considering explanation as a conversational process that involves both social and cognitive
processes across different levels of explanation [I7], or as a model reconciliation problem, where
the explanation is the minimal set of changes to the user's mental model so that the Al's
decision is optimal with respect to the user's updated model, i.e., the task-important differences
between the Al and the user's models. [10] 61, [II]. Cognitive metrics have been used for
comparing XAl methods in addition to computational metrics [55]. A new concept of XAl,
Artificial Cognition, has been proposed to learn from cognitive psychology methodologies on
revealing the mechanisms underlying the black-box human brain through experimental approaches
to study machine behaviour [64]. Together these suggest that cognitive science is going to play
an essential role in the next generation of XAl.

At the same time in the history of Cognitive Science, there have been a gradual paradigm shift
from box-and-arrow models with encapsulated cognitive components to the consideration of
broader, more interactive, and more dynamic contextual effects and processes [60], including
the interactions with the body and the environment (embodied cognition [7]), and with other
individuals or cognitive systems (joint cognition [58]). Accordingly, the explanation process
involved in XAl can be better conceptualized as dynamic interactions between the user and
the XAl system, with an aim to provide explanations that can facilitate the user's construction
of a robust cognitive model of the Al system. To make the explanations accessible to human
users, XAl systems may learn from how humans explain and learn from explanations through
explainer-explainee interactions [44}, (54}, 53]. In particular, an effective XAl system should consider
an important cognitive capacity in human social interaction: theory of mind (ToM), i.e., the
capacity to understand others’ behaviour by attributing mental states (knowledge, beliefs, etc.)
to them [6] 3]. Indeed, it has been recently shown that humans tend to initially assume that
Al performs a task in a similar way to them, and update this belief after receiving explanations
[69] [68]. Thus, information about the difference between users’ cognitive model of the task
and the Al model of the task, and users’ updated cognitive model of the Al system during the
explanation process, are both essential for providing human-accessible explanations.

Accordingly, we propose that an effective XAl system should possess the ToM ability to evaluate
how humans solve the same problem as the Al system (i.e., ToM about humans’ cognitive models
of the task), as well as the ToM ability to infer users’ understanding of Al's operation (i.e., to
infer human's ToM about Al’s cognitive model). Using these ToM abilities, the XAl system
can present the most informative explanations to update the human’s current understanding of
Al, as it relates to how the human solves the task. In doing so, the XAl can establish mutual
understanding between the Al and the user. In this work, we outline our proposed framework
of a ToM-based XAl system, and present our recent studies in experimental psychology and
computational modeling on the path to achieve this XAl.

2 Theory-of-mind-based XAl

Our novel framework of ToM-based XAl is illustrated in Figure[l] where an effective XAl uses
(1) information about performance and strategy differences between humans and Al models
when performing the task, (2) information from models of human strategies of the task, and
(3) information from models of users' understanding of Al's strategy and trust on Al, to provide
explanations that are effective and accessible to humans. Built on the research reviewed above,
below we discuss how we can use cognitive science methods, in particularly computational
modelling and experimental psychology methods, to help obtain the required information for an
effective ToM-based XAl that can truly facilitate human-Al interaction and mutual understanding
and human trust towards Al.
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Figure 1: Proposed XAl framework that conceptualizes the explanation process as dynamic interactions
between the user and the XAl system and considers the Theory of Mind (ToM) capacity in human social
interaction.

2.1 Comparison of human and Al performance and strategy

Comparison studies between humans and Al models provide information about their difference in
performance and strategy, which is essential for human-accessible explanations [68]. In humans,
eye movement during a cognitive task has been commonly used as a direct measure of human
attention strategy, and can be conceptualized as human predictions about the locations of
diagnostic information for the task [25]. It is task-driven and can differ significantly when the
task demand changes [36], [31]. Previous work has consistently reported substantial individual
differences in eye movements during cognitive tasks [50], which are typically associated with
differences in task performance and cognitive abilities (e.g., [15] 30, [14]). Understanding these
individual differences in attention strategy and performance and their comparability with Al’
attention strategies and performances will not only enhance our understanding of cognitive
processes in humans, but also inform ways to enhance Al's performance and XAl's ability to
provide user-accessible explanations.

Image classification When performing an image classification task, we have recently shown
through Eye Movement analysis with Hidden Markov Models (EMHMM [13]) with co-clustering
[32] that individuals differed in adopting more focused or more explorative attention strategies
(Figure [2p), and those adopting focused strategies had faster response times [54] 53]. Also,
humans adopted more explorative attention strategies when they explain how they classify an
image as compared with when they simply classify the image. Interestingly, current salience-
based explanations from XAl (e.g., GradCAM [59]; RISE [51]) had higher similarity to the
explorative than the focused attention strategy during explanation. These results may be because
during image classification, humans only need to attend to sufficient information for a decision
[33], whereas during explanation, they may attend to all relevant information to provide a
comprehensive explanation [2I]. In addition, we found that saliency-based XAl explanations
that highlight discriminative features from invoking observable causality through perturbation
(e.g., RISE) had higher similarity to human strategies than those highlighting internal features
associated with higher class score (e.g., gradient-based method such as GradCAM). This result
was consistent with recent findings that human explanations typically focus on causal reasoning
based on observed regularities in the world [29] [8].

Object detection In another study, we compared human participants and current deep learning
object detection Al models, including one-stage detector Yolo-vbs [35], two-stage detector Faster
RCNN [56], and transformer-based object detector DETR [9], in their performance and attention
strategies in detecting vehicles and in detecting humans under different driving scenarios (i.e.,
occlusion and degradation [67]). We showed that DETR outperformed humans in vehicle detection
particularly in degraded conditions but did not outperform humans in human detection, possibly
related to humans’ enhance sensitivity in detecting stimuli with high evolutionary significance
[48] 27]. Also, both Yolo-v5s and Faster RCNN were more affected by occlusion than humans,
whereas DETR was not. This phenomenon may be related to DETR's attention mechanism for
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Figure 2: (a) Explorative and focused attention strategies discovered in human participants when they
classified images and when they explained why an image can be classified as a given label. (b) Focused
and explorative strategies discovered in human participants when they detect vehicles and when they
detect humans in driving scenarios.

image context during encoding and the learnable “anchors” to facilitate learning where or how to
search from experience. Using EMHMM with co-clustering, we discovered two representative
human attention strategies: a focused strategy to scan mainly along the horizon where vehicle
targets usually occur, and an explorative strategy with larger and rounder ROls, scanning across
a broader area beyond the horizon (Figure [2b), and the focused attention strategy was associated
with better object detection performance. Interestingly, although DETR has outperformed the
other models and achieved a similar performance level to human experts who adopted the focused
attention strategy, its attended features were more similar to the human explorative strategy
than focused strategy, suggesting difference in information use. Human experts who adopted
the focused strategy may be using their existing knowledge about scene semantics in addition to
visual information, and thus could better focus their search on areas with higher target appearance
probability. We also found that in Al models, higher similarity to humans’ attended features was
associated with better Al model performance, suggesting that human attention may be used for
guiding Al design.

These studies demonstrate how we can conduct experiments using methods from cognitive
psychology to examine scenarios where humans and Al models differ, and to infer the information
processing mechanisms associated with these differences. In addition to providing more user-
centred explanations based on these differences, comparison studies between humans and Al can
help us identify potential difficult/outlier instances, adversarial attacks (subtle modification of an
image to make it misjudged by Al), or novel solutions from Al. The findings will inform ways to
adopt and collaborate with Al safely.



2.2 XAI’'s model of human strategy of the task

Collecting behavioural and cognitive data from humans when they perform the same task as
Al can help XAl develop models of human strategy of the task and generate predictions about
possible human strategies in a novel scenario of the task. Once this information is available,
it can be compared with Al models’ strategies, and information about the difference between
humans’ and Al models’ strategies can be used to update human users’ beliefs about Al models’
decision-making processes (Figure . The predicted human attention may also help XAl detect
potential adversarial attack to the Al, i.e., subtle modification of an image/input to make it
misclassified by Al: an Al error associated with a large deviation from human attention behaviour
may indicate an adversarial attack.

Image classification We have recently developed a Human Saliency Imitator to predict human
attention maps during image classification using a deep learning model trained with human
attention data for benchmarking salience-based explanations [70].

Object detection In another study, we have developed a Human Attention-Guided XAl (HAG-
XAl), in which we used trainable activation functions and smoothing kernels to maximize XAl
saliency map’s similarity to human attention maps when performing object detection tasks [41] [42].
We found that, for object detection Al models, enhancing the XAl salience maps' similarity to
human attention maps also increased their faithfulness (i.e., how well the highlighted regions of
a saliency map reflect features diagnostic to Al's decisions [57]) of the XAl saliency maps. This
method could also be used as a human attention imitator for object detection tasks.

2.3 XAI's model of human’s understanding of Al’s strategy

To develop a model of human users’ understanding of Al’s strategy, we may collect human
data when they are interacting with Al or learning about Al's operations from the explanations
generated by XAl (such as Al's attention strategies), and then examine how human behaviour
is associated with learning performance and improvement in understanding. For example, user
understanding may be assessed using simulatability, i.e., how well the user can predict Al's
behaviour [24], including both forward and counterfactual simulations [19]. Forward simulation
involves predicting the output given an input, and thus evaluates user’s general understanding.
Counterfactual simulation involves predicting the output for a perturbed input given the original
input and output, and thus assesses understanding about specific features used by the Al. In
research on learning analytics, multimodal data, including eye movement data to assessing
attention strategies, have been commonly used to monitor learners’ behaviour, mental states, and
cognitive processes in order to optimize their learning [45]. These multimodal data can be used
by XAl to develop predictive models of user understanding of Al's strategy. The predictive model
can not only enable XAl to predict users’ current understanding of Al in a novel scenario, but
also inform us about good learning strategies that can be used by XAl to guide users’ attention
and facilitate their learning from XAl explanations.

Another potential measure of human's understanding of Al is to examine the match between
human attention map during the simulation tasks and important features used by Al in the task,
e.g., as demonstrated in saliency-map based XAl approaches for computer vision models. This
“human-Al understanding” can be quantified using similarity measures between the human’s
attention map and the XAl saliency map, e.g., normalized scanpath saliency, KL divergence,
or Pearson’s correlation coefficient [67, 4]. Alternatively, faithfulness metrics, which evaluate
whether saliency values truly reflect feature importance to the Al, can be calculated between
the human’s attention map and the Al model, e.g., using insertion/deletion [12] 52 [66], image
perturbation [4], or completeness/soundness [23], thus measuring how well highlighted regions
of a human attention map reflects the importance for predicting Al's output (i.e., Faithfulness
of human attention map in predicting Al's output). For example, we have recently used this
faithfulness measure to examine how well human attention strategies during object detection
match the diagnostic features used by current object detection models [41], [42] including Yolo-v5s
[35] and Faster RCNN [56].



2.4 Towards effective XAl by enhancing human-Al mutual understanding and trust

With the considerations of information processing mechanisms involved in an explanation process,
we posit that an effective XAl system should have the capacity to infer humans' mental model
of the task (i.e., XAl's ToM about how humans perform the task) and to infer Human's ToM
about how Al performs the task (i.e., XAl's ToM about humans’ current understanding of the
Al's operations; see Figure 1) to achieve a high-level ToM capacity and provide explanations
accordingly. The construction of such system will involve the understanding of the information
processing mechanisms underlying both humans and Al systems for the given task, the scenarios
where they show similarities and differences, and how they infer each other’'s mental models for
mutual understanding. In the previous sections we have presented some example findings, which
could inform better Al and XAl designs to achieve better user trust and satisfaction and better
adoption of Al systems in the society.

Trust is also an important factor for guiding users’ reliance on complex Al systems where a full
understanding is impractical [40], and an appropriate level of trust is essential for successful
human-Al interaction [20, 28]. In Psychology, interpersonal trust has been shown to depend on
both individual propensity to trust others and perceived trustworthiness of others, which could
be further broken down into three attributes: ability, benevolence, and integrity [43]. Lee and
See [40] adapted this model to trust in automation and proposed to change the three attributes
to performance, process, and purpose. Accordingly, Korber [39] developed a questionnaire to
measure trust in automation with subscales accounting for propensity to trust, three attributes of
perceived trustworthiness (competence/reliability, understandability/predictability, and intention
of developers), familiarity, and a direct measure of trust in automation itself. While trust has been
conceptualized as an attitude, which affects behavior probabilistically rather than deterministically
[T, 39] and thus is typically measured through subjective self-report methods, the intrusive nature
of self-report measures makes it impractical for continuous monitoring purposes [7I]. Thus,
behavioral markers that are highly associated with subjective measures of trust can be used
as an alternative for monitoring purposes without interrupting natural human-Al interaction.
For example, eye gaze behavior has been used to infer user trust during autonomous driving
[26], where more frequent attention to the system is associated with lower trust. In addition,
accuracy of Al and user understanding of Al may be associated with user trust [71], as Al's
competence, understandability, and purpose have been identified as the three attributes related
to perceived trustworthiness. Our future work will consider how eye gaze behavior, Al accuracy,
and user-understanding of Al can predict user trust levels.

3 Conclusion

Since the interdisciplinary endeavour on the scientific study of the human mind later known as
Cognitive Science started to take place in 1950s, researchers across multidisciplinary fields have
been working together to unravel the information processing mechanisms underlying the black box
of human cognition at different levels of analysis and organization. In particular, the development
of computational models and machine learning methods in Al continuously brings novel insights
into the research on human cognition, especially in the understanding of the representational and
computational capacities of the human mind. At the same time, the development of Al research
is constantly influenced by the development of theories and methodologies in the study of the
human mind. With Al models reaching or surpassing human-level performance in some cognitive
tasks, the use of cognitive science theories and methods to understand black-box Al models has
never been more important than they are now.

The understanding of the human mind through computational modelling and experimental
methods in cognitive psychology facilitates studies on the comparability between human cognition
and artificial cognition in Al models. Such comparisons not only can enhance our understanding
of both human cognition and Al models, but also play an important role in developing effective
XAl methods with the ToM capacities. More specifically, with the ToM capacities, humans tend
to assume that Al performs a task in a similar way to them, and thus can naturally update
this belief when given information about the differences between humans and Al. In addition,
an effective XAl system requires the abilities to infer humans' cognitive model of the task and
humans’ cognitive model of current understanding of and trust on the Al system in order to
provide more human-accessible explanations under new scenarios of the task, which in turn lead



to better adoption Al systems in the society. Together these demonstrate well the importance of
cognitive science approaches towards XAl, providing a path forward for interdisplinary research.
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