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While the computer vision problem of searching for activities in videos is usually addressed by using discriminative models, their decisions tend to be opaque and difficult for people to understand. We propose a case
study of a novel machine learning approach for generative searching and ranking of motion capture activities
with visual explanation. Instead of directly ranking videos in the database given a text query, our approach
uses a variant of Generative Adversarial Networks (GANs) to generate exemplars based on the query and
uses them to search for the activity of interest in a large database. Our model is able to achieve comparable
results to its discriminative counterpart, while being able to dynamically generate visual explanations. In
addition to our searching and ranking method, we present an explanation interface that enables the user to
successfully explore the model’s explanations and its confidence by revealing query-based, model-generated
motion capture clips that contributed to the model’s decision. Finally, we conducted a user study with 44
participants to show that by using our model and interface, participants benefit from a deeper understanding
of the model’s conceptualization of the search query. We discovered that the XAI system yielded a comparable level of efficiency, accuracy, and user-machine synchronization as its black-box counterpart, if the user
exhibited a high level of trust for AI explanation.
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1

INTRODUCTION

Explainable Artificial Intelligence (XAI) has recently emerged due to increased interest for
Artificial Intelligence (AI) systems. XAI enables new machine learning techniques, specifically
deep learning, to yield explainable models. These explanations can be developer-focused (to help
in understanding, designing, and improving models) or user-centric (to help in knowing how and
when to trust the outputs of AI tools). From the user-centric point of view it is of crucial importance
to explain the decisions of an AI system with effective explanation techniques to enable end users
to understand, appropriately trust, and effectively manage the decisions made by AI. An effective
explainable AI system assists in the human decision-making supported by the system, in particular,
whether to accept the recommendations or classifications suggested by the model. In modern AI
systems, the most critical and most opaque components are based on machine learning. There is an
inherent tension between machine learning performance (predictive accuracy) and explainability;
often the highest performing methods, such as deep learning, are the least explainable, while the
most explainable, such as decision trees, are the least accurate.
From a decision making point of view, the goal of XAI systems is to maintain performance while
being explainable. The target of XAI is an end user who depends on decisions, recommendations,
or actions produced by an AI and therefore needs to understand the rationale for the system’s
decisions. For example, a test operator of a newly developed autonomous system will need to
understand why the system makes its decisions so that they can decide how to use it in the future. A
successful XAI system should provide end users with an explanation of individual decisions, enable
users to understand the system’s overall strengths and weaknesses, convey an understanding of
how the system will behave in the future, and in some cases even suggest how to correct the
system’s mistakes. Explanations can be global, explaining how the model works and the ways
in which it encodes knowledge, or local, explaining the provenance and confidence in individual
decisions or recommendations. Our work focuses on the local level, using visual explanations to
help users decide whether to trust an individual output of an AI system.
Explainable models might be created by learning to associate explanatory semantic information
with features of the model; by learning simpler models that are easier to explain; by learning richer
models that contain more explanatory content; or by inferring approximate models solely for the
purpose of explanation. Another critical component of XAI systems are explanation interfaces that
enable explainable models [24]. For example, Reference [35] provide an example of the development and evaluation of a basic explanation interface. The work followed a complete development
strategy that included identifying principles of explainability, developing an interface from those
principles, and evaluating the effectiveness of the explanations provided by the interface. The system explained a very simple naive Bayesian text classifier.
In this article, we introduce the paradigm of explanation by generation. We propose a novel
generative XAI system for human activity search and ranking in motion capture data.
Visual search and ranking is a prominent problem in the computer vision community. Applications of visual search and ranking range from commerce, to surveillance, to robotics. Recent work
on ranking focused on discriminative methods [4]: given a query, the goal is to retrieve videos
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containing the query, along with the query’s location visually highlighted in the video. We depart
from the discriminative ranking paradigm, and propose a generative ranking framework based
on the Dense Validation Generative Adversarial Networks (DVGANs) approach [37]. We defined the problem as follows: given a text query, generate multiple video hypotheses representing
the query, then search for the query using the model-generated videos. In this case, by having the
model generate the visual information, presented in an analytics dashboard, we can give the user
an insight on what the model “thinks” the query looks like, hence, it becomes more explainable.
The underlying model is a Generative Adversarial Network (GAN) [22] for human motion
generation from text.
Innovations in interface design enable the presentation of detailed results, beyond simple yesor-no answers. Our interactive explanation interface acts as the mediator between the user and
the model, permitting the model’s rationale for decisions to be explained in a variety of ways. The
explanation interface combines visualization of exemplars generated by the generative model and a
confidence score associated with each search result. This further supports the user’s understanding
about why a specific instance was returned and how confident the system was in its decision. Our
approach explores the nuanced confidence and sensitivity in the decision, thereby helping a user
set an appropriate level of trust in decisions made by the system. The interface is designed such that
it enables visualization of explanations generated by the model and allow the user to drill down
on decisions. As users determine and establish trustworthiness with provenance information [26],
we see an opportunity for bringing a new type of provenance information model to the forefront.
Finally, we evaluate our XAI system in the context of surveillance, where the user is querying
a database of videos and searching for a specific activity in various scenarios. We used the CMU
motion capture database [1] to devise an extensive user study that evaluates the quality of explanations, gauges the users’ satisfaction with the explanations, and assesses the users’ mental model
as well as trust and reliance in the system. Our XAI generative ranking system improves explainability while maintaining a high level of performance, comparable to a black-box AI discriminative
ranking system. We found that the XAI system yielded a comparable level of efficiency, accuracy,
and user-machine synchronization as its black-box counterpart, if the user exhibited a high level
of trust for AI explanation. Our contributions are threefold:
(1) A GAN-based explainable AI system, based on a generative model with performance comparable to its discriminative counterpart, for human activity search and ranking.
(2) A visual interface for traversing exemplars created by the generative model and exploring
confidence and sensitivity in model decisions.
(3) The findings of a user study evaluating the GAN-based explainable AI system in comparison
to black-box AI, based on various criteria including accuracy, speed, and user satisfaction.
2

RELATED WORK

In this section, we review the relevant literature on recent XAI approaches, literature related to
our specific explainable model approach, and finally, literature related to the explanation interface.
2.1 Related Work on Explainable AI
Our approach is inspired by recent work produced in the XAI domain, as well as new opportunities that emerged therein. Traditionally, as various inference systems extended their capabilities,
there has been a need to trace and represent each system’s decision making process to justify
its conclusions, identify any contradictions, and further improve the corresponding operations
[12]. Extending on the need to understand both automatically and manually coded rules, there has
been a demand for more transparent, explainable AI systems. We divide the related work into two
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different groups: global explanations and local explanations. While an exhaustive review of XAI
is beyond the scope of this article, Molnar provides one [40].
Global explanations focus on analyzing overall learned representations, for example, understanding and visualizing representations in deep learning (e.g., convolutional neural networks)
[30, 42, 55], analyzing representations learned by deep reinforcement learning agents (e.g., deep
Q-networks) [54] or learning disentangled representations [28]. In the global explanation case,
after the model is learned, the explanation is then extracted from the representation learned by
the model itself.
Local explanations focus more on grounding the explanations on specific data, for example,
finding influential features [45] and grounding them on the input image. Other methods focused
on finding influential data points [33] and parameterizing training batches. Recent work focused
on generating textual explanations by training a second deep network to generate explanations
without explicitly identifying the semantic features of the original network [27]. Finally, attentionbased methods for explanation, such as show and tell networks, couple captioning with attention
on images [51], using attributes for attention [9] or using guided attention [36].
Beyond the above developer-centric explanations that focus on AI models and corresponding
data points, however, there is also a call for more intuitive and interpretable explanations for
human users. Some XAI projects pursue “human-in-the-loop,” user-centric systems that produce
trustworthy answers that without significantly compromising the system performance [45]; other
applications seek different ways to ensure fairness and accountability by providing users alternative outcomes using counterfactual statements (“had a number of conditions been different, the
outcome would change”) via intuitive voice assistants [48]; finally, ideal XAI projects also provide
contextually relevant recommendations and explanations to their end users who may have little
to no technical knowledge in AI systems, but are experts in their own domains [24].
2.2 Related Work on Explanation by Generation
Since our explainable model is based on GANs, we briefly review the relevant literature. GANs [22]
are a class of implicit generative models that learn directly from examples. They have been employed successfully in many problems, mostly in the area of computer vision where GANs are
trained directly on pixels. There are multiple variations of GANs, many of which propose a variation of the objective function to address different needs. Starting from the original formulation [22],
the extension to Conditional GANs (CGAN) [20] was introduced to enable conditioning on a
class label, Wasserstein GANs (WGAN) [3] was introduced to improve the stability of GANs,
and finally WGANs with Gradient Penalty (WGAN-GP) [23] improved WGAN’s stability even
further by replacing weight clipping with a gradient penalty in the loss function.
We specifically focus on approaches for human motion generation, since it is most related to
our work. There are two types of synthesis: (1) Motion completion, starting from a short clip and
extrapolating to a longer clip; (2) Motion generation, starting with a label and generating full
clips. Recent work on human motion modeling for motion completion successfully used RNNs
[19, 21, 29, 39]. However, they did not do human motion generation from scratch. Recently, GANbased approaches have been applied successfully to synthesize human motion from text [2, 5, 37]
by formulating a sequence-to-sequence model using a GAN framework [39].
2.3

Related Work on Explanation Interfaces

Our research into explainable interfaces for artificial intelligence is inspired by recent advances in
interpretability, trust, and explainability in the information visualization and human-computer
interaction fields [10, 11, 38]. Information visualizations are often populated with the outputs
of machine learning techniques, however, simply visualizing the outputs of an ML system is
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insufficient as an explanation. Where visualizations such as a topic model plot [16], rendering
of features in CNNs [38], or a t-SNE model visualization [50] may be useful for those familiar with
the workings of the algorithm, they are inappropriate for data domain experts.
Provenance is a key consideration for supporting decision-making in data analytics, and providing traces of both data provenance and analytic provenance has been used to enhance the
trustworthiness of analytic outcomes using visual analytics [46, 52]. Analytic provenance tools
have recently been the focus of much visual analytics research, and are often a variation of an
automatically populated storyboard showing the history of interaction [17, 56].
2.4

Related Works on Explanation Assessment

Designed to closely evaluate each participant’s interaction with explanations, our user study is
informed by a wide range of work surrounding user trust and reliance in AI explanations, as well
as data-driven recommendation systems.
Example-based explanations are generally considered an acceptable way to rationalize algorithmic behaviour [7, 34], while participant reactions to these explanations vary greatly and are subject
to individual differences, including self-confidence and prior experience with explanations [13, 47].
Users also generally prefer to retain control over the application, leaving recommendation and AIdriven behaviour only accessible by request [15]. Users are also most likely to opt into utilizing AI
assistance to quickly identify the answer, with little interest to learn how or why AI arrived at its
solution [14, 43].
When users do accept automatic assistance, however, they do so at arm’s length: distancing their
own decisions from algorithmic behaviour and adjusting trust levels according to the accuracy
of systems [53]. Finally, past work has observed general indifference to how these explanations
were presented, as there is no strong preference for the level of detail or the type of visualization
presented in the explanations [14, 47].
3

HUMAN ACTIVITY GENERATION FOR SEARCH AND RANKING

In this section, we specify the model used for human activity search and retrieval. We also specify
the black-box discriminative AI model used to contrast our generative XAI.
3.1 Problem Statement
To study the effect of global explanations, we use human activity search and ranking (querying a
video database for certain activities of interest) as a use case. Human activity understanding is a
rich area of research in robotics, computer vision and machine learning, due to the challenges it
offers. In this work, we focus on the surveillance use-case [4].
Due to the large size and number of video frames, instead of searching the pixels directly, the
video is processed by extracting visual abstractions such as objects, parts and their spatial configurations. This is usually done using detectors [8, 44, 49]. For studying the effect of global explanations, in this work, we normalize the abstraction process by using a database of captured
motions where human body joints are accurately localized in 3D using motion capture devices.
In this way, we can focus on the second stage where the spatial motion of human body parts are
connected to the query of interest. Specifically, we perform experiments on the CMU Motion
Capture database (CMU Mocap) [1].
3.2 CMU Motion Capture Database
CMU Mocap is a large-scale motion capture dataset of open-ended activities. It contains 2,548
motion capture videos from 113 actors performing 1,095 unique activities captured at 120 framesper-second with descriptions in text. There are activities with different styles and transitions such
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Fig. 1. Illustration of discriminative ranking vs. generative ranking. (left) Given a fixed-length video clip in
the video database and a query “sweep floor,” discriminative ranking uses a CNN-RNN model to score the
clip. (right) Generative ranking first generates exemplar clips of what the model thinks is “sweep floor” then
uses the clips to score the video database through a CNN-CNN similarity function. The score is indicated by
the confidence bar, where red indicates a higher level of confidence.

as “walk on uneven terrain,” “dance—expressive arms, pirouette,” “punch and kick,” and “run to
sneak.” Having such fine-grained activities brings us close to human activity understanding in the
wild, and CMU Mocap is the largest dataset of its kind. We use data in the BVH format provided
by Reference [25], where the human body skeletons are represented by 31 joints, closely following Reference [37]. The joint angles are pre-processed into the exponential map representation and
activities spanning less than 8 s are filtered out. The filtered dataset contains 573 actions across
1,125 videos totaling 8 h. We use 757 videos for training the AI retrieval system and 368 videos for
evaluation.
Our AI retrieval systems spot query activity using frame-by-frame sliding windows of 8-second
clips. We compare two state-of-the-art deep models: (1) a discriminative ranking model that does
not provide global explanation and (2) a generative ranking model that provides exemplar-based
global explanations about the retrieval decisions. The discriminative ranking and generative ranking systems are illustrated in Figure 1.
3.3

Discriminative Ranking Implementation

The discriminative ranking model is inspired by the state-of-the-art model for ranking image captions [18]. Given a query and a video clip, discriminative ranking computes a ranking score of how
well the clip matches the query. The input action text is encoded into a query vector using the skipthought vectors model [32], and fed to a GRU recurrent neural network (RNN) language model.
The input video clip is encoded into a video clip vector using a 1D residual convolutional neural
network (CNN). The matching score between the query and video clip is computed as the dot
product between the query vector and the video clip vector. The AI retrieval system selects videos
with highest average score over all its sliding window clips as the output. The ranking scores for
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Fig. 2. Model architecture diagrams of (1) Top: CNN-RNN for discriminative ranking. (2) Middle: CNN-RNN
generators and discriminator following Reference [37] for the GAN component in generative ranking. (3) Bottom: Siamese CNN similarity function for the similarity component in generative ranking. The basic building blocks for the model architectures are shown on the right. All models are implemented in the PyTorch
framework.

sliding window clips are visualized to the user to explain the retrieval decisions. Figure 2 (top)
illustrates the architecture of the discriminative ranking model.
The discriminative ranking model is trained jointly for action classification and retrieval of
human activity videos. The action classification task is given a fixed-length video clip, retrieve
its original description from a pool of K = 250 descriptions. Similarly the action retrieval task is
given an action description, retrieve the video clip that corresponds to the action description from
a pool of K = 250 fixed-length video clips. We optimize the negative log-likelihood action retrieval
and action classification losses to learn parameters of the CNN. We use the Adam optimizer with
learning rate 1 × 10−4 over 100 epochs.
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Generative Ranking Implementation

Given a query, the generative ranking model first generates exemplar clips using a text-conditioned
GAN [37]. For example, for a query “walking,” the model will generate a set of exemplar clips that it
“thinks” represent the “walking” action. Given a video clip, the generative ranking model computes
the ranking score by comparing the video clip with the exemplar clips using a learned similarity
metric. Similar to discriminative ranking, videos with the highest average score over all sliding
window clips are retrieved as the output. This particular method is ideal for our interface that
allows the users to query by natural language, as this is the only GAN-based approach that requires
a text query to generate a video clip without example frames as an additional input. Additionally,
our generator performs well against an existing approach that requires such frames [37].
For generative ranking, the generated exemplar clips are global explanations of the retrieval
decisions. The generated exemplar clips are presented to the user along with the ranking scores to
explain the retrieval decisions. While we acknowledge that the diversity of the generated examples
is also important for GAN-based approaches, we also recognize that some users may want a more
“deterministic” explanation. The quality of these generated clips has been assessed as part of the
user study by external data annotators.
3.4.1 Generative Adversarial Network (GAN) for Text-conditioned Activity Generation.
GANs [22] consist of two components that learn as adversaries: a generator and an discriminator. Let video clip be x and query be y. In the context of video generation, given a query
“sweep floor,” a discriminator D(x, y) is a video appraiser that tries to tell if a video is an authentic
“sweep floor” video in the training set, or a generated counterfeit made by the generator. A video
generator x̄ = G (y, z), however, starts from a random Gaussian noise vector z and transforms this
using a feedforward neural network to generate realistic enough “sweep floor” videos that fool
the discriminator. x̂ = αx + (1 − α )x̄, where x̂ is derived from x̄ and x with α uniformly sampled
between 0 and 1. x̂ takes an interpolation between a random real sample and a random generated
sample.
Our activity generation GAN is trained uses the Wasserstein GAN [3] objective function (Equation (1)), which is the average score assigned to real videos of the target action, minus the average
score for generated videos, plus a gradient penalty term for stabilizing optimization. The discriminator maximizes while the generator minimizes the objective. Parameters of the discriminator and
generator are learned through alternating gradient descent, in which the discriminator learns to
improve its classification performance, followed by the generator learning to improve the quality
of the videos it creates. Reference [3] proves that when Equation (1) reaches equilibrium, the generator will generate the real video distribution P (x |y) and the discriminator will not be able to tell
generated videos from real videos:
JGP (D, G)

= Ex∼px ,y∼py D(x, y) − Ex̄∼pG ,y∼py D(x̄, y)
 
Real

Generated




+ λEx̂∼px̂ ,y∼py (∇x̂ D(x̂, y)2 − 1) 2 .


(1)

Gradient Penalty

Following Reference [37], the GAN discriminator is a 1D residual CNN with dense validation
blocks, and the GAN generator is a 1D residual deconvolution CNN. The architectures are shown
in Figure 2 (middle). We train the model on the CMU Mocap training set, using the Adam optimizer
[31] with learning rate 1 × 10−4 for 1,000 epochs.
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3.4.2 Generative Ranking Using Generated Exemplars. The second stage of the generative ranking system computes matching scores between the set of exemplar video clips {x̄ } generated for
query y and a target video clip x.
Our generative ranking approach computes as matching score the point-wise mutual inforP (x,y )
mation (PMI) PMI(x, y) = P (x )P (y ) between query y and video clip x it captures how often the
video and the query are seen together. In addition, our generative ranking approach computes
PMI(x, y) using only {x̄ } and x and without using y, to guarantee that the set of exemplars {x̄ }
x̄ )
faithfully explain the decisions. Notice that if we can learn T (x, x̄ ) = log PP(x(x,
)P (x̄ ) , we will have:
 P (x |x̄, y)P (x̄ |y)
P (x, y)
= log
P (x )P (y)
P (x )
x̄
 P (x |x̄ )P (x̄ |y)
= log
P (x )
x̄
= log Ex̄ ∼P (x̄ |y )

(Assuming x y |x̄ )
|=

log

P (x |x̄ )
P (x )

= log Ex̄ ∼P (x̄ |y ) e T (x, x̄ ) ,

(2)

which shows that the matching score PMI(x, y) can be computed as the log-mean-exp (a soft version of max function) of T (x, x̄ ) over target video clip x and exemplars {x̄ }.
The key function, T (x, x̄ ) can be approximated using a neural network learned by maximizing
mutual information (MI) lower-bound Equation (3) discovered by References [6, 41]:
I(X ; X̄ ) ≥ max E (x, x̄ )∼P (x, x̄ )T (x, x̄ ) − Ex ∼P (x ) Ex̄ ∼P (x̄ ) e T (x, x̄ ) + 1.
T

(3)

P (x,y )

Equation (3) equality is reached when T (x, x̄ ) = log P (x )P (y ) .
For the model architecture of T (x, x̄ ), we use a residual 1D CNN with shared parameters to
encode a pair, x and x̄ (i.e., a Siamese-CNN) into vectors.T (x, x̄ ) is computed as the cosine similarity
scaled by a constant factor of 9.1 The CNN-similarity network architecture is shown in Figure 2
(bottom). We optimize Equation (3) on the CMU Mocap training set using the Adam optimizer
[31] with a learning rate 1 × 10−4 for 100 epochs and apply T (x, x̄ ) on the test set for predicting
P (x,y )
log P (x )P (y ) .
In summary, for generative ranking, given query y, we first use the GAN generator x̄ = G (y, z)
under different noise vectors z to generate N = 30 exemplars {x̄ }. The decision to use 30 exemplars is a balanced one between two considerations: diversity and retrieval performance for
machines and usability for human users. While it is important to have more exemplars for diversity and subsequent machine performance, we also recognize that human users cannot digest an
overwhelming number of exemplars.
Thereafter, we compute log-mean-exp over the N = 30 T (x, x̄ ) matching scores between video
clip x and every exemplar x̄ to estimate PMI(x, y) as the ranking score.
3.5

Machine Learning Performance

We benchmark both approaches, based on the same CNN model, by their top-1 accuracy when
ranking 248 8-s video clips with unique action descriptions in the CMU Mocap test set. Random
ranking is 1/248 ≈ 0.4%. The discriminative ranking approach achieves 35% top-1 accuracy, while
1 The output range of T (x, x̄ ) affects confidence of MI estimation [6]. Empirically, this controls the output range of
T (x, x̄ ) ∈ [−9, 9] and makes optimization more stable.
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the generative ranking approach achieves 33% top-1 accuracy. Therefore their performance is comparable. For global explanation, discriminative ranking provides only the matching scores, while
generative ranking, in addition to scores, naturally generates exemplar-clips for the query that
can be shown to the user. Finally, generating 5, 10, and 20 exemplars resulted in top-1 retrieval
performance to drop by 1.6%, 1%, and 0.5%, respectively, compared to 30 exemplars.
We found that using the same CNN model to generate vectors of real and generated structural
motion data gives 3% better top-1 retrieval performance than using two separate CNNs. Our hypothesis is that the generated clips are qualitatively very similar to real structural motion data,
and therefore using a single CNN model is sufficient. Less parameters empirically reduces the gap
between performance on training/testing data in machine learning, and hence, we predict that
generalization performance is improved, because a single CNN model has less parameters than
two separate CNN models.
On our evaluation dataset with 368 videos and 248 unique action keywords, we computed the
precision-recall curves for each keyword and the resultant mean average precision (mAP)—area
under the precision-recall curve averaged across all keywords—for both approaches. The discriminative approach reaches 0.457 mAP and the generative approach using 30 exemplar clips achieves
0.425 mAP. The generative approach using 1, 2, 5, 10, 20 exemplar clips achieve 0.404, 0.413, 0.421,
0.422, 0.423 mAP, respectively. Observations are consistent with our top-1 accuracy metric, that
discriminative ranking performs slightly better than the generative counterpart. We conclude that
the performance gap is small, and using more exemplar clips improve performance.
4

EXPLANATION INTERFACE

The interface acts as a mediator between the human and the AI, to help understand the AI’s rationale for decisions through a variety of explanation approaches. The explanation interface combines
visualization of generator instances from the AI generator, as well as uncertainty in the outcomes
from the ranker. We set out to bridge the gap and make the explanation interface appropriate for
people who are not AI experts. To achieve this, the explanations consist primarily of relatable constructs such as animated motion sequences, rather than abstract visualizations of hidden model
states or other low level features. We adopt a surveillance use case where our target user is an
analyst searching for an activity in a large video database.
The explainable interface assumes a dashboard design geared towards domain experts who may
not have deep knowledge of artificial intelligence, but are well-versed in the data upon which the
system operates. Purpose-built to visualize AI rationale for individual video clips in the dataset, the
interface is also designed to handle similar application areas and accompanying datasets, enabling
users to answer textual queries with visual rationales and confidence scores for the answers. The
interface also allows a data domain expert to observe the evidence and make an informed decision
whether to trust the XAI system, by supporting “drill-down” into deeper evidence for the provided
answers and the level of confidence the model is reporting. A detailed illustration of the interface
is available in Figure 3.
The interface enables the user to input a search query and select a ranking algorithm (Generative or Discriminative). Once the search button is clicked, all the videos in the database are ranked
in a new list with the most relevant video on top. Once one of the videos is selected, the video
becomes available for the user to view, along with a confidence bar visualization located below the
navigation bar, showing areas of interest where the query term is most likely to occur. In the case
of generative ranking, in addition to the confidence bar, the user is also presented with an unsorted
set of generated evidence that the algorithm used to rank the list of videos. Upon clicking on the confidence bar in a certain segment, the score for that segment is presented to the user, and the list of
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Fig. 3. Annotated view of the explanation interface. The flow of the interface starts from left to right. In the
left column, the user starts by inputting a query and selecting the ranking algorithm of interest. Once the
search button is clicked, all the videos in the database are ranked in a new list with the most relevant video
at the top. In the middle column, once one of the videos is selected from the ranked list, the video becomes
available for the user to view, along with a segmented confidence bar (red indicating higher confidence)
located below the navigation bar. In the right column, which is available only in the generative ranking case,
the user is also presented with an unsorted set of generated evidence that the algorithm used rank the list
of videos. Upon clicking on the confidence bar in a certain segment, the score for that segment is presented
to the user, and the list of evidence gets sorted showing the most important evidence first. Upon clicking on
one of the evidence clips, a pop-up video player is presented to the user to view it.

evidence is sorted to show the most important evidence first. Upon clicking on one of the evidence
clips, a pop-up video player is presented to the user to review the generated evidence in detail.
The generative ranking interface enables the user to drill down into deeper evidence for the
provided answers and see the level of confidence the model is reporting. This allows a data domain
expert to make an informed decision whether to trust the system. In the discriminative ranking
case, the user would have little evidence to support the provided decision. The ability to drill down
on evidence ends at the ranked list and confidence bar. One of the key research questions of our
user study, presented in the next section, is the investigation of the role of trust and whether
generated evidence engenders appropriate trust in AI systems: how will an explanation interface
lead a user to accept or reject the answer provided by the AI model?
5 USER STUDY
The user study consists of various components to assess different factors from a mental model to
trust and reliance. Designed as a more linear, guided variation of the explanation interface, the
study presents numerous instances of three main tasks:
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Fig. 4. Illustration of the user study session flow. Throughout each session, the user performs numerous
trials of three distinct tasks, each accompanied by a post hoc questionnaire specific to the task and the AI
system’s performance. Depending on the allocated experimental condition, the session may switch to the
alternate AI system without warning.

(1) Identifying one or more video clips that best illustrate the displayed query.
(2) Spotting one or more segments in a single video clip that best illustrate the keyword.
(3) Collaborating with AI to solve a more complex challenge of identifying a longer video clip
that best illustrates a complex query with multiple actions.
Through comparing two conditions—the XAI system or a black-box AI system, powered by
generative and discriminative models, respectively—we aim to assess the benefit, if any, of XAI.
The study also rigorously records the user’s subjective experience with questionnaire components
after each task. The web-based study interface is available for public access at http://gr.ckprototype.
com/.
5.1 Objectives
Our three-stage user study sets out to evaluate the model, the interface and the benefits of using
the XAI system. Featuring a variety of interactive modules, this web-based interface was refined
through an internal pilot and was deployed as part of a randomized controlled study, the results
of which we report in this article.
Hypothesis. We hypothesize that the explanation interface will facilitate the user’s understanding of the XAI system’s behavior, while improving the user’s task performance by building a correct mental model of the AI and establishing appropriate trust and reliance on the system.
Mental Model. A successful XAI system should allow users to gain a better understanding of
the system’s behavior, thus building a correct mental model of its operations. In this study, we
use a series of prediction tasks and questionnaires to better understand the benefits of using an
XAI system over a black-box one for mental model formation. Prior to gaining access to the XAI
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Fig. 5. The XAI evidence screen. This is the first step towards assessing the mental model of the user. Before
each task, the participant is presented with a query and a sorted list of generated clips depicting what the
XAI thinks the query visually looks like. The participant is then prompted to answer a brief survey about
their expectations of the XAI’s ability to answer correctly and its understanding of the query.

system’s assistance, the user is presented with a sorted list of XAI-generated clips that illustrate
how the system interprets the query. They are then asked to fill a short questionnaire to assess
their expectations of the system as shown in Figure 5. Given the presented clips, the user is asked
to predict the decision of the AI on a specific task. The user’s work is then compared to that of
the XAI system to gauge whether the user was able to predict the system’s behaviour. In addition
to prompting the user with prediction tasks, the study also presents a number of assertions about
the XAI system and asks the user to agree or disagree with the assertions. This way, their mental
model is compared with an ideal model of the XAI system.
Task Performance. The user’s task performance alongside the AI system is measured by comparing the resultant output with ground truth and observing the user’s acceptance of the system.
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Given a task, the user has an option to view and use the AI system’s output as the user’s own. The
study monitors the user’s decision to accept the system’s assistance, and examines the similarity
between ground truth, the system output, and the user’s answer. Other miscellaneous parameters,
including the user’s task completion time and interaction with different interface modules, are
recorded for further analysis.
Appropriate Trust and Reliance. Explanations should help users to develop more appropriate
trust and reliance toward an XAI system and enable users to better achieve their goals. Maintaining
close ties with the user’s mental model of the AI system and resultant task performance, the study
measures the user’s trust and reliance by asking the user to assess the level of confidence for
the XAI system’s output. The user can select an answer from a 5-level Likert scale, ranging from
“Strongly Disagree” to “Strongly Agree,” to indicate the user’s confidence in the XAI system. The
study also measures the user’s reliance on the system by examining whether the user solicits the
XAI assistance (through interaction log files) and continues to use it for subsequent tasks.
5.2 User Study Design
The study deconstructs the explanation interface into modular, guided user experiences to evaluate the benefits of using the XAI system over the traditional AI counterpart. Featuring numerous instances of three distinct tasks—Clip Identify, Timeline Spot, and User-Machine Collaboration
Task—the study offers either the AI or XAI system to assist each participant along the way.
Overview. The study is a three-part experience featuring 2 different modes of AI assistance and
3 task types (3+3+2 repetitions) for a total of 8 AI-assisted tasks based on more than 40 different,
randomly sampled configurations. The study is designed to take a maximum of 50 min to complete,
and each prompted task is accompanied by Likert-scale questionnaires designed to record the
user’s subjective experience with the task. The study design and instructions were pilot tested
with colleagues and students who were not part of the participant pool.
Participants. A total of 44 undergraduate students from computer science and information technology disciplines were recruited to participate in the between-groups study. The participants had
no prior experience with XAI systems but had used commercial video search tools (e.g., YouTube).
As there is no evidence that gender or age would be relevant factors, this information was not
collected. Participants were compensated $20 for 1 h of their time at the end of each session.
Experimental Design. There were two conditions and three tasks. To alleviate order effects due
to participant fatigue and practice with AI assistance, the following conditions were established:
(1)
(2)
(3)
(4)

AI system only
XAI system only
AI system, then switch to XAI system halfway
XAI system, then switch to AI system halfway

Each study session, dedicated to a single condition, was initiated with a brief introduction to
the procedure and a tutorial about the study interface. Twelve participants were invited to each
session, with at least ten participants successfully completing each condition, and no participants
engaging in more than one condition. Participants worked individually on computers within a
computing lab. The experimenter was available to answer participant questions throughout the
session. Each participant received detailed training prior to beginning the study session, including
completing the aforementioned sample tutorial tasks and watching video recordings that illustrate
ideal interaction scenarios.
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Fig. 6. (left) The Clip Identify task with the XAI system. Given a set of ten video clips, the user is asked
to pick the top three most relevant clips to the displayed query. The XAI system (shown), unlike the AI
system, provides assistance with explanations using model-generated clips. (top right) A summary showing
the correct answer, the user’s answer, the user’s prediction of the system’s answer (mental model of AI), and
the system’s answer. (bottom right) A questionnaire per trial assessing the performance of the system.

General Structure. The study presents a number of text queries, accompanied by user tasks specific to each part, as well as applicable (X)AI assistance and questionnaire components. At the
end of each task, the study also displays the summary that compares ground truth to user- and
AI-provided answers. A detailed outline of the study is shown in Figure 4.
Part 1: Clip Identify. In this first part of the study, the participant is prompted to investigate
a given set of ten video clips and pick up to three clips most relevant to the displayed keyword
using a drag-and-drop sort interface as shown in Figure 6 (left). During this stage, the participant
is presented a total of four trials with randomly selected keywords and associated identification
tasks. The first trial serves as a tutorial and is not included in the results.
For each trial, the participant is first presented with the mental model questionnaire and asked
to predict the system’s answer. In the XAI condition, the mental model questions are accompanied
by the sorted list of generated clips of what the system “thinks” the query looks like, as shown in
Figure 5. After the mental model questions, the participant is presented with the task along with
the results from assigned (X)AI assistance. The system’s assistance is provided through sorting the
list of clips, along with a confidence bar below each clip, showing the system’s score over the length
of the clip. The participant may view any clip during each task, and optionally import the system’s
suggestion as the solution. In the case of XAI, the user is also presented with AI-generated clips
as evidence supporting the XAI system’s interpretation of the text query. The evidence clips are
rearranged automatically once a video is selected, according to which generated clips contributed
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Fig. 7. (left) The Timeline Spot task with the XAI system. Given a long video, the user’s task is to highlight
segments where the activity described by the given keyword query exists. The XAI system, unlike the AI system, provides assistance with explanations using model-generated clips. (top right) A summary of timelines
with the location of the correct answer, the user’s answer, the user’s prediction of the system’s answer, and
the system’s answer. (bottom right) A questionnaire per trial assessing the performance of the system.

the most to the system’s decision. At the end of the trial, the participant is presented a summary
showing the correct answer, their answer, their prediction of the system’s answer based on their
mental model, and the system’s answer, as shown in Figure 6 (top right). Finally, the participant
completes a questionnaire for this specific trial, assessing the performance of the system as shown
in Figure 6 (bottom right).
Part 2: Timeline Spot. The second part of the study provides a single but lengthier video clip,
consisting of multiple individual clips as shown in Part 1, to localize a specific activity. Presenting
a single keyword in the same fashion as the first part, the study prompts the participant to search
for different parts of the video that best illustrate the keyword. The user can play or scrub the
video to locate the parts that match the keyword, and mark them using the timeline interface as
shown in Figure 7 (left). AI assistance is once again available for the user to consult, complete with
AI-generated clips exclusive to the XAI system. Once the user clicks on the confidence bar below
the clip, the supporting evidence consisting of generated clips is sorted automatically to show the
most contributing evidence to a specific time segment. The trial structure mirrors the Clip Identify
task, with a summary of results as shown in Figure 7 (top right), and a questionnaire as shown in
Figure 7 (bottom right).
Part 3: User-Machine Collaboration Task. Combining interface elements and challenges of parts
1 and 2, the third and final part of the study provides a large set of lengthier video clips and
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Fig. 8. (left) The User-Machine Collaboration task with the (X)AI system. Given a series of long video clips and
a more complex scenario, the user’s task is to select a video that best represents the text description. The interface features a search box that allows the user to consult the (X)AI system to facilitate the investigation. (top
right) The XAI system, unlike the AI system, provides assistance with explanations using model-generated
support clips. (bottom right) A questionnaire per trial assessing the performance of the system.

prompts a randomly selected scenario. Each of the seven scenarios was manually constructed by
concatenating previously available motion-capture clips. The user is encouraged to deconstruct the
provided description and search for the video clip that best illustrates the scenario, but we suspect
the task will be overwhelming enough for the user to request AI assistance as required. Illustrated
in Figure 8, the interface provides a total set of three main elements: the search box, the clip list,
and the video player. The user can independently browse and investigate the individual video clips
to complete the task, but is encouraged to use the AI system to facilitate the investigation. Upon
submitting one or more text queries, the AI system will highlight the clips that are most likely to
illustrate the user’s query. The XAI system, in alignment with its behavior in parts 1 and 2, presents
its interpretation of the query through generated supporting evidence before the user accepts AI
assistance in sorting the video clips. Finally, the user must continue the investigation until the
correct video clip is selected, and then is presented a summary of results and a questionnaire.
5.3

External Data Annotation

In addition to collecting participant reactions to model-generated video clips as part of the study,
we recruited five external data annotators and launched a post hoc analysis of AI explanation
quality. Each annotator was presented a series of keyword queries and corresponding AI explanations, and asked to rate how well the model-generated video clips represent each query, on a
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Fig. 9. Task completion times between the two AI systems, and across the three task clusters. Segmentation
between XAI HIGH and XAI LOW was determined by the user’s express level of trust in AI explanation. UMC
completion times using the XAI system remain unsegmented, as users did not provide express level of trust
for corresponding AI explanation.

5 point Likert scale. These ratings, collected from annotators with no prior experience with the
study, were used as a proxy for the quality of AI explanations as well as an indicator of participant
attentiveness throughout the study.
6 OUTCOMES
Participant activities recorded during each session have been collated and thoroughly analyzed
to test the original hypothesis that the XAI system will facilitate the user’s understanding of the
AI system and in turn improve the user’s task performance. Any other notable insights that arose
during this process have been also been collected for discussion below.
Measures. With a total of 44 participants engaging in more than 350 distinct AI-assisted tasks,
the collected data features completion time, user and AI accuracy, and user reaction to the AI
system or AI-provided explanations as applicable per task. In the following discussion, we note
statistical tests with * at p < 0.05 and ** at p < 0.005.
Task Clusters. Upon observing divergence in participant performance and reaction between
those who explicitly stated low levels of trust in AI explanation and those who did not, the study
results were further segmented into three separate groups: AI tasks (51.7%), XAI tasks completed
by users with low levels of trust (XAI LOW, 16.5%), and finally, the remainder of XAI tasks where
the user did not express explicit distrust or instead expressed trust (XAI HIGH, 31.8%). Segmentation between XAI LOW and XAI HIGH clusters was determined by user response to the question “I
would trust the AI decision more, now that I have seen this visualization,” where the “Disagree” or
“Strongly Disagree” response serving as a qualifier for XAI LOW. Some task trials were discarded
due to user or system error, resulting in a slight imbalance between AI and XAI task numbers.
6.1

Speed

Overview. Speed is defined as the elapsed time in completing a single task trial, illustrated in
Figure 9. Speed determines the efficiency advantage of using the AI or XAI system. Adjusting
for variance in internal loading and computation time for both AI and XAI systems, a typical
task was completed on average in 119 s, although it is important to note that User-Machine
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Fig. 10. Results of accuracy (left), user-machine synchronization (middle), and user skepticism (right) across
the three task clusters. Segmentation between XAI HIGH and XAI LOW was determined by the users’ expressed level of trust in each AI explanation.

Collaboration (UMC) tasks are more complex and hence more time-consuming for users. Excluding these collaborative tasks that require about 257 s to complete on average, the average
completion time hovered around 66 s. Computation time was offset to allow for direct comparison between AI and XAI systems after the study, although we recognize that the users may have
deemed computation time excessive and influential to user satisfaction with the system.
Results. Without task segmentation, the XAI system (111 s) presented negligible advantage over
the AI counterpart (128 s), but more significant divergence emerged upon segmenting the XAI
results by trust and task types. An ANOVA revealed no significant effect of task cluster on speed
for Clip Identify (AI: M = 79 s, SD = 78 s, XAI HIGH: M = 69 s, SD = 58 s, XAI LOW: M = 88 s, SD
= 70 s). Similarly, no significant effect of condition was found for the UMC tasks (AI: M = 293 s,
SD = 206 s, XAI: M = 225 s, SD = 164 s). However, the Timeline Spot tasks varied significantly (**,
F(3,126) = 5.21, p = 0.007) with XAI LOW tasks being completed most quickly (M = 37 s, SD = 39
s), followed by XAI HIGH Tasks (M = 46 s, SD = 36 s) and AI tasks (M = 65 s, SD = 46 s). Post hoc
pairwise t-tests with Bonferroni correction for repeated measures revealed significant differences
in completion time between AI and XAI HIGH (*, p = 0.03) and between AI and XAI LOW (**, p =
0.002). There was no significant difference between XAI HIGH and XAI LOW.
Discussion. The provision of XAI support did not aid in the speed of task completion for the
Identify task, as participants generally viewed multiple clips in detail, irrespective of XAI support.
In the Timeline Spot task, overall completion times were shorter than either UMC or Identify counterparts, indicating a simpler task overall: participants could use the XAI support to know quickly
whether to accept the AI answer or at least seek the playback to the highest rated positions to check
them. The UMC task was designed as a complex challenge that would maximize the support provided to participants, the results were not significantly different between the two systems, likely
due to the very high variance between participants on the time to complete this task. This points
to the individualized nature of the provision of evidence, and that it may be important to provide
support on demand, while putting potentially distracting explanations out of the way when they
are not requested or required.
6.2 Accuracy
Overview. Accuracy, depicted in Figure 10, is the portion of instances where the user, assisted by
the AI system, was able to identify the correct answer in a single task trial. Accuracy determines
whether the system is able to produce more correct answers than others, resulting in a less errorprone experience.
Results. The accuracy was highest for the XAI HIGH cluster (74.0%), followed by AI (68.2%)
and XAI LOW (44.4%). Pairwise chi-square tests with Bonferroni correction revealed significant
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Fig. 11. Truncated summary of individual participant “journeys” through the study across different experimental conditions. Each section displays two of the most successful journeys (where both the user and the
AI system were able to identify the correct answer), as well as two of the least successful per corresponding
condition. The icons indicate the user’s accuracy and synchronization with the AI system’s interpretation,
and the numbers below indicate the user’s understanding, confidence, and trust pertaining to the XAI system. Queries used in each trial are also displayed, with their colors indicating the ratings by external data
annotators.

differences between AI and XAI LOW (**, χ 2 (1,189) = 9.14, p = 0.002) and between XAI HIGH and
XAI LOW (**, χ 2 (1,158) = 13.50, p = 0.0002). The difference between AI and XAI HIGH was not
significant.
Discussion. The accuracy results were lowest when users indicated low trust for AI explanations.
This may indicate that when trust is low, the user may assume the generated evidence is unreliable,
and proceeded to submit their own (often incorrect) answer. This conjecture is reinforced by the
fact that when trust is low, affecting accuracy, synchronization is usually also low. These results, for
clarity, entirely depend on each user’s interaction with the system, independent of the underlying
algorithm: one can choose to accept or ignore AI assistance, regardless of the system type in use.
6.3 User-Machine Synchronization
Overview. Determined as the instance where both the user and the AI systems select the same
answer regardless of its accuracy, this measure represented in Figure 10 defines the level of synchronization between the user and the AI system. As a whole, about 55% of all user and AI answers
were synchronized. A sample of these journeys is illustrated in Figure 11.
Results. In strong alignment with the previous accuracy results, XAI LOW tasks resulted in
a significantly lower synchronization rate of 37.40% in comparison to AI (60.0%) and XAI HIGH
(58.65%) tasks. Post hoc chi-square tests with Bonferroni correction revealed significant differences
between AI and XAI LOW (**, χ 2 (1,189) = 8.17, p = 0.004) and between XAI HIGH and XAI LOW
(*, χ 2 (1,158) = 6.65, p = 0.0099). The difference between AI and XAI HIGH was not significant.
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Discussion. AI and XAI HIGH results indicate higher user-machine synchronization than XAI
LOW. This may indicate that the provision of trustworthy evidence (XAI HIGH) does not help
any more than no evidence (AI), but the provision of untrustworthy evidence, such as poorly
generated clips (XAI LOW) can actually drive participants away from AI suggestions. This is in
fact the desired result, as we hope that users will appropriately choose to find their own answers
when they do not trust the AI system to do the job.
6.4 User Skepticism
Overview. Whenever the user decides that the AI system’s assistance is unhelpful and even incorrect, the user may explicitly exhibit a level of skepticism, illustrated in Figure 10, by choosing
a correct answer despite the AI system’s invalid suggestion. About 14% of all tasks reflected this
rare but consistent behaviour.
Results. There was no significant deviation to trend across the three clusters, with AI, XAI HIGH,
and XAI LOW tasks exhibiting evidence of skepticism 14.8%, 12.5%, and 13.0% at a time, respectively.
Discussion. User skepticism serves as a proxy measure of user attention to the task, indicating
that the participants sometimes went against AI suggestions and did not blindly accept them. This
phenomenon was consistent across all task clusters, and there was no correlation between this
behaviour and expert ratings per clip.
6.5 Questionnaire Responses
Observation. While the AI-only system originally seemed to yield higher overall satisfaction
amongst the participants, there was a sharp divide in satisfaction between the participants with a
high level of trust and reliance for the XAI system compared to those without. Upon segmenting
the responses from the XAI system as illustrated in Figure 12, it was evident that the XAI system
resulted in a more positive experience overall compared to the AI system, should the users have a
high level of trust and reliance for the system.
6.6

Additional Findings

Overview. Below are some of the secondary findings that do not directly correspond our hypothesis, but are notable and warrant further investigation in future work.
Distribution of User Reactions to AI Explanation. The user study collected using the three distinct
questions, to individual AI explanations: “I believe that the AI understands this keyword correctly”
(UNDERSTAND), “I have a high level of confidence in the AI system” (CONFIDENCE), and “I would
trust the AI decision more, now that I have seen this visualization” (TRUST). Upon visualizing these
reactions, there was apparent bimodal behaviour, as illustrated in Figure 13, across all three categories, indicating that users often exhibit less ambiguous reactions to presented AI explanations.
We recognize that these reactions are biased to each participant’s subjective experience.
Correlation Between User Reactions to AI Explanation. Beyond the anecdotal tendency where individual users who exhibit trust in the AI system may also indicate confidence in the AI system,
as illustrated in Figure 14, there was significant correlation between the user’s three responses
to a specific AI explanation. Post hoc multiple correlation tests revealed significant positive correlation across the board: UNDERSTAND and CONFIDENCE (**, r (121) = 0.7979, p < 0.00001),
UNDERSTAND and TRUST (**, r (121) = 0.7777, p < 0.00001), and CONFIDENCE and TRUST (**,
r (121) = 0.7777, p < 0.00001). This, along with the shifting user reactions in Figure 14, suggest that
users do actively respond to presented AI explanation and change their opinions accordingly, and
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Fig. 12. Summary of questionnaire responses about the (X)AI system, listing individual questions featured
in the original study session. Responses pertaining to the XAI system are split into two parts, based on the
overall level of trust and reliance indicated by each study participant, represented by individual responses
to questions pertaining to model-generated clips. If the user expressed general lack of confidence in AI explanation, then the user was classified as “low trust.” The XAI system performed better than the AI system
without explanation, if the user had a higher level of trust in the system.

Fig. 13. Histograms illustrating user reactions to AI explanation, represented by responses to three distinct
questions about AI assistance. The pattern shows a bimodal distribution showing that participants formed
clear opinions for most task trials, especially on the understand and confidence questions.

that not all three questions may be necessary in future studies to measure the level of trust and
reliance on the system.
Alignment with External Ratings. There was no apparent correlation between user reactions
to individual clips and externally annotated ratings, as indicated in Figure 15. This may indicate
that clip quality assessment criteria differed between our experts and participants, or that overall
clip quality did not strongly influence the user’s trust or confidence in the AI agent. It was notable,
however, that positive user reactions were clustered around clips that feature exaggerated motions
and cartoon-like premises, such as “bear (human subject),” “salsa dance,” and “express joy,” while
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Fig. 14. Small multiples illustrating example reactions to AI explanations when using the XAI system, represented by three distinct questions: UNDERSTAND (blue), CONFIDENCE (red), and TRUST (yellow). Each
plot represents a single participant across the tasks completed in the XAI experimental condition.

Fig. 15. Alignment between external ratings and individual user reactions to AI explanations. X axis is anchored by keywords ordered by external rating scores.

more generic and muted clips such as “pull up” and “walk and turn repeated” received negative
reactions.
Participant Comments. There was divergence between clusters of participants who found the AI
system to be reliable and influential to their decision-making processes, and those who deemed
the system to be counter-intuitive and underwhelming. One participant wrote “(AI explanation)
is a good basis of determining the reliability of AI in terms of (whether) the AI is able to detect
the proper animations,” and another expressed satisfaction, stating “(I am) impressed of what the
AI system outputs.” However, some expressed caution and distrust, with one writing “the AI system often interpreted small portions of movements as if they met the definition of the keyword
although it was a mere segment of the movement,” and another writing “I didn’t trust it completely
as it directed similar movements and categorized it as the real one.” Two participants plainly wrote
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“I did not see the explanation,” alluding to the possibility that the definition or qualifications of what
constitutes an AI explanation may vary between individuals or may require additional training or
clearer messaging to help people interpret generated clips as explanations.
6.7

Summary

The following insights were observed based on the above findings:
(1) The XAI system yielded a comparable level of efficiency, accuracy, and user-machine synchronization as the AI system, but only if the user exhibited a high level of trust.
(2) The XAI system yielded a significantly lower level of efficiency, accuracy, and user-machine
synchronization if the user exhibited a lower level of trust.
(3) The XAI system yielded higher overall user satisfaction, but only if the user exhibited a
higher level of trust.
7

DISCUSSION
Outcomes. The user study outcomes present significant evidence that the XAI system and its
generative examples can facilitate task performance consistent with the AI system, offer improved
performance in select task types, and provide a more satisfying overall user experience. However,
this is only applicable if the users decide to trust the provided AI explanations.
We claim that the presence of AI explanations, characterized by exemplar clips and the corresponding interactive visualization, does not improve the user’s performance in search tasks, but
helps one to know when to trust or reject AI assistance, thus indirectly influencing performance.
Additionally, the presence of such visualization helps to identify the user as belonging in one of
the two groups: those who exhibit a higher level of trust and satisfaction for the system, and those
exhibit skepticism and yield a lower level of efficiency and accuracy.
We observed a significant divide in behavior and performance between users who chose to
trust the AI explanations and those who did not, and this divide impacted all performance-related
measures including speed, accuracy, and user-machine synchronization. While there was no significant indication that the user was able to correctly accept or reject the XAI system’s assistance,
the results were largely comparable with the AI counterpart. These results suggest that users form
trust and affinity for the XAI or AI system more or less based on instinct, and the system may
produce video clips that ultimately result in correct answers, but not necessarily seem logical or
comprehensible to human users. This disparity contributes to lack of perceived performance improvement.
Future Improvements. The XAI system could be further improved in numerous areas to gain a
more significant advantage over the AI-only counterpart. The generative model could be improved
to produce more exemplars that achieve the same or higher level of accuracy as the AI-only system.
Also, the XAI system could produce more high-quality model-generated clips that best represent
individual queries and result in higher user satisfaction and user-machine synchronization. Furthermore, XAI explanations must be short and require little effort to interpret, or the advantage
they offer will be outweighed by the extra time and effort they require.
We also hypothesize that the evaluation dataset may contain biases that may contribute to the
system behaving in a way unexpected and even jarring to the users. For users to make more accurate, informed decisions, the system will need to transparently communicate what the potential
biases are, and why its decision, although less intuitive, can result in the correct answer.
There are other implications pertaining to the experiment design as well. Users may exhibit a
higher level of trust and reliance for the XAI system, should the individual tasks present a higher
stake and a more captivating incentive. Task formulation is an important consideration as well:
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all the presented tasks in the study are simple permutations of the same dataset and the interface
components, yet user performance and satisfaction noticeably differ across the tasks. Experimenting with different configurations may be useful in identifying user biases and designing tasks with
more balanced challenges.
8 CONCLUSION AND FUTURE WORK
We presented a novel explainable approach for searching and ranking videos using textual queries
and visual exemplars. We argue that the decisions of our generative ranking approach are more
explainable than its discriminative counterpart, as it is able to display supporting evidence to reveal
its understanding of the concept space.
We also discussed our findings from the user study, facilitated by the explanation interface for
exploring modal-generated decisions and viewing visual exemplars as applicable. In our study,
we discovered that the XAI system yielded a comparable level of efficiency, accuracy, and usermachine synchronization as the AI system, but only if the user exhibited a high level of trust for
AI explanation. However, the XAI system yielded a significantly lower level of efficiency, accuracy,
and user-machine synchronization if the user instead maintained a lower level of trust for AI
explanation. It is also notable that the XAI system, in addition, presented a noticeable advantage
in overall user satisfaction should the user exhibit a high level of trust.
While the study outcomes do not offer concrete support for the XAI system in realms of overall
explainability, trustworthiness, and accuracy, there is significant evidence that the XAI system
does provide a more satisfying experience for the users who expressed a higher level of trust for
the AI system’s explanation. With these results, we believe that this work is one of the early steps
in examining, measuring, and dissolving levels of tension and distrust between human user and
the AI system, and pave way to future research opportunities pertaining to human-in-the-loop AI
systems. As a follow-up to this case study, we plan to further assess the level of trust the user has
in the decisions from a generative system versus a discriminative one.
In future work, we plan to extend the explainable interface to support machine learning practitioners. We believe that this interface will enable strong debugging tools for the developer to
understand more about the models, ranging from their learned representations to decision boundaries, and improve the machine learning model accordingly.
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SUPPLEMENTARY MATERIALS

Fig. S1. Panels (a) and (b) provide a summary of questionnaire responses pertaining to AI explanations presented to the participant throughout the study session. Each participant was asked to evaluate whether the
XAI system understands the query, and to rate their confidence and trust in the system. These responses
are accompanied by explanation quality ratings collected from an external group of annotators and then
sorted and clustered by the overall level of participant satisfaction per keyword. Poorly received keywords
are marked by particularly lower ratings from study participants and external annotators.
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Fig. S1. Continued
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Fig. S2. Diagrams (a) through (d) illustrate the level of synchronization between user and AI responses as
well as each user.s trust and reliance in AI explanation across different experimental conditions. Icons indicate whether the user and/or the AI.s answers match the ground truth for each trial, and whether the
two answers overlap, indicating user-machine synchronization. Questionnaire responses pertaining to the
user.s experience with the XAI system (available in Figure S1) are also indicated below the icons, along with
the query used in each trial. Color of the query indicates the quality of generated videos based on external
ratings.
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Fig. S2. Continued
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Fig. S2. Continued
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Fig. S2. Continued
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