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Figure 1: HyPockeTuner enables mobile hyperparameter optimization through a notification-driven workflow. (Left) The 
mobile interface presents an ongoing HPO experiment with the EventCrumb visualization, showing completed trials with 
performance metrics as nodes, bracket progression as links in shaded bands, and event bubbles indicating user interactions. 
(Right) A timeline illustrates a usage scenario: (A) When a record-high configuration was reached during a BOHB run, the 
system sent a push notification to the user. (B) The user performed a narrowing operation from their smartphone, excluding an 
unpromising hyperparameter value from the search space. (C) The user added a notification condition to capture when a round 
is completed. (D) A system notification was sent when a trial failed due to an out-of-memory exception. (E) Noticing the error, 
the user quickly accessed the system and discovered that the large batch size was the cause. (F) With this knowledge, the user 
launched a new experiment with a refined search space. 

Abstract 
Hyperparameter optimization (HPO) is a long-running process that 
can span hours or even days. While recent Human-in-the-Loop 
HPO systems enable monitoring and steering of the process, they 
are typically designed for desktop environments, which limits their 
effectiveness in managing prolonged experiments in practice. To 
address these limitations, we present HyPockeTuner, an interactive 
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mobile system that enables users to monitor, steer, and reflect on 
HPO experiments anytime, anywhere from smartphones. Its mobile-
tailored interface supports tracking experiment history and visual-
izing the relationship between user interventions and performance 
changes. HyPockeTuner also employs a notification workflow that 
alerts users to important events, reducing the burden of constant 
monitoring while enabling timely interventions. In a pilot study, 
we validated that users could readily identify critical events, such as 
performance improvements and intervention points, through our 
visualization. Furthermore, two five-day deployment studies with 
follow-up reflection sessions demonstrated that users could inte-
grate experiment management into their daily routines and reflect 
on past decisions, generating insights for future improvement. 
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1 Introduction 
In machine learning (ML), hyperparameter optimization (HPO) is 
the problem of finding an optimal set of hyperparameters (e.g., a 
learning rate, the type of an optimizer) for training ML models, 
which are known to have a significant impact on model perfor-
mance [10, 59]. To streamline such exploration in a high-dimensional 
hyperparameter space, a variety of automated HPO algorithms have 
been suggested (e.g., [26, 50]), which aim to efficiently explore the 
space without user intervention within a given resource and time 
budget. However, their autonomous and opaque behavior often pre-
vents users from gaining insights into the optimization process and 
leveraging them for further improvements. As a remedy, Human-in-
the-Loop HPO systems are actively researched [12, 35, 44, 55, 57, 62], 
enabling users to monitor the ongoing results and steer the opti-
mization process. 

In our interviews with ML practitioners, however, we found that 
existing Human-in-the-Loop HPO systems still face fundamental 
challenges in managing long-running experiments often spanning 
several hours to days, which become increasingly prevalent as ML 
models grow in scale. In such long-running experiments, users 
engage in a wide range of interactions, ranging from passive moni-
toring to active interventions, yet existing systems are primarily 
designed for desktop use and validated in short laboratory settings, 
failing to scale to the demands of flexible access across different 
contexts and locations. For instance, participants reported that 
continuous monitoring imposed cognitive burdens during focused 
work and physical constraints requiring desktop presence. Many 
expressed anxiety about leaving experiments unattended, uncertain 
whether failures would occur shortly after their departure. Con-
sider a scenario that illustrates these challenges (Figure 1, right). 
A researcher launches an HPO experiment and leaves the office. 
While away, an out-of-memory exception occurs due to an exces-
sively large batch size, but without mobile access or notifications, 
they remain unaware until returning the next day, wasting hours of 
potential computation time. Had they been notified promptly, they 
could have identified the cause, excluded the problematic hyper-
parameter value, and launched a redefined experiment from their 
smartphone, all without needing to return to their desktop. 

To fill such a gap, we present HyPockeTuner, an interactive mo-
bile HPO system that enables users to monitor, steer, and reflect on 
experiments anytime, anywhere from their smartphones. Guided by 
a literature review and user interviews, we identify the important 

types of progress and events that users should track during HPO ex-
periments and design an event sequence visualization, EventCrumb, 
that presents this information effectively on smartphone screens. 
We also opt for a notification-driven workflow to allow users to 
subscribe to specific events of interest, reducing the need for con-
stant monitoring. In a pilot study and two five-day deployment 
studies, we found that users could effectively access experiment 
information on mobile devices and integrate HPO management 
into their daily routines, gaining insights and identifying directions 
for future improvement. 

The main contributions of this work are: 

• HyPockeTuner, an interactive mobile HPO system with an 
event sequence visualization for tracking experiment history 
and understanding temporal progression. 

• A notification-driven workflow with refinement interactions 
that reduces the cognitive and physical burdens of managing 
long-running HPO experiments, enabling seamless integra-
tion of experiment management into users’ daily routines. 

• Evaluation of HyPockeTuner through a pilot study with 12 
participants validating mobile interface usability (Figure 2), 
and a five-day deployment study with two ML engineers 
demonstrating how mobile access and notifications change 
HPO management practices in real-world settings. 

2 Related Work 

2.1 Human-in-the-Loop Hyperparameter 
Optimization Systems 

Despite the success of HPO algorithms, their autonomous nature 
raises concerns about transparency and controllability [55]. To 
address the concerns, several Human-in-the-Loop HPO systems 
have been proposed in academia, such as ATMSeer [55], Hyper-
Tendril [44], VisEvol [12], and an interactive dashboard with a 
paintable timeline [24]. ATMSeer [55], an interactive visualization 
system for model selection and hyperparameter tuning, stands out 
for its real-time visualization and control, allowing users to monitor 
the real-time progress of an HPO process and include a specific 
model in the middle of the process. In contrast, HyperTendril [44] 
and VisEvol [12] focus more on high-dimensional visual analytics 
on the explored hyperparameter configurations or the behavior 
of an optimization algorithm. In addition, Higuchi et al. [24] pro-
posed a paintable timeline visualization technique that allows users 
to review tested hyperparameter values and interactively adjust 
search ranges. Users can drag rectangular selections directly on 
the timeline to define new search boundaries, and these painted 
regions become the refined hyperparameter space for subsequent 
optimization iterations. 

Beyond academia, the growing adoption of HPO has led to 
many commercial and open-source systems, such as Amazon Sage-
Maker [4], Google Cloud Vertex AI [20], Kubeflow [18], Microsoft 
Azure ML Platform [19], Microsoft Neural Network Intelligence 
(NNI) [41], Optuna [2], and Weights & Biases (W&B) [9]. These sys-
tems aim to support general Machine Learning Operations (MLOps) 
by managing and automating the development, deployment, and 
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Figure 2: The EventCrumb visualization. (Left) The history of an HPO experiment visualized on a smartphone screen through 
EventCrumb (42 trials below the figure are omitted). (Right) EventCrumb supports collapsing the timeline, allowing the entire 
sequence to fit on the screen without scrolling. 

maintenance of ML models. A subset of them also support notifi-
cations to facilitate monitoring tasks; for instance, Amazon Sage-
Maker notifies users when an experiment is done through SNS 
or email, according to the rule defined in Amazon EventBridge. 
Another example is W&B, where users can write a code to specify 
a condition they want to monitor and then receive notifications via 
Slack or email when the condition is met. 

However, existing systems have three major limitations in man-
aging HPO experiments in practice. First, they lack effective visual 
support for understanding experiment history and user interactions. 
Commercial tools mainly rely on traditional visualizations such 
as line charts to depict performance trends or multicolumn tables 
to list tested configurations and their outcomes. While systems 
from academia, such as ATMSeer or HyperTendril, have introduced 
coordinated views or advanced visualizations (e.g., parallel coordi-
nates), these remain insufficient; users still struggle to reconstruct 
the narrative of an experiment or to identify relationships between 
interventions (e.g., refining the search space) and outcomes (e.g., 
changes in the performance metric), insights that are essential 
for improving efficiency. Second, most systems are designed for 
desktop environments and provide little to no mobile support, con-
straining users to physical workspaces. For today’s long-running 
experiments, this often forces users to lose their context when 
changing locations. Third, they provide limited control for HPO ex-
periments. For example, it is challenging to modify the search space 
due to the lack of either algorithmic or interface support, forcing 
users to restart experiments from scratch using command-line tools. 
To tackle these challenges, we introduce HyPockeTuner, a system 
that enables mobile hyperparameter optimization, grounded in the 
practical concerns of long-running HPO experiments. 

2.2 Hyperparameter Optimization Algorithms 
Automated Machine Learning (AutoML) is a research area con-
cerned with automating the development and training of ML mod-
els [23, 26]. HPO is one of the most fundamental tasks in AutoML, 
as every ML model has hyperparameters [26], which significantly 
affect the performance of the models [16]. Automated HPO algo-
rithms aim to explore a multi-dimensional hyperparameter space 
within a given budget. Various HPO algorithms have been pro-
posed [10, 50], from simple approaches, such as grid search and 
random search [8] to more sophisticated ones, such as evolution 
strategies [43, 60], Bayesian optimization [7, 30, 49, 51, 52], and 
multi-fidelity methods including Hyperband [33] and Asynchro-
nous Successive Halving Algorithm (ASHA) [34]. Other approaches 
include Population-Based Training (PBT) [27], which jointly op-
timizes hyperparameters and model weights during training, and 
meta-learning approaches that leverage knowledge from previous 
optimization tasks [25]. 

In HPO, there is a general trade-off between the number of hy-
perparameter configurations to evaluate and the budget allocated in 
assessing each configuration. Suppose the budget (𝑏) corresponds 
to the number of epochs users can run and is given as 16. One can 
evaluate a single random configuration by training a model for 16 
epochs, which gives an accurate estimate of its performance, but 
the performance would be suboptimal as only one configuration is 
tested. In the other extreme case, one can evaluate 16 random con-
figurations for one epoch to explore more configurations. However, 
the training process would be too short to evaluate each configu-
ration sufficiently, and thus, the performance would be estimated 
less accurately, potentially overlooking good configurations. 
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Hyperband (HB) is designed to strike a balance in this trade-off 
based on successive halving [28]. HB organizes the optimization 
into multiple brackets, with each containing several rounds. After 
each round, only a fraction (1/𝜂) of high-performing configurations 
advance to the next round. For consistency, we index both brackets 
and rounds starting from 1. The number of brackets is determined 
by the dividing factor (𝜂) and the minimum and maximum budgets 
(𝑏min and 𝑏max), where the budget typically corresponds to the 
number of training epochs. For example, given 𝜂 = 3, 𝑏min = 1, 
and 𝑏max = 81, HB produces four brackets. Bracket 1 starts with 
81 random configurations evaluated at budget 1 in Round 1. HB 
selects the top 27 configurations for Round 2 with budget 3, then 9 
for Round 3 with budget 9, continuing until one winner emerges in 
Round 5. Bracket 2 then begins with 27 configurations at a larger 
initial budget of 3, balancing broader exploration in early brackets 
with deeper evaluation in later ones. After all brackets are complete, 
the best-performing configuration across the entire run is selected. 

Bayesian Optimization (BO) is used to approximate an un-
known objective function given a finite set of data samples [49]. In 
our context, we use BO to identify the most promising configura-
tion that should be evaluated next based on the previous evaluation 
results. Consisting of a surrogate model and an acquisition function, 
BO first randomly generates configurations since there are no tested 
configurations initially. Then, the configurations are evaluated by 
running a training process for each. Given the evaluation result, 
BO updates its surrogate model to approximate the performance 
of the configurations. Next, it recommends a configuration that 
maximizes the acquisition function according to the model, evalu-
ates the recommended configuration, and refits the model. This is 
repeated until the predefined iteration or a stop condition is met. 

BOHB [17] combines BO and HB. It is similar to HB in that it uses 
successive halving and follows the same schedule. The difference 
is that while HB randomly generates configurations in the first 
round of each bracket, in BOHB, this random sampling process is 
replaced with BO for guided search. Precisely speaking, the first 
bracket of BOHB is executed in the same manner as HB, but after 
that, it updates a surrogate model to approximate the evaluation 
results of the configurations tested in the first bracket. Then, the 
second bracket starts with the configurations sampled from BO, 
which would be more promising than random sampling. 

We chose BOHB as the default HPO algorithm for our system 
for two reasons. First, its effectiveness across diverse ML tasks 
has been well established. BOHB has been widely tested and is 
available as a mature open-source implementation1 , serving as the 
foundation for many subsequent algorithms such as Distributed 
Evolutionary Hyperband (DEHB) [5] and MFES-HB [36]. Second, 
BOHB follows an iterative process that combines random sampling, 
Bayesian optimization, and successive halving in a progressive, 
bracketed structure, an approach that has become one of the most 
widely adopted in HPO. This choice not only offers interpretable 
checkpoints for user interactions but also provides opportunities 
for integrating other iterative HPO algorithms with our system. 

1https://github.com/automl/HpBandSter 

2.3 Event Sequence Visualization 
Event sequence visualizations have been widely applied to ana-
lyze temporal patterns and relationships in discrete event data 
across various domains, including healthcare, computer security, 
and advertising [22]. Early approaches focused on detailed time-
lines for individual data items [31, 46, 56]. Later work extended 
to multiple sequences to improve scalability and support dataset-
level overviews. For example, LifeFlow [58] pioneered tree-based 
aggregation for scalable overviews, and EventFlow [42] added sup-
port for interval events with graphical search. DecisionFlow [21] 
further scaled to thousands of event types through dynamic data 
structures, enabling exploratory analysis of large event datasets. 
More recent advances have focused on sophisticated tasks such as 
branching pattern extraction [38], cross-sequence comparison [61], 
and hierarchical aggregation [40]. 

In our work, we introduce EventCrumb, a mobile event sequence 
visualization tailored for BOHB experiments. Unlike prior systems 
designed for desktop environments, EventCrumb is optimized for 
smartphone screens, allowing users not only to review experiment 
history but also to control experiments from their smartphones 
anytime and anywhere. We further contribute a space-efficient 
encoding that distinguishes between algorithm-generated and user-
driven events, as well as an aggregation scheme that accommodates 
hundreds of trials within the constraints of a mobile display. 

3 Current Challenges in Managing HPO 
Experiments 

To identify practical challenges, we conducted semi-structured in-
terviews with eight participants (U1-8). All participants had experi-
ence with HPO processes across various domains; three participants 
were graduate students majoring in computer vision, natural lan-
guage processing, and data science, respectively, and the remaining 
five were full-time engineers working in areas such as computer 
vision, finance, AI solutions, and marketing. 

In the interviews, we asked the participants to describe their HPO 
workflows and the challenges they encountered, and to share their 
experiences with any existing HPO systems. Each interview lasted 
approximately 40 minutes, and we compensated each participant 
with 20,000 KRW (approximately 15 USD). From these interviews, 
we identified the following three critical challenges. 
C1: Disconnected Experiment History and Context. Partici-
pants relied on a patchwork of existing tools to manage their HPO 
experiments, such as textual logs stored in files and visualization 
tools (e.g., W&B, TensorBoard). While these tools present the cur-
rent status, they fall short in capturing the full experiment context, 
particularly the human decisions and modifications made during 
the process, because automated logging is separated from user in-
teractions. U1 noted, “After I modify the hyperparameter space, it is 
hard to recall which hyperparameters I modified. I had to remember 
the modifications separately.” The absence of the context made it 
difficult to establish cause-and-effect relationships or leverage past 
insights to guide future decisions, as U5 explained, “It’s difficult to 
understand which of my changes improved the metric.” 
C2: Cognitive Burdens and Physical Constraints in Moni-
toring. Although HPO algorithms are designed to operate fully 
autonomously, participants were eager to remain involved in the 

https://github.com/automl/HpBandSter


HyPockeTuner: Bringing Hyperparameter Optimization to Mobile Devices CHI ’26, April 13–17, 2026, Barcelona, Spain 

process. Their engagement ranged from passive monitoring, sim-
ply ensuring that experiments were running without errors, to 
more active interventions, such as terminating unpromising runs, 
modifying the search space when performance plateaued, or re-
solving unexpected failures. U6 described the issue with leaving 
experiments unattended: “I launch experiments and leave them to 
luck when going home, not knowing if they failed 10 minutes after I 
left.” However, these practices imposed both cognitive burdens and 
physical constraints. For example, U7 explained, “Monitoring itself 
takes less than 30 seconds, but switching from two hours of focused 
work to check experiments completely breaks concentration.” To cope 
with these burdens, participants devised various workarounds. One 
approach was to use smartphones for remote monitoring, reducing 
the need to remain in front of a desktop; U2 recalled, “I attempted 
monitoring using my smartphone during lunch breaks but found 
W&B extremely difficult to view, because it is not mobile-friendly 
at all.” Another workaround was creating custom notification sys-
tems. U8 implemented Python-based Slack webhooks, explaining, 
“I made custom Slack notifications with triggers for threshold alerts. I 
had to implement it myself, and managing the notifications working 
correctly was another bothersome task.” 

C3: Limited Steerability of HPO Experiments. Participants 
often wanted to reflect on their intentions during an experiment 
but found little support for doing so. Existing tools typically impose 
binary choices: either wait or restart the experiment with modified 
settings. Although a few advanced systems, such as Optuna [2] and 
ATMSeer [55], support refinement interactions, they offer limited or 
no functionality for mobile devices. U8 noted, “Looking at accuracy 
over time, if it does not reach my target, the only option I have is 
to terminate completely.” As a result, participants had to watch 
the algorithms explore unpromising regions without the ability to 
intervene or redirect the search. U7 explained, “Looking at the initial 
results, even though I see some hyperparameter values are obviously 
unpromising, I have to stop everything and start over.” Such full resets 
are inefficient for HPO algorithms, as weights between parameter 
values must be relearned from scratch. Beyond inefficiency, the 
restart process itself was tedious. U2 described, “Having to return to 
the terminal, stop execution with Ctrl+C, and modify hyperparameter 
values in the code is a cumbersome process.” 

4 The HyPockeTuner System 
HyPockeTuner is designed to address the three challenges identi-
fied in Section 3. In this section, we outline the design goals that 
guided its development, introduce an event sequence visualization, 
EventCrumb, and describe HyPockeTuner’s user interface. 

4.1 Design Goals 
DG1: Support Essential Tasks Anytime, Anywhere. Existing 
systems force users to switch between mobile monitoring and desk-
top control, fragmenting the HPO workflow (C2) and preventing 
timely interventions (C3). To enable users to control and interact 
with the HPO experiment from anywhere, at any time, we opt 
for smartphones as the main platform and design a user interface 
tailored for smartphone screens and touch-based interactions (Fig-
ure 5). Consequently, our design choices diverge from traditional 

desktop-based systems, where sophisticated, high-dimensional visu-
alization components were often adopted [44]. We design HyPock-
eTuner for easy access and simplicity rather than the ability to 
conduct a complex visual analysis of the HPO experiment. To allevi-
ate the overhead of switching desktop machines and smartphones, 
we also support users to perform essential tasks in HyPockeTuner, 
which had previously required desktop access, such as adjusting 
the hyperparameter space or testing a custom configuration. 
DG2: Provide Visual Support for History and Context. We 
aim to bridge the gap between experiment history and user inter-
ventions by showing them on a unified timeline (C1). We chrono-
logically integrate three types of information produced from the 
experiment: the progress of an HPO algorithm (bracket/round com-
pletions, trial executions), user interventions (narrowing/redefin-
ing search spaces, adding user trials and notification conditions), 
and their outcomes (performance metrics, triggered notifications). 
This unified timeline enables users to link their steering actions 
and subsequent performance changes. Unlike desktop systems that 
fragment this information across multiple views or dense tables, we 
design a serpentine timeline optimized for small screens that pre-
serves the complete experimental history. By accessing this history 
on smartphones, users can identify which interventions improved 
performance, understand the impact of their decisions, and learn 
from past attempts. 
DG3: Minimize the Burden of Constant Monitoring. Previous 
systems require users to constantly monitor the HPO experiment 
for significant changes, causing the burdens of constant attention 
(C2). We address this challenge with a notification-driven workflow 
and a mobile-first design that eliminates the need to remain in front 
of a desktop. In this workflow, users can flexibly adjust notification 
conditions without modifying code and receive alerts about impor-
tant events, such as system failures. This approach enables users 
to offload continuous monitoring and intervene in the experiment 
only when necessary. 
DG4: Leverage the Synergy of Automation and Steering. Au-
tomated HPO algorithms often prevent users from directly steering 
the process (C3), while the manual search can be biased and ineffi-
cient. In HyPockeTuner, we take a hybrid approach; while we use 
an HPO algorithm to automate the search process, users can still 
refine the process in the middle of computation or prioritize specific 
experiments or configurations, integrating their prior knowledge 
into the experiment. To realize such a balance between automated 
approaches and human steerability, we not only visualize the real-
time progress of the HPO experiment but also improve an auto-
mated HPO algorithm, BOHB, to be progressive, allowing users to 
pause or resume an experiment when needed and to narrow the 
hyperparameter space as insights are gained during the process. 

4.2 EventCrumb, An Event Sequence 
Visualization for BOHB Experiments 

To provide visual support for tracking history and context (DG2) on 
smartphones (DG1), we introduce EventCrumb, an event sequence 
visualization for BOHB experiments (Figure 3). When designing 
EventCrumb, we made two design decisions to adapt to the limited 
space of smartphone screens. First, instead of a chronological scale, 
which corresponds to the actual time of events, we decided to use 



CHI ’26, April 13–17, 2026, Barcelona, Spain Hong et al. 

Bracket
 
Band 

Collapse Non-Improvers
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Figure 3: Visual encoding of EventCrumb to represent a BOHB experiment. (B) Non-improvers can be collapsed into a stacked 
representation, yielding a succinct overview of the experiment trajectory. 

a sequential scale, in which the distances between events do not 
correspond to chronological distances [11]. This choice reflects 
the nature of many HyperBand-based HPO algorithms, including 
BOHB, where trial budgets increase exponentially; if the results 
were mapped directly to a linear timeline, early trials with small 
budgets would be compressed into a narrow region, while later 
trials with larger budgets would dominate the display, leading to 
suboptimal information density. This decision emphasizes what 
happened rather than when exactly it happened, while the precise 
timing is provided in a detailed view. 

Second, while previous event sequence visualizations typically 
employ a straight (usually from left to right) timeline, we adopted a 
serpentine design in which time flows from the bottom-left corner, 
placing recent events at the top for immediate visibility. Unlike the 
straight line, which requires excessive scrolling on smartphones, 
the serpentine design is more space-efficient, displaying multiple 
events per row; we set the number of trial nodes per row to three. 
To help users interpret temporal order, we also provide bands and 
connecting links between the trial nodes. 

4.2.1 Terminology. An experiment refers to a single run of the 
BOHB algorithm, initialized with the user-defined budgets (𝑏𝑚𝑖𝑛 
and 𝑏𝑚𝑎𝑥 ), the hyperparameter search space, and a dividing factor 
(𝜂). In our case, the budget directly corresponds to the number of 
epochs used to train a model under a given hyperparameter config-
uration. Users can queue multiple experiments in the Workspace 
view (Figure 5(A)), although only one experiment can utilize the 
computing resources (e.g., GPUs) at a time. BOHB organizes trials in 
a two-level hierarchy. Each experiment contains brackets, whose 
number is given by 𝑠𝑚𝑎𝑥 + 1. A bracket 𝑖 consists of 𝑠𝑚𝑎𝑥 − 𝑖 + 2 
rounds, in which a pool of hyperparameter configurations is sam-
pled and evaluated with progressively larger budgets (i.e., more 
epochs). After each round, only the top-performing configurations 
advance to the next round. We define a single execution of a config-
uration under a given budget as a trial. Among trials, we further 
identify a subset called improvers, which are those that achieve 
the best performance observed so far at a certain moment and are 
of particular interest to users. 

4.2.2 Visual Encoding. Figure 3 illustrates an example of EventCrum
with two brackets and seven trials. Trials are represented as trial 

nodes, drawn as rounded rectangles whose colors encode the eval-
uation results (e.g., accuracy). To emphasize temporal order, we 
connect adjacent trial nodes with links that indicate the chrono-
logical sequence from bottom to top. Brackets are visualized as 
colored bracket bands enclosing the trial nodes (Figure 3(A)), and 
different rounds are separated by gaps. To make grouping more 
salient, we alternate the background color of brackets (e.g., blue 
and beige). Each bracket band begins with a bracket node ( / 

in Figure 3), which displays the bracket ID, serving as a visual 
anchor for tracking algorithm progression. 

Figure 4 shows different visual states of trial nodes. For com-
pleted trials, we color-encode the performance metric as the color 
of the node (Figure 4(A)). To support users with color-vision de-
ficiencies, we also provide four extra accessible color palettes as 
alternatives to the default scheme. For improvers, we additionally 
display the exact performance metric in the node (Figure 4(A)-right), 
enabling users to access this important information without requir-
ing additional detail-on-demand interactions. Another special type 
of trial is a user trial, which is not sampled by the BOHB algorithm 
but manually added by users during execution, with the highest 
priority to test a hypothesis. For user trials, we visually narrow 
the bracket band behind the trial node to indicate that the trial lies 
outside the regular evaluation schedule (Figure 4(C)). 

We visualize events occurring between two trial nodes as event 
bubbles placed along the link that connects the corresponding 
nodes. Each event type is represented by an icon within the bubble, 
such as system access ( ), adding user trials ( ), narrowing the 
search space ( ), redefining the search space ( ), adding conditions 
( ), editing conditions ( ), pausing experiments ( ), resuming 
experiments ( ), and push notifications ( ). Icons are arranged in 
relative temporal order along the link. When multiple events of 
the same type occur within a single link, they are aggregated into 
one bubble that displays a badge indicating the count, positioned 
according to the earliest occurrence. 

4.2.3 User Interaction. In addition to the detail-on-demand interac-
tion, which shows a detail pop-up when users tap a trial node or link, 
we designed three user interactions to enhance the accessibility and 

b visibility of our visualization on smartphone screens. First, inspired 
by familiar code editors such as VS Code, we provide a minimap 
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Running/Paused TrialB Queued TrialsECollapsed TrialsDUser TrialCCompleted TrialA 

Non-Improver Improver 

Figure 4: (A–C) Trial nodes represent the status and evaluation results of individual trials. (D) Non-improvers can be collapsed 
into a stack, with color encoding indicating the highest, median, and lowest performance metrics within the stack. (E) Trials 
waiting in the queue are also shown in a stacked form. 

in the top-left corner, a compressed overview of EventCrumb along 
with a viewport indicator showing the current scroll position. This 
component is designed to support navigation on long timelines by 
enabling users to tap or drag within the minimap to quickly jump 
to a specific bracket or scroll location. 

As experiments progress, the number of trial nodes can grow 
into the hundreds, making the layout too long to fit within smart-
phone screens. To address this scalability concern, we allow users to 
collapse non-improvers into a single stacked node (Figure 3(B)). 
A stacked node visually resembles three trial nodes, representing 
the highest, median, and lowest performance metrics within the 
group (Figure 4(D)). When collapsed, all event bubbles between non-
improvers are hidden from view. The number of event bubbles can 
also become overwhelming, making it difficult for users to locate 
a specific event. To address this issue, we provide event bubble 
shortcuts displayed at the top of the visualization. These shortcuts 
summarize all event types that occurred during the experiment, 
along with their frequencies. Inspired by find functions in web 
browsers, users can tap an event icon to jump directly to the most 
recent bubble of that type, and then move forward or backward 
through other occurrences using the previous/next buttons. 

4.3 System Overview 
HyPockeTuner (Figure 5) consists of two primary views: the Workspace 
view and the Main view, which comprises four tabs: Overview, Tri-
als, Refine, and Notifications. 

Workspace View (Figure 5(A)). The Workspace view is designed 
to help the user grasp an overview of multiple BOHB experiments 
and create one if needed. Following the common layout of MLOps 
dashboards such as Microsoft NNI [41], the view lists the experi-
ments from the newest to oldest, with each item showing the name, 
the number of hyperparameters being optimized, and the progress. 
The user can tap an experiment to load it in the Main view. Note 
that this experiment being viewed can differ from the one being 
executed at the moment; for example, the user can see the details 
of a completed experiment. 

To create a new BOHB experiment, the user can tap the “New 
Experiment” button and open the Experiment dialog (Figure 5(A1)). 
Specifying the basic settings for the experiment, such as name, 
dataset, and model being used, and BOHB parameters (𝜂, 𝑏𝑚𝑖𝑛 , 
𝑏𝑚𝑎𝑥 ), the user can configure the hyperparameter space. We sup-
port four types of hyperparameters: fixed (specific values), nominal 
(categorical choices with checkboxes), ordinal (discrete numeri-
cal levels with editable lists), and continuous (value ranges with 

min/max specification). After configuration, the user can add the 
experiment to a queue (“ADD”) or launch it immediately, pausing 
any ongoing experiment (“LAUNCH IMMEDIATELY”). 
Overview Tab (Figure 5(B)). When the user taps an experiment in 
the Workspace view, they are taken to the Overview tab of the se-
lected experiment. This tab, consisting of four sections, is designed 
to help the user review the experiment’s configuration and status, 
as well as stop or resume the experiment. The Progress section 
displays the experiment’s settings and current status, employing a 
progress-ring widget with a button to stop or resume the experi-
ment. The Performance section visualizes the performance metric 
(accuracy by default) of completed trials over time. Improvers are 
highlighted with star glyphs, which are connected by lines to form 
a visual trajectory of optimal values. The Hyperparameter Effects 
section illustrates the influence of each hyperparameter on accu-
racy using diverging bar charts derived from SHAP values [39]. For 
example, a positive value indicates that the corresponding hyperpa-
rameter setting tends to increase accuracy by that amount. Finally, 
the GPU section presents line charts of GPU temperature and uti-
lization over the past hour, enabling users to monitor potential 
hardware anomalies. 
Trials Tab (Figure 5(C)). The Trials tab visualizes the experiment’s 
trajectory from three perspectives: the default EventCrumb, Brack-
ets & Rounds, and Records modes (Figure 5(C1)). The Brackets & 
Rounds mode presents the hierarchical relationship between brack-
ets, rounds, and trials, aligning with the progression of the BOHB 
algorithm. Selecting a bracket expands a bump chart that depicts 
the algorithm’s progression, where curved lines connect trials that 
advance from one round to the next, revealing survival patterns. 
The Records mode adopts a familiar grid-based layout, displaying 
hyperparameter configurations, color-coded performance metrics, 
and allocated budgets to facilitate detailed comparison. From any 
viewing mode, users can select a trial to inspect its details in a 
pop-up dialog. To support exploratory testing [2], the user may 
tweak the configuration of the selected trial, which is then added 
as a user trial and executed with top priority (Figure 5(C2)). 
Refine Tab (Figure 5(D)). The Refine tab is designed to address 
the steerability challenge (C3) by enabling two types of refinement 
operations: narrowing the space continues the experiment with 
a subspace while preserving BOHB’s internally assigned scores 
to each hyperparameter value, saving the time needed to relearn 
these weights (Figure 5(D2)); redefining the space launches an 
independent experiment with an adjusted space, allowing expan-
sion of the hyperparameter space but requiring exploration from 
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Main View 

Overview TabBWorkspace ViewA Notification TabERefine TabDTrials TabC 

EventCrumb 

Brackets & Rounds 

Records 
Add User TrialC2 NarrowingD2 

Choosing 
Base Trials 

D1 

RedefiningD3 

Add Notification 
Condition 

E1Add New ExperimentA1 

C1 

Figure 5: The HyPockeTuner interface, consisting of the Workspace view (A), where users select an experiment to inspect from 
the list, the Overview tab (B), the Trials tab (C), the Refine tab (D), and the Notification tab (E). In the Trials tab, users can switch 
between three viewing modes: the EventCrumb mode, the Brackets & Rounds mode, which presents trials in the bracket–round 
hierarchy, and the Records mode, which provides a traditional tabular representation. 
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scratch (Figure 5(D3)). This balances the efficiency of preserving 
learned information with the flexibility of complete reconfiguration, 
providing the nuanced control that was previously unavailable. 

Both refinements require the user to specify a new hyperparam-
eter space, and we provide two ways of doing this: 1) choosing 
base trials and 2) manually configuring a hyperparameter 
space. In the first approach, the user can begin by choosing a set of 
trials to build a new hyperparameter space (Figure 5(D1)), making 
the space the union set of the hyperparameter configurations of 
the selected trials, and then adjusting it further. For the adjustment 
step, we additionally show the number of hyperparameter values 
that have been excluded so far from the initial experiment setting 
and will be excluded by the current refinement interaction to show 
how narrow the space becomes. Additionally, the user can modify 
the hyperparameter space without choosing base trials, configuring 
each hyperparameter manually. 
Notifications Tab (Figure 5(E)). To minimize the need for con-
stant monitoring (C2), we adapt the familiar concept of push noti-
fications to the HPO context. In this notification-driven workflow, 
users receive smartphone alerts when specific events, dynamically 
configured through the interface, occur during an experiment. We 
design six types of triggering conditions: Experiment conditions 
alert when there is a change in an experiment’s state (Started, Done, 
Paused, Resumed); Progress conditions capture when certain brack-
ets or rounds are done, helping users engage at the moment when 
partial outcomes are ready; Performance conditions watch the 
model’s performance and capture when accuracy reaches a user-
defined target, or improves by more than a user-defined amount, 
Δ; Timeout conditions can be combined with Progress or Perfor-
mance conditions to detect cases where the parent condition is not 
triggered within a user-defined time window; for example, com-
bined with a performance condition, a user may specify: “notify me 
when the performance does not improve after one hour.” ; Emergency 
conditions capture urgent events such as high disk usage, high GPU 
temperatures, and low GPU utilization; and User Trial conditions 
alert when user trials are done. 

The Notifications tab consists of two lists, allowing the user 
to manage received notifications and triggering conditions. The 
Notifications list displays received notifications in chronological 
order from newest to oldest, while the Conditions list shows trigger-
ing conditions that users can activate or deactivate through toggle 
switches. The Progress and Performance conditions can be added 
via dedicated dialogs that visualize the experiment’s current status 
to help users set meaningful thresholds (Figure 5(E1)). Users can 
add Timeout conditions to detect stalled experiments. 

4.4 Implementation 
The HyPockeTuner system2 consists of three layers: a client, a 
server, and workers. The client is written in JavaScript with Re-
act [54] and visx [1], and the push notifications are implemented us-
ing the standard Web Push Protocol [53], which is compatible with 
both Android and iOS. Built upon FastAPI [48] and PyTorch [45], 
the server provides APIs to manage experiments, user trials, notifi-
cations, and triggering conditions. 

2Code: https://github.com/skku-idclab/HyPockeTuner 
Demo: https://idclab.skku.edu/HyPockeTuner-demo/ 

We extend the original implementation of the BOHB algorithm [17] 
in two ways. First, we make it progressive, enabling server-side 
logic, such as checking if triggering conditions are met or pushing 
intermediate results to the client, to be executed between trials. 
Internally, the system manages a priority queue of trials whose 
configurations and order are determined by the BOHB algorithm, 
with explicit priority given to user-requested trials. Second, we 
enable dynamic narrowing of the search space during a BOHB run. 
Specifically, we mask out the probability mass assigned to excluded 
hyperparameter values or ranges, then rescale the remaining prob-
abilities so that their sum equals one. Finally, to ensure external 
validity, we provide an API that supports the integration of existing 
model training code into our system; details are included in the 
supplementary material. 

5 Evaluation 
We evaluated HyPockeTuner from two perspectives, addressing the 
following questions: 

(1) How quickly and accurately can users acquire different types 
of data facts using EventCrumb? 

(2) How can users employ HyPockeTuner to manage long-running 
HPO experiments in practice? 

To address the first question, we conducted a pilot study with 
12 participants. Each participant was asked to answer multiple-
choice questions (four options each) designed to test their ability 
to identify specific information supported by the visualization. To 
address the second question, we carried out two deployment studies 
where participants freely used our system to manage their own HPO 
experiments over five days. In this section, we report the findings 
from both studies and discuss them in relation to the challenges 
and design goals in section 6. 

5.1 Exploratory Pilot Study 
We initially considered conducting a comparative study against ex-
isting approaches, such as the visualizations used in desktop-based 
HPO dashboards (e.g., W&B, TensorBoard, and Microsoft NNI) or 
the common practice of inspecting experiment logs in spreadsheet 
software. However, our preliminary exploration revealed funda-
mental challenges in designing a valid and meaningful comparison. 
Desktop tools primarily support retrospective analysis, whereas 
EventCrumb is designed to highlight experiment progression and 
user interventions. As a result, tasks central to our system were 
not well supported by the visualizations in these tools. Moreover, 
existing desktop tools lack dedicated and effective mobile interfaces, 
which prevents a fair comparison on mobile devices. A compar-
ative study with the mobile version of W&B further confirmed 
this limitation: participants struggled with basic navigation and 
were unable to complete the required tasks within the given time. 
Given these constraints, we chose to evaluate our system inde-
pendently, focusing on assessing the effectiveness and usability of 
EventCrumb. 
Study Design. Each participant was asked to use EventCrumb 
to answer eight questions (Table 1) about a completed HPO ex-
periment. To evaluate the effectiveness of EventCrumb in under-
standing experiment history, participants interacted only with the 
EventCrumb tab, while all other views were disabled. 

https://github.com/skku-idclab/HyPockeTuner
https://idclab.skku.edu/HyPockeTuner-demo/
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Table 1: Pilot study questions. 

ID Question 

Q1 Identify the trial with the highest performance metric, including its ID, performance metric, and budget. 
Q2 Find when the most recently completed trial finished and the performance metric it achieved. 
Q3 Determine when the hyperparameter space was last modified and how many hyperparameters were changed. 
Q4 Count how many trials have been completed since the last system access. 

Q5 Count the total number of performance improvements throughout the experiment. 
Q6 For the most recent “Target performance reached” notification, identify the user-specified target, the triggering trial’s ID, and its 

performance metric. 
Q7 For a user trial, identify its budget, performance metric, and whether it improved upon the previous best. 
Q8 Find the longest consecutive sequence of trials without performance improvement. 

Participants. We recruited participants from a university. To en-
sure that participants had sufficient background knowledge and 
practical experience in HPO, we administered a set of screening 
questions. Specifically, we asked whether they had (1) completed 
at least one semester-long university-level ML course, (2) trained 
and evaluated classification or regression models using libraries 
such as scikit-learn, TensorFlow, or PyTorch within the past year, 
(3) attempted to improve model performance by adjusting hyperpa-
rameters such as learning rate, batch size, or regularization within 
the past year, and (4) conducted long-running experiments involv-
ing model training or hyperparameter tuning lasting more than 24 
hours. Based on these criteria, we recruited 12 participants (P1-12; 
5 female and 7 male), consisting of 5 PhD students, 6 master’s stu-
dents, and 1 undergraduate student, aged 22-28 (M = 25.5, SD = 2.1). 
None of the participants had taken part in the needfinding study. 
Each participant received 20,000 KRW (approximately 15 USD) for 
a 60-minute session. 

Dataset. To enhance ecological validity, we collected event logs 
from actual HPO experiments during a preliminary five-day study. 
Two ML experts used a prototype version of our system (without 
EventCrumb) to optimize deep learning models for their own prob-
lems: one focused on multi-label text classification with BERT, and 
the other on image segmentation with UNet. The first experiment 
generated a dataset with 2 brackets, 5 rounds, 22 trials, and 16 events 
while tuning 10 hyperparameters. The second produced a larger 
dataset comprising 2 brackets, 6 rounds, 55 trials, and 42 events 
while tuning 9 hyperparameters. We employed the first dataset 
as a tutorial to familiarize participants with the interface, and the 
second as the main test dataset in the experiment. 

Task and Questions. Participants were asked to select the correct 
answer from four options for each of eight questions (Table 1). 
Four of these questions (Q1–Q4) were adapted from evaluations 
of desktop-based HPO systems in prior studies [44, 55], while the 
remaining four (Q5–Q8) were newly designed for the mobile HPO 
context. We designed the questions to focus on objective details of 
the experiment rather than relying on subjective interpretation to 
better isolate the effectiveness of our visualization. 

From the pool of questions used in prior studies [44, 55], we 
excluded algorithm-specific ones (e.g., HyperTendril’s fANOVA im-
portance analysis or ATMSeer’s algorithm distribution histograms), 
as they require larger displays and prior knowledge of the re-
spective systems. We also excluded questions that depended on 

multi-dimensional visualizations (e.g., HyperTendril’s parallel coor-
dinates), which are unsuitable for smartphone screens. Finally, we 
discarded questions that required cross-experiment comparisons, 
since our interface displays only one experiment at a time. As a 
result, we defined four questions: model selection (Q1), monitoring 
the most recent trial (Q2), tracking a refinement interaction (Q3), 
and quantifying the progress (Q4). 

As both studies assume continuous desktop monitoring, we de-
signed four extra questions (Q5-Q8) that are relevant to the chal-
lenges we identified (C1-C3) and we want to address in mobile 
HPO: tracking cumulative performance improvements (Q5, C1), 
tracking; notification contexts (Q6, C2), judging the impact of user 
intervention (Q7, C3), and detecting performance plateaus (Q8, C1). 

Procedure and Apparatus. Each one-hour session consisted of 
five phases. First, participants finished a consent form and com-
pleted a screening questionnaire (10 minutes). Next, we provided a 
tutorial of EventCrumb using the training dataset, during which 
participants practiced small exercises related to the main ques-
tions (20 minutes). After completing the tutorial, participants were 
encouraged to freely explore the interface and ask questions to 
ensure familiarity with the system (5 minutes). Third, participants 
answered the eight questions using the test dataset (10 minutes). 
Finally, participants completed a System Usability Scale (SUS) ques-
tionnaire and participated in a semi-structured interview about 
their experience (15 minutes). 

We ran EventCrumb on an iPhone 15 Pro (2,556×1,179 resolu-
tion), and recorded the smartphone screen and interaction logs 
(e.g., scrolling, tapping nodes or links, using shortcuts, and collaps-
ing the timeline) for subsequent analysis. In addition, we used a 
custom-built session-management desktop application to present 
questions and answer choices, and to record participants’ response 
times and accuracy. 

Results. Table 2 presents the accuracy, mean completion time, and 
interaction counts for each question. The overall accuracy across 
all questions was 96.9% (93/96 correct responses), demonstrating 
EventCrumb’s effectiveness in conveying factual information about 
HPO experiments. Questions Q1–Q4, which were adapted from 
prior studies, achieved 97.9% accuracy (47/48), and Q5–Q8, consid-
ering HPO on mobile, reached 95.8% (46/48). For the three incorrect 
answers, we followed up with the participants during the debriefing 
interviews. P4 confused a “system access” event bubble with a user 
trial node in Q4, P12 overlooked detailed information in a detail 
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Table 2: Accuracy, completion time, and interaction counts for pilot study questions. 

Question Accuracy 
Time (s) 
Mean (SD) 

# of Interactions, Mean (SD) 

Scrolling 
Tapping 

nodes or links 
Using 

shortcuts 
Collapsing 
timeline 

Total 

Q1 100% (12/12) 14.7 (5.1) 0.2 (0.6) 1.1 (0.3) 0.0 (0.0) 0.0 (0.0) 1.3 (0.6) 
Q2 100% (12/12) 18.2 (4.6) 1.0 (0.0) 1.2 (0.4) 1.0 (0.0) 0.9 (0.3) 4.1 (0.5) 
Q3 100% (12/12) 34.5 (25.4) 3.5 (2.9) 2.0 (1.6) 2.7 (1.4) 0.0 (0.0) 8.2 (4.6) 
Q4 91.7% (11/12) 16.7 (8.0) 3.8 (1.9) 0.2 (0.5) 2.4 (1.6) 0.3 (0.8) 6.8 (3.5) 

Q5 100% (12/12) 15.7 (8.2) 2.2 (1.3) 0.1 (0.3) 1.8 (0.4) 1.2 (0.6) 5.2 (1.6) 
Q6 91.7% (11/12) 76.5 (38.2) 8.3 (4.3) 4.5 (3.5) 4.8 (2.8) 1.0 (0.9) 18.6 (7.8) 
Q7 91.7% (11/12) 32.0 (22.4) 3.6 (2.8) 2.3 (1.4) 1.8 (1.0) 0.3 (1.2) 8.0 (5.2) 
Q8 100% (12/12) 9.0 (3.1) 1.2 (0.6) 0.0 (0.0) 1.3 (0.5) 1.0 (0.0) 3.6 (0.9) 

Overall 96.9% (93/96) 27.3 (14.4) 3.0 (3.2) 1.4 (2.0) 2.0 (1.8) 0.6 (0.7) 7.0 (6.2) 

pop-up that is visible after scrolling in Q6, and P11 forgot that the 
textual accuracy displayed in a trial node indicates that the node is 
an improver in Q7. 

The mean task completion time across questions was 27.3 sec-
onds with large variation (Range = 14.7-76.5 seconds), indicating 
differences in question difficulty. The mean number of interactions 
was 7.0 (SD = 6.2), with substantial variation (Range = 1.3–18.6) re-
flecting various task complexity. Simple lookup tasks required min-
imal interactions (Q1: M = 1.3, Q8: M = 3.6), while complex search 
tasks involving scanning and multi-level inspection demanded more 
interactions (Q6: M = 18.6, Q3: M = 8.2, Q7: M = 8.0). 

The three questions with the longest completion time (Q3, Q6, 
Q7) required participants to locate a specific event bubble or user 
trial within the event sequence, which demanded visual search. For 
example, Q6, the most time-consuming question, asked participants 
to identify a “push notification” event bubble ( ) of a particular 
notification type (“target performance reached”). Since the noti-
fication type was not displayed directly on the bubble to avoid 
overloading the visualization with too many icons, participants had 
to tap each bubble ( ) and inspect the detail popup to determine 
its notification type. Such two-level search interactions may have 
increased response time. Q3, the second most time-consuming ques-
tion, revealed differences in mean completion time depending on 
participants’ search strategies. Analysis on interaction logs revealed 
that participants who used the event bubble shortcuts (M = 19.9s, n 
= 5) completed the task faster than those who relied on linear scan-
ning (M = 54.9s, n = 2). Participants who combined both approaches 
showed intermediate performance (M=40.9s, n=5). In post-study 
interviews, P12, who used a combined approach, explained “I was 
unfamiliar with the event bubble shortcuts at first, but once familiar, 
this would be quickly resolved.” 

Regarding perceived usability, EventCrumb achieved an SUS 
score of 82.3 (SD = 10.4, Range = 62.5–100), placing ours in the top 
quartile of evaluated systems according to a previous study [6]. As 
benefits of EventCrumb, ten out of 12 participants (83.3%) high-
lighted the ability to quickly identify improvements over the course 
of an experiment at a glance, enabled by color coding and the col-
lapsing interaction. P11 appreciated: “Collapse by Non-Improver is 
really good because it summarizes performance improvements at once 
and filters out unnecessary information.” 

Eight participants (66.7%) emphasized that the visualization 
helped them recall the change history alongside trial results (e.g., 
refining the search space), which mitigates the common problem of 
forgetting past experimental decisions. P2 noted: “With W&B, I often 
forget how I changed settings throughout the experiment. Understand-
ing past decisions may help prevent making similar mistakes.” P11 
added: “W&B automatically logs results, but for modifications I make, 
such as narrowing the search space, I have to log them separately. 
Here, everything is captured and shown in one place.” Beyond inter-
vention tracking, participants contrasted the analytical purposes of 
timeline and tabular representations. P7 noted: “Table-based tools 
show individual experiment results well, but struggle to convey how 
performance changes as you iteratively tune hyperparameter values. 
The timeline makes this temporal progression visible.” P2 further 
distinguished their roles: “W&B excels at post-hoc analysis with 
charts. For managing running experiments, a timeline showing results 
chronologically works better. They serve different purposes.” 

Seven participants (58.3%) reported that our visualization is op-
timized well for smartphone screens; P2 commented: “The zigzag 
layout fits the mobile screen perfectly, which makes it easy to follow 
vertically.” Three participants (25%) noted challenges when access-
ing desktop-oriented tools on mobile devices. P2 recalled: “When 
viewing W&B on my phone, the interface breaks and I have to pinch 
and drag just to fit content on the screen.” P7 described a common 
pattern of abandoning mobile access: “Yesterday I tried checking 
W&B on my smartphone while lying down at home, but gave up 
because it was too frustrating. I just waited until the next morning 
to check on the desktop.” P9 noted specific interaction difficulties: 
“On W&B mobile, clicking is uncomfortable, and the table requires 
constant scrolling back and forth to see hyperparameter values.” 

Although EventCrumb was primarily designed for monitoring 
and tracking, eight participants (66.7%) recognized its usefulness in 
other contexts. P11 highlighted its educational value, noting: “Visual 
representations help novices to understand how HPO algorithms work 
better than textual explanations.” P12 emphasized its potential for 
collaboration: “I can show colleagues exactly what I did, such as what 
I changed and how the performance changed after that, which is much 
clearer than describing it with W&B logs.” 

One limitation of EventCrumb was that too many icons over-
whelmed several users, particularly those designed for different 
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notification types. P10 noted: “The meaning of icons relevant to 
notifications was not immediately clear. I needed some time to be 
familiar with them.” In response to this feedback, we improved our 
design by adding a help button that reveals a legend explaining 
all event types. Five participants also pointed out the absence of 
traditional visualizations for HPO analytics, as we deliberately nar-
rowed the scope of the evaluation to EventCrumb rather than the 
entire HyPockeTuner system. P9 commented: “W&B shows how per-
formance changes epoch by epoch through line charts. EventCrumb 
is good for managing and monitoring HPO experiments, but I would 
need those charts as well to understand the experiment.” 

5.2 Deployment Study 
To evaluate if and how HyPockeTuner can help users perform HPO 
experiments in practice, we conducted two deployment studies in 
collaboration with two ML experts (denoted as E1 and E2), each 
focusing on training a vision-language model and a multi-label 
text classification model, respectively. None of the participants had 
taken part in the needfinding study or the pilot study, nor had any 
relationship with the research team. In this section, we report the 
results of the deployment studies, focusing on the important ob-
servations we made. For completeness, we provide a chronological 
summary of each study in the supplementary material. 

Study Design. In the deployment study, we aim to evaluate our 
system under a scenario where participants train a deep-learning 
model for five weekdays, from Monday to Friday. The participants 
chose the dataset, deep learning model (i.e., Python source code), 
and the hyperparameters of their interest. They used their own 
smartphones, and we modified the source code for training the 
model to conform to our system’s API. We asked the participants 
to identify the best hyperparameter configuration that achieves the 
highest evaluation metric. Since the participants were employed 
at a company or a laboratory, they should perform the task with 
their regular work routines. We believe this is externally valid as 
HPO processes are often done in parallel with other tasks, such 
as model development. Each participant received 150,000 KRW 
(approximately 110 USD) for their five-day participation. 

The BOHB algorithm assigns different budgets to configurations 
as the experiment proceeds, and we regard the budget as the number 
of epochs for which we train a model (e.g., a budget of 1: 1 epoch). 
Since at least one epoch is needed to evaluate a configuration, the 
system cannot report the result to the user before training for one 
epoch. We call the minimum time that the user should wait for the 
initial result a training time quantum. 

While conducting a preliminary test to validate our experiment 
design, we learned that the training time quantum plays a critical 
role in the validity and results of the study. If it is too short, i.e., a 
few seconds, as in the evaluation of the ATMSeer system [55], the 
study becomes less externally valid since only simple ML models 
can be trained for one epoch within that timespan and provide the 
result almost in real-time. In contrast, if it is too long, the length of 
the study should increase correspondingly so that the user can test 
a sufficient number of configurations. In our case, the training time 
quantum was approximately 15 minutes for both participants; this 
means that it took about 15 minutes to evaluate a configuration 

assigned the minimum budget of 1 and about 20.25 hours for one 
assigned the maximum budget of 81. 
Procedure. One day before the study (Sunday), we held a one-hour 
preparation session with each participant in our lab. During the 
first 40 minutes, we set up our client on their smartphones as an 
application and provided a tutorial in which they could access the 
full system. In the remaining 20 minutes, participants practiced by 
conducting an HPO experiment on a toy dataset, where they were 
asked to optimize eight hyperparameters for training a classification 
model on the MNIST dataset [14]. The participants could freely 
use our system from Monday to Friday. We had regular online 
debriefing sessions at 7 pm every day, where we conducted semi-
structured interviews based on the daily interaction logs to clarify 
their findings and intentions. In the last debriefing session on Friday, 
we gathered their subjective feedback with an SUS score. 

One week after the study, we conducted a retrospective session 
with each participant to evaluate the EventCrumb’s effectiveness 
in supporting experimental recall and future planning, using a sce-
nario in which they designed a new experiment based on their prior 
experience. Each one-hour semi-structured interview followed a 
two-phase protocol. First, we asked participants to (1) recall and 
describe the decisions they had made during the experiments and 
(2) explain what they would do differently to achieve better perfor-
mance more quickly if they were to run a similar experiment. Sec-
ond, we showed them the EventCrumb visualization and asked the 
same questions again to assess whether our visualization improved 
their ability to recall past decisions and plan future experiments. 

5.2.1 Training a Vision-Language Model for Image-Text Retrieval. 
E1 was an ML researcher developing a CLIP model [47] for image-
text retrieval tasks. We used the MS-COCO dataset [37], consisting 
of 118,287 training images with 591,753 captions and 5,000 vali-
dation images with 25,014 captions. The model architecture em-
ployed ResNet-50 as the vision encoder and a Transformer-based 
text encoder with 1,024-dimensional embeddings. E1 explored a 
9-D hyperparameter space: 4 Continuous, 3 Ordinal, and 2 Nomi-
nal hyperparameters. We used the Image-Text Retrieval Score as 
the performance metric, calculated as the average of recalls (R@1, 
R@5, and R@10) for both image-to-text and text-to-image retrieval. 
Over five days, E1 completed 115 trials across 4 experiments, with 
88 logged events: 60 system accesses, 3 narrowing operations, 1 
redefinition of the hyperparameter space, 1 addition of a user trial, 
and 9 additions and 2 edits of notification conditions. 

The system delivered 20 notifications: 12 system-generated alerts 
and 8 from user-defined conditions. E1 viewed 19 notifications; only 
one remained unchecked. We measured re-entry latency as the time 
elapsed from when a notification is delivered to when the user opens 
the application to view it. Re-entry latencies for viewed notifications 
were low (median = 0 minutes, max = 48.7 minutes), indicating 
that participants typically returned to the system promptly after 
receiving a notification. The mean time-to-first-improver after the 
initial trial was 180.56 minutes (SD = 54.96) across E1’s experiments. 
Perceived Benefits of Mobile HPO Management. E1 used HyPock-
eTuner 25 times over five days, 14 times from his laboratory and 
11 times from home, where multiple accesses made within a short 
interval (30 seconds) were counted as a single use. He found our 
system to be accessible, noting: “Previously, accessing the experiment 
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Figure 6: HPO experiments by E1, who optimized hyperparameters for training a vision-language model for image–text retrieval. 
(A1) After a notification indicating completion of the first round, he accessed the system. Noticing the poor performance of 
early trials, he initiated a new experiment (B) with a refined hyperparameter space. (B1) After being notified of the completion 
of another round in the second experiment, he further narrowed the hyperparameter space. (D1) In the later phase of the study, 
he began using Performance Improved conditions to receive notifications whenever the model achieved a new highest score. 
(D2) Before going to bed, he added a user trial with a large budget (100) to train the model for more epochs overnight. 

at home was tedious since I had to set up connections to the status, 
but HyPockeTuner was much more accessible. I could conveniently 
check the server before going to bed or right after waking up.” His 
interactions at home included setting a one-hour timeout before 
taking a shower (Monday, 21:17), performing a narrowing opera-
tion before going to bed (Tuesday, 00:34), and running a user trial 
with a large budget (100) before going to bed (Thursday, 23:08). He 
further explained: “Since I cannot check the progress while sleeping, I 
deliberately request tasks that take a long time so that I can review 
the results when I wake up, making my time more productive.” 
Refinement Operations Improved Performance. E1 performed 
four refinement operations during the experiment. After identifying 
a large number of poorly performing trials (Monday, 21:17), he 
redefined the hyperparameter space by selecting the top five trials as 
base trials (Figure 6(A1)). The following day, he narrowed the space 
twice (00:34, 15:00) by excluding less promising hyperparameter 
values identified through the Hyperparameter Effects section of the 
Overview tab (Figure 6(B)). With the space narrowed three times, 

he achieved a maximum score of 60.5. He also observed that a batch 
size of 16 frequently appeared among the high-performing trials in 
EventCrumb. Finally, he launched a new experiment with the same 
hyperparameter space but with increased budgets and explicitly 
included the batch size of 16, which resulted in the highest score of 
64.1 at 81 epochs. He reflected: “Without this system, I would have 
stopped at 60.5, thinking it sufficient. I would not have realized that 
the score could reach 64.1 simply by adding a single value (16).” 
On-the-fly Hypothesis Testing. After achieving the highest score 
of 64.1 on Wednesday, E1 became curious whether the score would 
improve with larger budgets. To test this hypothesis, he added a user 
trial of the same configuration but with an increased budget (100) 
before going to bed (Figure 6(D2)). The next morning, he observed 
that the score had dropped to 63.5, which he interpreted as a sign 
of overfitting, concluding that further increasing the budget would 
not yield improvements. He reflected: “By using the user trial, I could 
easily test my hypothesis that the model would overfit when trained 
for more epochs overnight.” 
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Transition of Notification Use. Throughout the experiments, E1’s 
notification usage had shifted. Initially, he relied on Progress condi-
tions, such as alerts for bracket or round completion (Figure 6(A1, 
B1)), to refine the hyperparameter space when these conditions 
occurred. He then shifted to Performance Reach conditions to be 
notified when a new experiment achieved a higher score than the 
previous one. Finally, he adopted Performance Improved conditions 
to receive notifications each time the model recorded a new highest 
score (Figure 6(D1)). 
Reflection and Learning from Past Experiments. In the retro-
spective session, without EventCrumb, E1 recalled improving the 
score from 60.5 to 64.1 by adjusting the hyperparameter space and 
budgets, but struggled to remember specific details. With EventCrumb, 
however, he was able to reconstruct the narrative of the experiment, 
for example, that he initially excluded the batch size of 16 when nar-
rowing down the space, but later added it back, which contributed 
to achieving the highest score. He noted: “I can see when I received 
notifications and when I narrowed the hyperparameter space. All 
my interactions are visible in EventCrumb. Previously, I had to use 
note-taking apps, which were cumbersome.” 

Looking back, E1 also identified directions for improvement. He 
regretted setting the minimum budget to one: “Looking at EventCrumb, 
I can see early trials with a budget of 1 achieved similar scores, which 
makes them hard to distinguish. I would have set larger minimum 
budgets, such as 3.” He further suggested that it would be promising 
to test the configuration with the highest score for fewer epochs 
than 100 (i.e., before overfitting occurred), as there might exist an 
earlier maximum point. Finally, E1 emphasized the benefit of our 
system for archiving: “Later, when conducting similar experiments, I 
can reference this, since we usually don’t document hyperparameter 
settings or experiment details.” 

5.2.2 Training a Multi-Label Text Classification Model. 
E2 was a researcher working on NLP models for multi-label text 
classification of online news comments. We used the K-MHaS 
dataset [32], a multi-label corpus for hate speech detection, con-
sisting of 109K Korean utterances annotated with nine hate speech 
labels. We randomly sampled 20% as test data and 80% as train-
ing data. The model employed BERT base [15] with 110 million 
parameters. E2 explored a 10-dimensional hyperparameter space: 
four Nominal, four Ordinal, and two Continuous hyperparameters. 
We used classification accuracy as the performance metric. Over 
five days, E2 completed 163 trials across 4 experiments, with 119 
logged events, including 61 system accesses, 1 narrowing operation, 
3 redefinitions of the hyperparameter space, 1 user trial added, 13 
notification conditions added, and 2 notification conditions edited. 

The system delivered 47 notifications: 24 system-generated alerts 
and 23 from user-defined conditions. E2 accessed the application 
after 34 notifications, with a median re-entry latency of 6.2 minutes 
(max = 165.8 minutes). The mean time-to-first-improver was 97.88 
minutes (SD = 107.62 minutes). 
Access Across Different Locations and Contexts. E2 accessed 
the system 10–20 times per day, mostly for monitoring tasks in 
various locations and contexts, such as during breaks, restroom 
visits, and meal times. Beyond simple monitoring, he launched 
experiments from restaurants during lunch twice (Tuesday 13:53, 
Thursday 12:23). He also used the system while on the move, such 

as during his commute (Tuesday 14:02, 14:19, 14:41). In the inter-
view, E2 emphasized that mobile access was convenient: “I used it 
this much because I could make changes on mobile rather than just 
watching. If it were a desktop app, I wouldn’t have used it as often. 
I would rather use SSH to connect to the server, which I’m familiar 
with. Either way, I would still be tied to my desktop.” 

Benefits of an Integrated Timeline. E2 found EventCrumb use-
ful because it visualized both experiment progression and user 
interventions on a single timeline. For example, he highlighted the 
system access event bubble ( ) as particularly helpful, since it 
enabled the quick identification of trials completed after the last 
visit that he had not yet examined. He also appreciated being able 
to see when and where notifications occurred after his previous 
access: “I favored the icon showing the last visit because it helped me 
focus once more on the trials that came after it.” 

Early Detection of Failures. After launching the experiment 
on Monday, E2 received Exception Happened notifications that 
evening, indicating CUDA out-of-memory errors (Figure 7(A1)). 
With HyPockeTuner, he discovered that the batch size of 256 was 
too large, causing the failure. E2 emphasized: “These real-time noti-
fications are really important. If I had just left the experiment unat-
tended, I wouldn’t have known about the errors until coming back the 
next day.” 

Iterative Refinement of Experiment Settings. E2 conducted 
four experiments over the five days, each configured based on in-
sights from the previous run. First, he excluded the batch size of 256 
when launching the second experiment on Tuesday (Figure 7(A2)). 
He also refined the minimum and maximum budgets. The initial 
range was (1, 81), which achieved a maximum accuracy of 0.74. He 
then adjusted the range to (1, 9) to quickly check whether OOM 
errors persisted, reaching a maximum accuracy of 0.72 (Figure 7(B)). 
Concluding that 1–3 epochs were insufficient, he increased the 
budgets to (3, 27), which achieved a maximum accuracy of 0.75 
(Figure 7(C1)). Finally, he tested the range (27, 81) to investigate 
the effect of extended training epochs, ultimately achieving the 
highest accuracy of 0.77 (Figure 7(D1)). E2 emphasized the value of 
iterative refinement: “With small budgets, I only got poor results, but 
refinement operations let me cut off unsuccessful experiments early 
and focus on testing more promising ones.” 

Reflection and Learning from Past Experiments. In the ret-
rospective session, with EventCrumb, E2 was able to recall details 
of the experiment; for example, that a batch size of 128 occasion-
ally caused OOM errors, which he could not remember without 
visual support. He also reflected on his decision patterns: “I can 
clearly see in EventCrumb how I made changes to the experiment 
after notifications, such as narrowing the space.” 

E2 identified opportunities for improvement, noting that start-
ing with a minimum budget of 3 instead of 1 would have been 
more efficient, since one epoch did not result in meaningful model 
convergence. He further emphasized that distinguishing between 
multiple, similar experiments and recalling the rationales for inter-
ventions would be nearly impossible without the temporal context 
provided by EventCrumb, highlighting its value not only for real-
time monitoring but also as a learning instrument for improving 
future optimization strategies. 



HyPockeTuner: Bringing Hyperparameter Optimization to Mobile Devices CHI ’26, April 13–17, 2026, Barcelona, Spain 

Exp 1A 

A1 

A2 

Exp 2B Exp 3C 

C1 

Exp 4D 

D1 

Figure 7: HPO experiments conducted by E2, who optimized hyperparameters for training a multi-label text classification 
model. (A1) He received an out-of-memory exception notification in the fourth trial. (A2) Concluding that a batch size of 
256 caused the error, he launched Experiment B with smaller budgets (1, 9) and with that value excluded; this run proceeded 
without errors. (C1) In the third experiment, with increased budgets (3, 27), a new record was achieved, and he was notified. 
(D1) Noticing the potential of larger budgets, he added a user trial based on the previous best configuration but with more 
budget, which yielded the highest accuracy. 

6 Discussion and Future Work 
Human-in-the-Loop HPO Provides Benefits over Full Au-
tomation. Surprisingly, most of the users we met during the study 
(U1–8, P1–12, and E1–2) already had prior experience managing 
HPO experiments, with interventions ranging from passive actions, 
such as simple monitoring, to more active ones, such as stopping 
the experiment and refining the hyperparameter space. Many had 
also developed their own ad hoc solutions to streamline the process, 
for example, by using remote desktop applications or integrating 
custom notification code into the training pipeline. This observation 
challenges a fundamental assumption of previous HPO algorithms 
that they operate without any human intervention. 

Throughout our study, we observed the benefits of Human-in-
the-Loop HPO compared to fully automated optimization. First, 
engaging humans in the HPO process enables the identification of 
improvement opportunities that automation alone would overlook, 
leading to performance gains. For example, in the first deployment 
study, E1 achieved the maximum score (64.1) by increasing the bud-
get and introducing a hyperparameter value (batch size = 16) based 
on his own observations. He noted that without recognizing this 

promising hyperparameter, he would have been satisfied with the 
suboptimal result of 60.5 that was initially found by the algorithm. 

Second, Human-in-the-Loop HPO allows users to flexibly plan 
and conduct experiments. Furthermore, when properly supported, 
for example, through mobile access or an event-driven workflow, 
this integration can lead to more productive use of both human at-
tention and computational resources. For instance, E1 set a one-hour 
timeout notification before taking a shower so that he would not 
forget to check the results afterward. He also deliberately launched 
a long-running task before going to bed, ensuring that the experi-
ment would not finish during his sleep and leave the computation 
resources idle. These behaviors demonstrate how Human-in-the-
Loop HPO enables users to flexibly align experimentation with their 
contexts while making more effective use of both their attention 
and available resources. 

Third, involving humans in the HPO process can reduce the 
anxiety that users may experience. During the deployment stud-
ies, we observed several types of threats to HPO. For example, 
assigning too little budget can be ineffective, trials fail due to unex-
pected exceptions (e.g., OOM errors), and the algorithm may waste 
time exploring unpromising configurations. Such unpredictable 
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and uncontrollable factors often create anxiety, prompting users to 
continuously monitor results, even though HPO algorithms are in-
tended to operate without human attention. For this reason, actively 
engaging users in the process can help alleviate such discomfort. 

These observed benefits indicate that engaging humans in HPO 
can be a practical and robust option in real-world use. However, 
the dominant paradigm in both past and current HPO research 
continues to focus on full automation. As a result, enabling human 
intervention is challenging to realize due to the lack of algorithmic 
support. In our case, for example, the original BOHB implementa-
tion [17] was monolithic, requiring us to modify it into a progressive 
version so that intermediate results became visible and users could 
intervene during the process. Our work highlights a need for future 
work on Human-in-the-Loop HPO algorithms. 

EventCrumb Bridged the Gap between Experiment History 
and User Context through Unified Visualization. Our visual-
ization brings together three types of events, experiment progress 
(brackets, rounds, and trials), user interventions, and their outcomes 
(performance metrics and triggered notifications), on a unified, col-
lapsible timeline, whereas previously these pieces of information 
were presented in a disconnected form. Beyond supporting accurate 
and efficient task performance, as shown in our pilot study, our 
approach enabled more advanced analysis and reasoning. 

First, our visualization facilitated pattern discovery. In particular, 
when non-improvers were aggregated, users could readily identify 
key phases in experiment history, such as periods of improvement 
and plateau. Moreover, aligning these patterns with user interven-
tions allowed them to reason about cause-and-effect relationships, 
for example, linking refinements to subsequent performance gains. 
Second, the visualization supported linking experiment progress 
with user context. For example, participants used the system access 
event bubble ( ) as a temporal anchor, helping them quickly iden-
tify trials completed since their previous visit and the changes that 
required inspection. Finally, we observed the broader opportunities 
of our visualization beyond HPO. Participants acknowledge the 
usefulness of EventCrumb as a teaching tool to illustrate how HPO 
algorithms work, and also highlighted its potential for team com-
munication by visually conveying decisions and their performance 
impacts, thereby serving as an effective communication medium. 

HyPockeTuner Reduced the Burdens for Experiment Man-
agement while Accommodating Individual Daily Routines. 
Participants reported that our system reduced several types of bur-
dens present in previous experiment management practices. The 
first was a physical burden, as they needed to remain at the desktop 
to make changes, an issue we addressed by enabling mobile access 
(DG1). The second was a cognitive burden for monitoring, since 
participants occasionally had to divert attention to the experiment, 
disrupting their workflow and even causing anxiety; we mitigated 
this through a notification-driven workflow (DG3). The third was 
another cognitive burden, namely the difficulty of tracking refine-
ment operations, which was addressed through our visualization 
(DG2) and supporting refinement operations (DG4). 

Lowering these burdens can encourage more active manage-
ment and intervention of HPO experiments, ultimately allowing 
experiment management to be smoothly incorporated into daily 
routines. Participants frequently accessed the system throughout 

the day from different locations—such as the lab or home, and in 
various contexts, including breaks, meals, and commutes. This flex-
ibility also allowed them to adapt their interactions to the situation, 
such as setting a one-hour timeout before taking a shower or de-
liberately leaving long-running tasks before going to bed. These 
practices demonstrate that our system enables a tight integration 
of experiment management with daily routines. 

Interestingly, these interaction patterns parallel user behaviors 
observed in idle games, where gameplay runs autonomously with 
minimal player input, and players periodically return to allocate 
accumulated resources [3, 13]. Similarly, our participants leveraged 
naturally occurring idle periods, such as sleep or breaks, to check 
progress and issue interventions, echoing prior observations that 
players of ambient or background games strategically schedule 
interactions around daily routines [29]. This parallel suggests that 
design strategies from idle games may offer useful insights for HPO. 

Generalizability of EventCrumb to Other HPO Algorithms. 
Although EventCrumb was developed for the bracketed structure 
of BOHB, its design principles for showing temporal trial progres-
sion and user interventions are applicable to a wide range of HPO 
algorithms. Across most HPO algorithms, three elements remain 
consistent: trials proceed over time, each trial yields measurable 
performance, and users make decisions such as stopping, adjusting, 
or adding trials. These shared properties provide room for adapting 
EventCrumb to alternative HPO algorithms. 

For example, multi-fidelity methods such as Hyperband [33], 
ASHA [34], and DEHB [5] involve staged evaluations and can be 
adapted to EventCrumb. Bayesian optimization [49], evolutionary 
strategies [60], and grid or random search [8] do not define ex-
plicit rounds, but their trials can still be shown in temporal order 
with performance and intervention points visualized. In these cases, 
users may define custom trial groupings to create structures; for 
example, users may group every ten trials in a random search or 
each generation in an evolutionary method as a bracket. In contrast, 
population-based training [27] or meta-learning approaches [25] 
do not produce sequential, independent trials and would require 
substantial modifications to accommodate their fundamentally dif-
ferent trial paradigm. 

Limitations and Future Work. While HyPockeTuner demon-
strates the feasibility of mobile HPO management, several limita-
tions warrant discussion and future work. Our deployment stud-
ies involved participants with specific deep learning tasks and 
controlled experimental settings. Broader deployment across di-
verse ML domains, team sizes, and organizational contexts would 
strengthen the generalizability of our findings. 

The training time quantum significantly influences our approach’s 
practicality. In our studies, both participants experienced approxi-
mately 15-minute intervals for minimum budget trials, extending to 
6.75 hours for maximum budgets. This timeframe aligned well with 
the observed monitoring frequency of once per 77 minutes on aver-
age. However, scenarios with substantially longer training cycles, 
such as large language model pre-training, where single epochs 
may require days, would alter user interaction patterns. While our 
notification system partially addresses this, the effectiveness of 
mobile interventions could diminish when feedback loops extend 
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beyond daily cycles. Therefore, an interesting direction for future 
work is to extend our approach to support longer time quanta. 

Our system currently provides only a mobile interface. While 
this choice is a good first step for exploring the potential of mo-
bile devices in isolation, the limited screen space and reliance on 
touch interactions may restrict the scope of analysis or involve-
ment. Future work could explore a hybrid approach where a mobile 
interface complements a desktop interface, leveraging the strengths 
of both. Furthermore, extending the current EventCrumb design to 
accommodate other iterative HPO algorithms remains an impor-
tant direction for future work. Finally, as noted by two participants 
in the pilot study, our tools also hold potential for use in educa-
tional settings or supporting communication about optimization 
workflows, beyond their primary role in experiment management. 

7 Conclusion 
Despite advances in Human-in-the-Loop HPO systems, existing ap-
proaches remain largely confined to desktop environments, limiting 
their effectiveness for managing the long-running experiments that 
are increasingly common in practice. To address this gap, we intro-
duced HyPockeTuner, a mobile HPO system featuring EventCrumb, 
that enables users to monitor, steer, and reflect on experiments 
through notification-driven interactions and timely interventions 
from smartphones. Through a pilot study and two five-day deploy-
ment studies, we found that mobile access and notifications enabled 
users to effectively manage HPO experiments while integrating the 
process into their daily routines. These findings demonstrate that 
mobile HPO can serve as a practical and effective option for manag-
ing long-running HPO experiments, opening promising directions 
for future Human-in-the-Loop HPO systems. 
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