Visualize the Invisible: Exposing Causal Layers in GPU Performance

Analysis through Milestone Abstractions
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Figure 1: Blocking Reason Analysis for GPU[1].SA[®] .L1VROB[0], showing (a) the Milestone overlay, (b) Milestone Details, (c) the
Blocking Reasons Analysis panel, and (d) the Blocking Reasons Flow.

Abstract—Visual analytics has the potential to provide critical support in computer architecture design by helping architects interpret
execution behavior, but current tools are limited to exposing what happened during execution rather than why, relying on user expertise
rather than visual evidence to identify true causes of performance issues. Expertise can help analysts formulate hypotheses, but
analysts cannot validate those hypotheses through visualization when causal factors are not visible. We design a visual analytics
system that makes causal factors, such as task blocking and underlying mechanisms, visible. At the core of our approach is a
conceptual abstraction, the Milestone, a data primitive that simultaneously marks the resolution of prior blocking conditions and assigns
reasons to waiting states. Milestones convert execution traces from records of activity into records of causation. We further design three
complementary visualizations that leverage Milestones, enabling us to show summaries of blocking patterns, analyze how patterns
evolve over time, and navigate causal relationships across parent-subtask hierarchies. We evaluate our approach through a study with
GPU architecture researchers, showing that the abstraction and resulting visualizations enable participants to validate hypotheses
about an architecture’s performance directly from visual evidence. Finally, we discuss how the Milestone abstraction can be adapted to

support causal analysis in other expertise-intensive domains.

Index Terms—GPU performance analysis, visual analytics, causal reasoning, execution tracing, milestone abstraction

1 INTRODUCTION

As GPUs have become essential infrastructure for modern Al, GPU
performance analysis has grown into a critical discipline. Both hard-

* Yuanhuan Deng is with Brandeis University. E-mail:
yuanhuandeng @brandeis.edu.

* Katherine E. Isaacs is with the University of Utah. E-mail:
kisaacs @sci.utah.edu.

o Yifan Sun is with William & Mary. E-mail: ysun25@wm.edu.

Manuscript received xx xxx. 202x; accepted xx xxx. 202x. Date of Publication
xx xxx. 202x; date of current version xx xxx. 202x. For information on
obtaining reprints of this article, please send e-mail to: reprints @ieee.org.
Digital Object Identifier: xx.xxxx/TVCG.202x.xxxxxxx

<+

ware architects designing next-generation GPU microarchitectures and
software developers optimizing applications depend on performance
analysis to identify bottlenecks, diagnose inefficiencies, and guide their
design decisions, leading to faster and more efficient computing.

Interactive visualization has proven effective in supporting GPU
performance analysis by helping architects and developers navigate
complex execution data [3, 12, 19]. Prior work has demonstrated that
visualization can make instruction flow directly observable [35], sup-
port reasoning about resource contention in heterogeneous deploy-
ments [43], and provide macro-level views of irregular task execu-
tion in parallel systems [13]. Specifically, Daisen [31] advances this
direction by supporting task-execution tracing and component-level
performance inspection. Daisen is designed as a companion to MG-
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PUSim and explores only the traces MGPUSim produces; MGPUSim
executes unmodified GPU programs in simulation, so the traces reflect
real workloads rather than synthetic playground loads. Daisen enables
architects to examine task timelines, explore execution patterns, and
trace dependencies across parent-subtask relationships.

Computer architects use performance analysis tools to understand ex-
ecution behavior, learn the mechanisms behind performance anomalies,
and identify the root causes of bottlenecks. Existing tools, including
Daisen, primarily visualize what is easily observable (e.g., instruc-
tion pipelines, cache hit statistics, and execution counters) rather than
exposing the intermediate causal layers that analysts must currently
reconstruct mentally. Even for experienced analysts, this poses a core
challenge: reasoning from what can be seen to what cannot, from ob-
servable metrics to the hidden causes beneath the surface. Our target
users are GPU architecture researchers and hardware architects familiar
with GPU execution concepts.

Our requirement study with four GPU architecture researchers (see
§4) confirmed this problem in the context of Daisen: participants could
observe timing and task behavior, but lacked the evidence needed to
confirm or reject their performance hypotheses. All four participants
reported that their conclusions relied on prior research experience or
familiarity with the simulator, rather than on evidence obtained through
the visualization itself. This disconnect between expert reasoning
and available visual information is a recurring challenge in expertise-
intensive visualization domains [37] where tacit knowledge substitutes
for tool support, posing barriers to novices and limiting the reliability
of expert conclusions that cannot be visually verified [20].

To address the gap between what analysts can observe and what
they need to reason about, we first recognize that the problem extends
beyond visualization design: the causal states they need to reason about
are transient and absent from standard trace data. We propose a data
primitive, Milestone, that records transient execution conditions as
persistent, queryable records. Focusing on the Milestone data primi-
tive, we then build three complementary visualizations on this shared
abstraction. We validate our approach through a user study with GPU ar-
chitecture researchers, demonstrating that the resulting system reduces
reliance on prior expertise for validating performance hypotheses.

Analysts using the redesigned system were able to reason directly
from visual evidence, independently forming and verifying perfor-
mance analyses without fully relying on prior expertise.

This paper makes the following contributions: (1) Milestones, a
data primitive that captures both state transitions and blocking reasons
during task execution, addressing the often overlooked challenge of data
design for causal reasoning, and (2) three complementary visualizations
built on this shared abstraction that connect observable task behavior
to its underlying causes. We further introduce a characterization of
invisibility in expertise-intensive visualization, spanning invisible data,
reasoning, causation, and barriers, and use it to organize and interpret
our evaluation, before generalizing to other domains that require causal
analysis in expertise-intensive settings.

2 BACKGROUND

We provide the necessary domain background in performance analysis
and GPU execution, as well as an overview of Daisen, the visual
analytics system we extend to demonstrate our approach.

2.1 Computer Architecture Performance Analysis

Computer architects rely on performance analysis to understand how
hardware behaves under specific workloads. In practice, architects work
with two primary approaches: (1) profiling on real hardware, which
uses built-in instrumentation to capture high-level aggregate metrics
such as cache hit rates, instruction throughput, and memory bandwidth
utilization; and (2) simulation-based analysis, where architects use
software models of hardware designs to execute workloads, generating
detailed execution traces. This paper focuses on the second approach,
in which the simulator determines what data to record and visualization
tools help analysts interpret the resulting data.

The ultimate goal of performance analysis is not simply to observe
what happened during execution, but to identify the root causes of

performance problems so that architects can propose targeted fixes.
An analyst who sees that a workload runs slowly needs to determine
which specific component, resource conflict, or dependency chain is
responsible before any design improvement can be attempted. Both per-
formance counters and execution traces primarily capture what occurred
rather than why, leaving root-cause identification largely dependent on
the analyst’s expertise and reasoning.

2.2 GPU Execution Model

GPUs run programs that may contain millions of threads. CPUs offload
parallel computation to GPUs by launching functions called kernels.
When a kernel launches, groups of threads are dispatched to available
GPU cores. The massive scale of concurrent execution, with threads
competing for shared hardware resources and depending on each other
across components, presents a challenge to visualization systems, mak-
ing it difficult to reason about performance behavior.

Much of the complexity in GPU performance lies in the memory
system. Memory requests from executing threads pass through a multi-
level cache hierarchy, from a core-dedicated L1 cache to a shared L2
cache, and then to off-chip DRAM. Along the way, address transla-
tion is handled by Translation Lookaside Buffers (TLBs), and pending
memory requests are tracked in structures such as Miss Status Hold-
ing Registers (MSHRs) and Reorder Buffers (ROBs). Any of these
components can be limited by hardware resources and can become a
source of blocking when resources are contended or dependencies are
unresolved, yet these transient blocking conditions are not captured by
standard execution traces.

Critically, these hardware components interact through dependen-
cies that are not always apparent. A memory request from one warp
may stall waiting for a TLB translation, which in turn depends on a
cache access, which may be blocked by buffer pressure from other
concurrent requests. These transient blocking conditions are central
to understanding performance but are not directly visible in standard
execution traces and visualization tools.

2.3 Daisen

Daisen [31] is a web-based visualization tool designed for detailed
GPU execution analysis, built on traces generated by the MGPUSim
simulator [30]. At the core of Daisen’s data model is the Task abstrac-
tion: each unit of work processed by a hardware component (e.g., a
memory request, an instruction dispatch) is represented as a task with
a start time, end time, and links to its parent and subtasks in other
components. Throughout this paper, fask refers to this hardware unit
of work and not to a user’s analytical task. Components correspond to
hardware units in the simulated GPU, such as compute units, caches,
and memory controllers.

Daisen’s entry point is a dashboard that lists all components and
their task counts, enabling analysts to identify the most active parts of
the architecture and select components for further inspection. From the
dashboard, analysts can navigate to two primary views. The Component
View displays all tasks within a selected component as a horizontal
Gantt chart, with task bars on a shared timeline, allowing analysts to
see when tasks execute, how long they take, and how they overlap with
concurrent tasks. The Task View focuses on a single task, showing its
attributes and providing navigation links to its parent and subtasks in
other components.

Daisen was intended to support reasoning about execution depen-
dencies through two design strategies. (1) It exposes parent-subtask
relationships: when a task is selected, analysts can navigate to its parent
or subtasks, allowing them to see which subtask is blocking the parent’s
progress. (2) It stacks the Task View on top of the Component View, so
that analysts can observe a task’s execution alongside the overall activ-
ity of the component, with the expectation that analysts can infer why
a task starts late or finishes late based on the component’s workload.
In practice, however, these strategies provide only indirect support.
Parent-subtask navigation is limited to one level at a time, making it
easy to lose context during multi-level exploration. The stacked layout
shows temporal correlation between a task and its components’ activity,
but does not make the causal connection explicit: analysts must still



mentally reconstruct why a task stalled based on what they know about
the hardware.

3 RELATED WORK

We discuss related work in performance analysis visualization, causal
reasoning through visualization, and knowledge-assisted visualization.

3.1 Performance Analysis Visualization

Visualization tools for execution pipelines and parallel architectures
share a common goal: making the runtime behavior of complex systems
legible to developers. Prior work separates along three directions.

(1) Visual encoding. Several systems take trace or telemetry data
as given and advance the visual representation itself, contributing new
encodings and interactive views for parallel-system behavior, network
traffic, process monitoring, and large-scale communication [6, 8, 10,
12,21]. Trace flow visualization extends the same direction through
color-encoded pipeline views that make instruction flow and stalls
directly observable [35], interactive access to raw execution traces
[25], reasoning about resource-contention-driven loss in heterogeneous
OpenCL deployments [43], and top-down diagnosis of GPU thread-
block memory conflicts and coalescing inefficiencies [26].

(2) Data collection. A complementary effort targets the data itself.
Several groups have argued that performance counters alone cannot
capture dynamic complexity at scale, advocating for animated, system-
level summaries of aggregate program behavior [3, 15], macro-level
views that accommodate the temporal irregularity of heterogeneous
clusters [13], and the co-design of data collection alongside visual-
ization design [36]. Instrumentation-focused work pursues the same
goal by capturing execution signals not previously available for analy-
sis [4,22-24,34].

(3) Data abstraction. Between collection and rendering, data ab-
stractions restructure already-recorded traces into forms amenable to
reasoning, such as logical-time orderings, call-stack-tree representa-
tions, and task-parallel trace structures [16,28,40].

Our work builds on (2) and (3) and combines them. We instrument
the simulator to emit Milestones (a data-collection contribution) and
define the Milestone as a data primitive that augments the trace structure
(a data-abstraction contribution). What distinguishes our approach is
not that we collect or abstract data, but what we collect and abstract.
We go one step further, from capturing what execution leaves behind to
capturing the invisible causal state that execution never records.

3.2 Causal Reasoning in Visualization

Visual analytics of causal reasoning generally fall into two categories,
depending on where the analytical challenge lies. The first focuses on
causal graph discovery, where the goal is to recover or verify causal
structure from observed variables. Path diagram layouts have been pro-
posed to expose directional causal flow with interactive model scoring
for link verification [32,33]. The second focuses on causal patterns
in event sequences, where the events themselves are already recorded,
and the challenge is identifying temporal causal relationships among
them [17]. Outflow aggregates event sequences into pathway visualiza-
tions with outcome-colored edges for comparing alternative progres-
sions [38], while recent work applies Granger causality via Hawkes
processes with user-feedback mechanisms for iterative refinement [42].

Both lines of work assume that the data needed for causal reasoning
is already available, whether as observed variables or recorded events.
In GPU performance analysis, this assumption does not hold. The
intermediate causal states are not captured by traditional task tracing.
Our work addresses this prior step: defining a data abstraction that
makes these invisible states observable, then designing visualizations
that support causal tracing along the exposed chain.

3.3 Knowledge-Assisted Visualization

In visualization domains characterized by deep domain knowledge,
prior work has consistently demonstrated that existing tools impose
substantial prerequisite knowledge on end users [11, 14, 18, 20, 41],
creating significant comprehension barriers for novice analysts. A

particularly persistent challenge lies in how expert practitioners rou-
tinely perform implicit “mental corrections” during analysis, drawing
upon internalized background knowledge to interpret and adjust visual
information in ways that are neither surfaced nor captured by the vi-
sualization system itself. These subjective assumptions, while central
to expert reasoning, remain structurally unrecorded in existing visual
analytics tools [20].

The Knowledge-Assisted Visual Analytics (KAVA) theoretical
framework [11] has directly engaged with the question of how vi-
sualization systems might bridge the expert knowledge gap, proposing
that expert knowledge can be inferred and extracted from observable
user analytic behaviors at runtime. Building upon this foundation, sub-
sequent research has operationalized the KAVA model by constructing
unified knowledge repositories [2, 9] that consolidate expert knowl-
edge and establish guided interactions with end users by annotations,
modeling, and recommendation [1,5,7,29,39].

While prior work on knowledge-assisted visual analytics has thus
addressed how systems can leverage formalized knowledge during
run-time analysis [11,27], little work has investigated how to encode
expert reasoning into visualization design itself. This reveals a unique
opportunity: developing design-time methodologies that transform
invisible cognitive procedures into explicit visual affordances.

4 REQUIREMENT STUDY

We conducted a preliminary user study with four GPU architecture re-
searchers, including three doctoral students and one researcher holding
a PhD, with GPU research experience ranging from 1-3 to 5+ years (see
more participant background in supplementary materials). Our findings
revealed difficulties in validating hypotheses due to information about
dependencies being unavailable visually.

4.1 Requirement Study Method

We describe the study procedure and analysis. This research was
approved by the Institutional Review Board (IRB) at our institution
(IRB-2024-25). At the start of each session, we obtained verbal in-
formed consent from all participants, both for participation and for
audio recording; the consent script is included in the supplemental
materials.

Procedure. We interviewed participants remotely via Zoom. Each
interview session lasted approximately 60 minutes and was recorded
and transcribed. The study was structured in two sections:

Section 1 consisted of general questions to understand participants’
research domains and their usage patterns of GPU simulators, and to
identify the data metrics they prioritize during the performance analysis.

Section 2 used a scenario-based approach. We prepared four rep-
resentative scenarios in Daisen [31], covering diverse analytical chal-
lenges, and provided participants with remote access during the inter-
view. Participants were asked to freely explore each scenario while
sharing their screens. For each scenario, we asked participants to: (1)
observe and identify distinctive patterns within each scenario, (2) con-
duct performance analysis based on the visualization, and (3) explain
their analytical reasoning and conclusions.

We specifically asked participants whether they required additional
information to validate their conclusions or whether modifications to
the visualization would enhance their analytical capabilities. When
participants could not articulate specific suggestions, we presented
prepared mockups (early design ideas as static prototypes drawn in
Figma) to ground their feedback. The detailed study guide can be found
in supplementary files.

Analysis. We analyzed the transcripts using an open-coding ap-
proach. The lead researcher first read all the transcripts and then
coded them, identifying recurring themes related to analytical barriers,
missing information, and desired tool capabilities. Codes were then
discussed within the whole research team and consolidated through
iterative comparison until agreement was reached.

4.2 Requirement Study Findings

Our interviews revealed that while all participants found Daisen helpful
for performance analysis, they consistently encountered barriers when



attempting to validate their analytical conclusions:

Participants could not validate their analyses through visual
evidence alone. All four participants conducted analyses based on their
prior knowledge, but were unable to verify their conclusions through
the available visualization. P1 arrived at his conclusions based on close
familiarity with Daisen’s internals, while P2, P3, and P4 stated that
their reasoning relied entirely on research and professional experience.
P3 described Daisen as “very useful” and P2 appreciated that its tracing
design clearly delineates dependencies across tasks, yet neither could
point to visual evidence that confirmed their performance hypotheses.

Participants requested explicit visualization of dependencies
between architecture components. Three out of four participants rec-
ommended incorporating a component dependency map. P1 suggested
that the system should show more information about the components or
the parameters of the components, while P3 emphasized that displaying
the dependency between components would provide better support for
visually tracing parent tasks and subtasks. P4 reinforced this notion by
proposing that dependencies be drawn directly in the component view
to show cross-component relationships.

Participants requested granular hardware state metrics. All
participants stressed the need to expose dynamic resource states that
were not available in the visualization. The requested metrics fell into
three categories: (1) buffer and queue pressure (P2 noted that awareness
of buffer status and ROB state could explain performance gaps; P4
requested information on queued requests and buffer size), (2) cache
behavior (P1 indicated that knowing maximum cache capacity would
help; P3 recommended displaying cache hit/miss rates), and (3) port
status (P3 recommended revealing port origins to trace data flow across
components). P4 suggested that marking state transitions on task bars
would aid validation, noting that such markers are “really necessary.”

Participants observed low efficiency in navigation and informa-
tion retrieval. P2 and P3 reported that locating specific information
required excessive clicking and was time-consuming. P2 described the
process as “clicking on components and starting to dig deeper,” which
hindered quick access to necessary data. P3 noted that displaying
summary statistics (e.g., the number of concurrent tasks) inline would
reduce the steps needed to validate an analysis.

4.3 Design Goals

The findings above reveal a gap not only in how execution data is
visualized, but in what data is available for visualization in the first
place. Our work faces a prior design question: the causal states that
analysts need to reason about are transient and absent from standard
trace data. An improved data primitive design is a prerequisite for,
rather than a byproduct of, the visualization design process. Therefore,
we derive the following design goals from our findings:

DG1: Expose Component Dependencies. The visualization should
expose how components depend on one another for the tasks under
analysis. Without such contextual information, analysts struggle to
correlate performance anomalies with upstream or downstream task
interactions.

DG2: Expose Invisible Resource Contention. The visualization
should surface dynamic, transient information (e.g., buffer pressure,
port saturation, blocking reasons) that impacts performance but remains
absent from current trace data and tools. Analysts should be able to
map tasks and their resource states both temporally and spatially.

DG3: Reduce Navigation and Cognitive Overhead. The design
should shorten the time required to locate key information, streamline
navigation between related data elements, and reduce the number of
interactions needed to reach critical evidence, while avoiding visual
clutter that distracts from analytical focus.

5 DATA ABSTRACTION

We introduce Milestones: timestamped records that mark the moments
when a blocking condition is resolved. Each Milestone simultaneously
encodes two pieces of information: (1) the event that just occurred
(e.g., a data transfer finished, a hardware resource became available)
and (2) the blocking reason—what prevented the task from progressing

Table 1: Milestone Data Structure

Field Format Description
1D String Unique identifier for the Milestone (id)
TaskID  String The ID of the associated task (task_id)
Time Float/Time  The timestamp of the Milestone (time)
Kind Enum Classification of the blocking reason (see Table 2)
What String Description of the blocking reason
Table 2: Milestone (Blocking Reason) Taxonomy
Value Description

hardware_resource ~ Waiting for a hardware structure (e.g., buffer slot,
MSHR entry, ROB slot) to become available
Waiting for data to be transmitted across the on-chip
network

Waiting for a network port or link to become free due

to congestion

network_transfer

network_busy

queue Waiting to reach the head of a processing queue be-
hind other tasks

data Waiting for required data (e.g., a cache line or mem-
ory response) to arrive

dependency Waiting for a prerequisite task to complete before
proceeding

translation Waiting for a virtual-to-physical address translation

(e.g., TLB lookup) to complete

until that moment. This dual encoding converts execution traces from
records of activity into records of causation.

Milestone Structure. A Milestone entry comprises several proper-
ties, as shown in Table 1. Each Milestone is assigned a unique identifier
and a timestamp recording the precise moment the blocking condition
was resolved. The Kind field classifies the blocking reason according
to our taxonomy (Table 2). The What field provides a descriptive label
for the specific event (e.g., “head” for reaching the front of a queue, or
the name of the buffer that became available).

Each Milestone is associated with exactly one task through its
TaskID field, and a task may have zero or more Milestones. The
Milestones of a task partition its execution duration into a sequence of
phases: the interval between two consecutive Milestones represents a
period during which the task was blocked by the reason recorded in
the later Milestone. A task with no Milestones has only its start and
end times recorded, as in traditional tracing. A task with multiple Mile-
stones provides a fine-grained timeline of what the task was waiting
for at each point during its execution. Since each task already carries
location information identifying which component processes it, Mile-
stones inherit this context through the task association and do not need
to redundantly record location. This one-to-many relationship between
tasks and Milestones allows the Milestone abstraction to augment exist-
ing trace data incrementally, preserving backward compatibility while
adding causal depth where instrumentation is available. To make the
contrast explicit, a traditional Daisen task records only its start time,
end time, parent, and subtasks. A Milestone augments the same task
with a sequence of timestamped, typed blocking records (Table 1) that
partition the execution into labeled blocking phases, while the original
task fields remain unchanged.

Milestone Taxonomy. We define blocking-reason categories (see
Table 2) based on our requirement study findings and the GPU execution
model described previously. The categories correspond to the distinct
resource types and interaction mechanisms that can cause a task to
stall: hardware resources (e.g., buffer capacity), network conditions
(transfer latency, congestion), queue occupancy, data availability, inter-
task dependencies, and address translation. The Milestone taxonomy
is extensible, allowing additional simulators or architectures to add
domain-specific extensions while preserving the core structure.

Milestone Collection. Milestones are emitted by the simulator at
runtime as we make the implicit data explicit. We instrument each
component’s control flow by inserting a function call at the points
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Figure 2: The new Daisen dashboard provides multiple entry points into
performance analysis, allowing analysts to begin from task distributions,
blocking reason summaries, or component-level metrics, depending
on their analytical focus. The Blocking Analysis widgets (bottom row)
surface system-level Milestone data, showing when and where blocking
concentrates across the simulation.

where a task makes forward progress, indicating the resolution of a
blocking state. Each Milestone has a Kind and a What field that records
the previous blocking reason. We provide an extensible taxonomy (see
Table 2) of the Kind field based on domain experts’ experience. Other
fields include the timestamp and the owning task ID.

Linearization Simplification. In practice, a task may be waiting
on multiple resources simultaneously, and the true blocking structure
can be a partial order rather than a sequence. While using more so-
phisticated data structures (e.g., a graph) can better represent blocking
structure, implementing them can be prohibitive for two reasons: (1)
Recording graph-based Milestones and dependencies significantly com-
plicates the simulator due to the requirement of recording more context.
(2) Visualizing a graph or other complex structure in the already clut-
tered Daisen interface can be challenging. We find that a linear blocking
reason is sufficient for users to analyze blocking reasons with the help
of existing Daisen data and visualizations.

6 VISUAL DESIGN

Our proposed design extends the Daisen visualization tool with three
new visualizations, each built on the Milestone abstraction and address-
ing a specific analytical need identified in our requirement study.

6.1

The redesigned Daisen dashboard provides analysts with a system-
wide view of blocking activity, helping them spot which components
and tasks are worth a closer look. The dashboard introduces two
new widgets built on the Milestone abstraction (see Figure 2): (1)
The Blocking Analysis by Component widget visualizes Milestone
counts per component using horizontal bars, with total Milestone count,
average Milestones per task, and total task count overlaid on each bar.
The average-per-task metric normalizes comparison across components
with different task volumes, allowing analysts to quickly identify which
components experience the most blocking relative to their workload. (2)
The Blocking Analysis by Time widget uses an area chart to show how
blocking intensity varies over the course of execution, revealing whether
blocking is concentrated in specific phases or distributed throughout.
Clicking on a component in either widget navigates to the Component-
Level Blocking Analysis for that component.

The dashboard retains several widgets from the original Daisen in-
terface: Simulation Information, Traces, Task Analysis by Component
and by Time, and a Metrics Analysis panel, which we leave unmodified.

Concrete example. For the matrixtranspose benchmark, the
Task Analysis by Component widget shows GPU[1] .DMA handling the
most tasks (541), yet the Blocking Analysis by Component widget
tells a different story. GPU[1] . SA[0] .L1VROB[3] accumulates 1,790

System-Level Blocking Overview

Milestones at 1.7 per task across 1024 tasks, the highest blocking
load, which marks it rather than the busiest component as the primary
candidate. The Blocking Analysis by Time widget shows blocking
concentrates in the later execution phase (rising sharply toward 200 ts)
rather than spreading evenly. Clicking the ROB bar navigates directly
to its Component-Level Blocking Analysis. This supports DG3 by
providing a fast entry point that reduces the navigation needed to locate
where blocking concentrates.

6.2 Component-Level Blocking Analysis

Daisen’s Component View displays all tasks running within a selected
hardware component on a shared timeline, intended to show how tasks
and hardware components interact. While analysts can observe task con-
currency and duration, they cannot see why tasks stall or what resources
they are waiting for. To address this, we design the Component-Level
Blocking Analysis (see Figure 1), which overlays blocking reason in-
formation directly onto the component’s temporal context, enabling
analysts to see not only when tasks execute but what prevents them
from making progress.

The blocking reason information is encoded as a stacked bar chart
positioned below the task timeline. At each time point, the visualization
identifies all tasks that have not yet reached their next Milestone and
computes the blocking reason for each. Each vertical bar represents a
time point, with the bar’s total height encoding the number of blocked
tasks at that moment. Within each bar, colored segments are stacked
vertically, where each segment’s height represents the count of tasks
blocked by a specific reason (see Table 2). In Figure 1, the component’s
tasks appear as horizontal bars in the middle region. Tasks that do not
match the current selection are shown in faint grey so the highlighted
tasks stand out. The x-axis is simulation time in microseconds with
the blocked-task count on the right y-axis. The overlaid line is the
concurrent task load.

The stacked blocking reason bar chart is tightly coupled with the
task timeline above it. Clicking on a bar segment, which represents a
specific blocking reason at a specific time point, highlights all tasks
currently blocked by that reason in the task view, and the Blocking
Reasons Analysis panel (Figure 1(c)) reports the selected reason, the
number of concurrent blocked tasks, and the time point. This allows
analysts to move from an aggregate observation (e.g., “dependency
blocking is growing”) to the specific tasks impacted, and to further
investigate their attributes, parent/subtasks, or Milestones to understand
the root cause.

The Blocking Reasons Flow widget (Figure 1(d)) displays the
component-specific sequential order of blocking reason types. For
each component type, blocking reasons are listed in the order they
typically occur as a task progresses through that component’s execu-
tion pipeline. For example, in the ROB component, the ordering is:
network_transfer, queue, hardware_resource, network_busy,
data, dependency. A task entering the ROB first waits for network
transfer, then queues for processing, then waits for hardware resources,
and so on. This ordering is derived from the control flow written in
the simulator code. The panel serves as a reference for analysts to
understand the component’s mechanisms. By reading the flow from
top to bottom, analysts can see the expected progression of blocking
stages without needing to consult the simulator source code directly.

Concrete example. We walk through a concrete example (see
Figure 3) to understand how blocking reason analysis can be per-
formed. The component is a reorder buffer (ROB; component name:
GPU[1].SA[0].L1VROB[0]), which ensures that received memory
requests complete in order. In the beginning, the orange segments
(blocking reason: data) dominate the execution, indicating that the
component is primarily blocked because the connecting memory mod-
ule has not yet provided the requested data.

The pink segments (queue) appear briefly throughout the chart.
Their transient presence shows that requests sometimes wait in the
queue for some time. They are not dominating because their episodes
are short-lived, suggesting that the ROB has sufficient entries overall.

The green segments (blocking reason: dependency) reveal a more
interesting pattern. In an ROB, dependency blocking occurs when a task
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Figure 3: An example of how to perform a blocking reason analysis.

cannot finish because an earlier task has not yet completed, enforcing
reorder constraints. The green segments first appear around 220.0us
and grow progressively taller: initially, execution proceeds smoothly,
but then one or more tasks begin to block the rest of the pipeline,
causing an increasing number of tasks to stall for the same reason. By
approximately 222.0us, the situation resolves. A brief pink (blocking
reason: queue) and brown (blocking reason: network_transfer)
follow, indicating that new requests have arrived at the component.

To investigate further, the analyst can click on a brown network
transfer segment at time 222.8us. As shown in Figure 1, the sys-
tem reports that 12 tasks are blocked by this reason at that moment.
Interestingly, these tasks have later start times. The later start times
show how long these tasks wait for network transfer before execution
begins. Overall, the blocking reason analysis enhances Daisen’s ability
to understand the invisible factors that impacted execution, addressing
DG?2 by surfacing the otherwise-invisible blocking reasons behind each
stall.

6.3 Task-Level Blocking Analysis

The Component-Level Blocking Analysis reveals blocking patterns
across many tasks within a component, but performance diagnosis
often requires a deep understanding of a single task: what sequence of
blocking states it encountered, how long each phase lasted, and how
its subtasks across other components contributed to its overall duration.
To support this level of investigation, we design a task-level blocking
analysis method that focuses on a single task and exposes its internal
Milestone sequence, along with its full subtask hierarchy.

The first element of the Task-Level Blocking Analysis is the Mile-
stone overlay on task bars (see the top part of Figure 1(a)). Each
Milestone is rendered as a red dot positioned at its temporal location on
the current task bar, and wavy lines connect consecutive dots to indicate
the blocking periods between them. The dots and lines transform the
bar from a uniform duration indicator into a segmented record of execu-
tion phases. When multiple Milestones coincide at the same time point,
the dot is rendered larger with a contrasting border to signal temporal
density and prompt the analyst to zoom in for individual inspection.
Clicking on a Milestone displays its attributes (kind, what, and times-
tamp) in the right-side information panel (Figure 1(b)). Together, the
overlay and interaction allow analysts to read the sequence of blocking
states a task encountered without leaving the Component View.

The Milestone overlay on the current task bar provides a quick
summary of blocking states, but the limited screen space of a single
task bar constrains how much detail can be shown. To dig deeper into
a task’s execution, a magnifier button on the top-right corner of the
Task View opens the Dissect View for the currently selected task. The
Dissect View (see Figure 4) provides the task’s full Milestone sequence,
its parent task for upstream context, and its complete subtask hierarchy
across unlimited depth levels, all on a shared time axis.

In GPU execution, a task in one component often spawns subtasks
in other components, which in turn spawn further subtasks of their

own. Understanding why a task stalls frequently requires tracing this
chain across multiple components and hierarchical levels. The previous
Daisen interface restricted navigation to one parent-subtask level at
a time, forcing analysts to click in and out repeatedly and mentally
reconstruct the full picture. The Dissect View addresses this by display-
ing the complete subtask hierarchy of the selected task, with subtasks
rendered using depth-based coloring and horizontal indentation to en-
code nesting level. Analysts can expand subtasks on demand across
unlimited levels, keeping the causal branch visible in a single view.

Below the subtask hierarchy, a Milestone achievement bar visualizes
the selected task’s full Milestone sequence as a segmented progress
bar. Each colored block spans the interval between two consecutive
Milestones. Zooming in separates overlapping Milestone markers and
reveals labels identifying each blocking reason along with a completion
flag at the final Milestone.

All elements of the Dissect View, including the parent task, current
task, subtask hierarchy, and Milestone achievement bar, share the same
time axis as the original Task View. Panning and zooming are always
synchronized across all elements, ensuring that analysts maintain their
temporal orientation throughout the analysis. The shared axis enables
vertical scanning, where at any time position, analysts can simultane-
ously observe which subtasks are active, what Milestones are being
achieved, and what the parent task is doing, making cross-component
causal relationships readable through visual alignment rather than men-
tal reconstruction.

Concrete example. Toggling a selected L1VROB[3] task (req_in,
*mem.ReadReq) into the Dissect View (see Figure 4), the Milestone
achievement bar reads its execution as consecutive phases. Clicking
a Milestone reveals its attributes. For example, Milestone 1 (queue,
head) is followed by Milestone 2 (hardware_resource, the ROB
Buffer), showing the task first waited in the queue and then for a buffer
slot. As each subtask is labeled with its owning component, the cross-
component subtask hierarchy makes visible how a task depends on work
carried out in other components, addressing DG1. It also addresses
DG3 by consolidating multi-level navigation into a single view.

7 USER STUuDY

We validate the utility of our Milestone abstraction and subsequent vi-
sualizations through a user study with six GPU architecture researchers:
five doctoral students and one researcher holding a PhD, with GPU
research experience ranging from 1-3 to 5+ years. All had GPU-
simulation experience; four were familiar with Daisen, and two had
limited prior exposure. Three participants had participated in the re-
quirement study, while three were new. Detailed participant back-
grounds are provided in the supplementary materials. This study was
approved under the same IRB protocol as the requirements study.

7.1 User Study Method

Sessions were conducted remotely via Zoom, recorded with participant
consent, and lasted about 60 minutes each. Each session followed
a semi-structured format. We began with background questions: for
returning participants, whether they had continued working with perfor-
mance analysis since the first study, and whether they recalled specific
pain points; for new participants, their research context, simulator
usage, and typical diagnostic workflow. We then provided a brief
overview of the four new features (the redesigned dashboard, blocking
reason analysis, Milestone markers on task bars, and the Dissect View).
Next, participants were given a simulation dataset and asked to identify
performance bottlenecks with supporting visual evidence using the new
features, while sharing their screens. The session closed by asking
participants to reflect on whether the new features helped them validate
their performance analyses compared to the previous version of Daisen.
We transcribed all sessions and analyzed them using the same open-
coding approach as in the requirement study. Two researchers inde-
pendently coded the transcripts, identifying recurring themes related
to analytical capability, validation strategies, and remaining barriers.
Codes were discussed and consolidated through iterative comparison.
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7.2 User Study Findings

All participants engaged with the new features along the intended
workflow and demonstrated independent analytical reasoning without
intervention throughout the sessions. We organize our findings around
four layers of invisibility that the system exposes (see Figure 5), each
capturing a different reason why causal information goes missing. In-
visible data is what the original Daisen system did not record. Invisible
reasoning is the inference the analyst makes mentally, but the tool never
shows. Invisible causation is a causal chain spanning levels the analyst
cannot simultaneously view. Invisible barriers are expertise gaps that
keep users from interpreting what is shown. Each finding below maps
to one layer; we revisit the framework in Section 8.

Invisible

Transient execution states

solve without producing any record in the trace data

Invisible Prior work + Milestone abstraction

Expert inferences remain internal; mental corrections are neither surfaced nor

captured by the tool

Invisible

Causal links across hierarchical levels are lost during drill-down navigation.

Invisible

Evidential and terminological expertise gaps are conflated into a single barrier

Figure 5: A conceptual characterization of layers of invisibility in expertise-
intensive visualization.

7.2.1

In the requirement study, all participants confirmed they could not
validate their analysis through Daisen alone, relying entirely on prior
expertise instead. In this study, both P1 and P2 demonstrated rea-
soning directly from visual evidence. P2 described a clear inference
strategy: “Whichever blocking reason has a larger proportion in a
branch, I conclude it is a bottleneck,” and independently identified a
component-level bottleneck from the dashboard by explaining, “The
ROB has average per task 1.7 and 1024 tasks, so it should be the bot-
tleneck for this benchmark.” P3 used the blocking reason distribution
to confirm a prior hypothesis: “Our intuition is that it is because of
the queue, and this gave us the reason. It is just what our intuition
was correct.” P3 went further, articulating how the visualization could

Participants identified bottlenecks from the visualization.

redirect research priorities: “In the past, it’s like the researcher; they
found that, okay, we think that TLB is a bottleneck. Then we analyzed,
and we found the evidence to prove our idea is correct. If we have a tool
like Daisen, it can instead tell us what the performance bottleneck is,
and then give them the research direction.” This shift, from researchers
seeking evidence to confirm pre-existing hypotheses to the visualization
proactively surfacing bottlenecks, illustrates a qualitative change in the
analytical workflow.

P1 assessed the blocking reason flow as the most actionable part of
the new design: “I can indicate what the relationship is between dif-
ferent blocking reasons, and I can further double-check them from the
parts below.” P1 demonstrated this by panning the task view temporally
and observing that two blocking reasons (hardware_resource and
network_busy) disappeared after a peak in concurrent tasks, indepen-
dently concluding that these blocking conditions were concentrated in
a specific execution phase. P5, navigating the blocking reason analysis
in an address translator component, identified two dominant blocking
categories and stated: “There are two bottlenecks. The first one is
translation, and the second is data.”

Across these participants, we observe that analysts in our study could
form specific, component-level performance judgments directly from
the blocking reason visualization, without relying on external analysis
or prior familiarity with the workload. Our study confirms the invisible-
data layer was addressed: the evidence analysts previously lacked is
now present and directly readable.

7.2.2 Milestones made execution dynamics explicit.

First, participants were able to identify which blocking reason domi-
nated execution within a component. P3 reasoned from the blocking
reason stacked bar, and said “If can give us some intuition on which
one dominates our performance bottleneck inside this ROB.” P3 also
recognized that the temporal visualization captured a phenomenon dis-
cussed in prior architecture research: “In some prior MICRO paper,
they talk about how the performance bottleneck changed along with the
execution, so it’s not like if it is always an ALU bottleneck. I think this
figure can show the same intuition that they gave.” This observation
validates that the blocking reason analysis captures execution dynamics
that were previously accessible only through manual data extraction.
P3 confirmed this directly: “In the past, I usually draw the data and
then just manually do it.”

Second, participants were able to reconstruct the temporal sequence
of blocking states within a single task. P3 read the Milestone sequence
on a task bar and derived the execution narrative without guidance, “It
means that in the beginning, when we issue to this component, we waste



our time on the queue, and when we commit this one from this compo-
nent, most of the time we spend is on dependency.” P1 independently
connected a Milestone marker to a subtask transition: “I see a Mile-
stone named translation. So I assume at this time point, a translation
request has been finished, because the translation keyword disappeared
at this time point. Furthermore, I see a Milestone point here [that]
indicates there should be something about translation happened.” P1’s
reasoning chain, connecting a Milestone’s label to the disappearance of
a subtask type, demonstrates that Milestones bridge the gap between
task-level observations and causal explanations.

Third, participants were able to connect blocking evidence to ar-
chitectural causes. P3 recognized the architectural implication of a
translation Milestone immediately: “Oh, translation. That makes sense.
It is address translation, so it will wait for TLB.” P6 described a sce-
nario where blocking analysis would be essential: “When they consider
the multiple GPU system, they will have communication between these
multiple GPU processes... 1 can know what happened exactly, and
what'’s the reason why it stopped sending the new message. So maybe |
think it can give me an explanation.” P2 confirmed that these capabili-
ties together addressed the core validation problem from the first study:
“I think it has been solved, largely solved this problem already.” The
qualifier “largely” is worth noting: P2 recognized that while the Mile-
stone abstraction substantially closes the gap between observation and
causal reasoning, some analytical steps still require domain expertise
that visualization alone cannot replace. Overall, being able to connect
evidence with architectural behavior corresponds to the invisible rea-
soning layer: inferences once performed silently became observations
readable from the visualization.

7.2.3 Participants were able to trace causal relationships
across hierarchical levels without losing context.

In the previous interface, multi-level navigation was a persistent pain
point. P1 described his experience with the earlier interface: “After a
period of time, when I find my clues and I want to go back, 1 will fully
lose my way. I have no idea how to go back to that certain task view
again, because each parent may have multiple children, and if we just
go to the top layer, it is hard to find the way back.” The Dissect View
resolved this problem. In this study, P1 stated, “I love this feature, to
be frank,” and noted that analysis had become reproducible: “Under
this feature, I think most of the analysis is reproducible. We made some
analysis, and I can double-check them again and again, and see exactly
the same feature again.” The word “reproducible” is important to note
as it indicates that the Dissect View transforms performance analysis
from a one-shot exploration into a verifiable, repeatable process. P2
confirmed: “This is much better than before. Navigating subtasks is
much more convenient. I can also see the task hierarchy clearly and
identify where problems might occur.” P3 noted that the hierarchical
view eliminated manual reconstruction: “In the past, I will click in,
click out, and draw a figure by myself to find it. And this one can have
us automatically do it.” P6 echoed this: “If you don’t have this function,
you have to click this subtask again and again to get the next one.”

Across all participants who commented on the Dissect View, the
consistent theme was that consolidating hierarchical navigation into a
single, temporally aligned view removed a structural barrier to multi-
level causal tracing that had previously forced analysts to maintain
context mentally or through external tools. Combining multi-faceted
data into one view maps to the invisible-causation layer: causal chains
that previously had to be reconstructed mentally are now visible in a
single aligned view.

7.2.4 The new features reduced but did not eliminate reliance
on domain expertise.

P2 described a general analysis workflow that the visualization now
directly supports: “First I will look at which component takes more
time, then go into it, and then look more carefully at which blocker takes
more time, and which subtask takes longer, and figure out which GPU
component needs to be optimized.” P2’s top-down strategy, from com-
ponent overview to blocking reason to subtask inspection, is precisely
the analytical flow encoded in the system’s multi-level design.

P1, who has spent over 100 hours using Daisen, confirmed the
features were effective for experienced users. Meanwhile, they noted
that users without a solid background in GPU architecture may still
struggle to interpret the terminology, suggesting that documentation or
in-tool guidance (such as hoverable explanations) would be beneficial.
P4, who had less GPU architecture experience, corroborated this: “Ir
feels a bit like there’s no guidance. Newcomers would still struggle.” P2
made a related observation about the Milestone abstraction: “Looking
at this chart, I can tell which blocking reason has a larger proportion,
so I conclude it is a bottleneck. But I don’t need to understand the
Milestone concept itself to reach that conclusion.” This finding suggests
that the blocking reason visualization is intuitive in its visual encoding,
even when the underlying data abstraction is unfamiliar, though users
would benefit from explicit guidance connecting the two. P6 similarly
noted: “If the blocking analysis is necessary for the researcher, then |
can know what happened exactly. I think it can give me an explanation.”
P6’s framing of the visualization as providing “an explanation” rather
than merely displaying data captures a key outcome of the redesign:
the system shifts from showing what happened to articulating why,
reducing the inferential burden that previously fell entirely on the
analyst’s expertise.

From blocking evidence to optimization. The blocking evidence
also points analysts toward the lever to adjust. When translation
dominates on an address translator, the indicated lever is translation
or TLB capacity. The tool localizes the bottleneck and the responsible
resource, while selecting the precise fix still draws on architectural
expertise, as P4 observed that they could tell a task was blocked on
data yet not how to optimize it. This result maps to the invisible-
barriers layer. The evidential barrier was largely removed, leaving a
terminological barrier discussed in §8.

8 DiscussION

We discuss how analyzing what remained invisible at both specific and
abstract levels informed our design.

8.1 Towards a Characterization of Invisibility in Expertise-
Intensive Visualization

Visualization research [5, 11,37,41] in expertise-intensive domains
has long recognized that analysts bring substantial background knowl-
edge to their interpretation of visual displays. For example, Lin et
al. [20] have examined how expert practitioners perform implicit “men-
tal corrections” during analysis, drawing on internalized knowledge
that remains structurally unrecorded in the visualization system itself,
and personal knowledge routinely supplements and sometimes con-
tradicts what the visualization shows. The KAVA framework [11]
has proposed that expert knowledge can be inferred from observable
analytic behaviors at runtime. These contributions share a common
concern: something important is invisible, and that invisibility impedes
analysis. Our work suggests that invisibility in expertise-intensive visu-
alization is not a single phenomenon but operates at distinct layers, each
with different causes and requiring different design interventions. The
four layers we propose may help designers in other expertise-intensive
domains diagnose where their tools fall short.

Invisible data. The most fundamental form of invisibility occurs
when the states analysts need to reason about are never recorded. In
GPU performance analysis, transient blocking conditions resolve dur-
ing execution without producing any trace record. No visual encoding
can surface what does not exist in the data. This layer is invisible, not
because of a design choice to hide information, but because the instru-
mentation was never built to capture it. The appropriate intervention
is data primitive design: defining new abstractions, such as our Mile-
stone, that convert transient states into persistent, queryable records.
Our requirement study confirmed this diagnosis: all four participants
could form hypotheses but could not validate them, not because the
visualization was inadequate, but because the underlying data lacked
the causal information they needed.

Invisible reasoning. Even when data is present, the inferential
steps that connect observations to conclusions may remain internal
to the analyst. An experienced GPU architect who sees a timing gap



on a task bar may immediately recognize it as cache contention, but
this reasoning is neither visible to others nor captured by the tool.
Prior work has addressed this layer through knowledge repositories,
annotation systems, and recommendation mechanisms that attempt to
externalize and share expert reasoning. Our work does not directly
address this layer, but the Milestone abstraction partially reduces its
scope: by making blocking reasons explicit in the data, it converts
some inferences that were previously invisible (performed entirely in
the analyst’s head) into observations that are visible (readable from the
visualization). Recall that P3’s comment that “our intuition is that it
is because of the queue, and this gave us the reason” illustrates this
conversion: what was previously an unsupported intuition became a
verifiable observation.

Invisible causation. In systems where behavior emerges from chains
of interacting components, the causal relationships connecting a root
cause to an observable symptom may span multiple levels of a hierar-
chy. An analyst examining a slow task in one component may need
to trace through parent tasks, subtasks, and cross-component depen-
dencies to identify the underlying cause. Even when each individual
level is visible, the causal alignment across levels may not be. In the
previous Daisen interface, analysts could inspect any single level but
lost context when navigating between levels, making it impossible to
hold the full causal chain in view simultaneously. The Dissect View
addresses this layer by encoding the parent-subtask-Milestone structure
in a single, temporally aligned layout that supports vertical scanning
across hierarchical levels. P1’s observation that this made analysis
“reproducible” reflects the shift from navigation that consumes causal
context to navigation that preserves it.

Invisible barriers. The expertise gap itself can be invisible to tool
designers. The conventional framing treats domain knowledge as a
monolithic prerequisite: either users have enough expertise, or they
do not. Our two-phase study revealed a finer structure. In the require-
ment study, the barrier was evidential: the data lacked the information
analysts needed, and no amount of expertise in using the tool could
compensate. In the evaluation study, the evidential barrier was sub-
stantially resolved, but a terminological barrier remained: users could
read the visual encodings but struggled with domain-specific labels
like “dependency” or “network_transfer.” P2 could identify bottlenecks
from blocking proportions without understanding the Milestone con-
cept itself. Collapsing these two barriers into a single “expertise gap”
obscures the fact that they require fundamentally different interventions.

These four layers are not exhaustive, and we do not claim they con-
stitute a complete taxonomy. Other forms of invisibility likely exist
in other domains: invisible assumptions in model-based analysis, in-
visible biases in data collection, or invisible constraints imposed by
tool architecture. Rather, we offer this characterization as a diagnostic
lens. When a user study reveals that analysts “cannot validate their hy-
potheses,” the layers suggest distinct questions, such as “Is the relevant
data captured at all? Are the inferential steps externalized? Is causal
alignment preserved across levels? Is the barrier evidential, termino-
logical, or something else?”” Each question points toward a different
class of design intervention. In our case, recognizing that the primary
barrier was invisible data, rather than invisible reasoning or inadequate
visual encoding, redirected our design effort from representation to
instrumentation, and the Milestone abstraction was the result.

8.2 From Invisible Evidence to Unfamiliar Terminology

A key outcome of our study is that the nature of the expertise barrier
shifted. In the requirement study, the barrier was evidential. Recall
that our participants had the knowledge to form hypotheses but lacked
visual evidence to verify them. P1 arrived at conclusions “based on
close familiarity with Daisen’s internals,” P2 through “research and
professional experience.” The visualization could not help because the
relevant information was absent. In the evaluation study, the evidential
barrier was substantially lowered. Participants formed and verified
performance judgments directly from the visualization. P2 identified
bottlenecks from blocking distributions. P3 confirmed prior intuitions
from the stacked bar chart. P1 traced Milestone markers to subtask
transitions. The information was now present, and analysts used it.

The remaining barrier, however, was terminological. P1 noted that
“users without a solid background in GPU architecture may still strug-
gle to interpret the terminology,” and P4 observed that newcomers
would find the system difficult without guidance. P2 made a partic-
ularly revealing observation: the blocking reason visualization was
interpretable without understanding the Milestone concept itself. P2
could read proportions from the stacked bar chart and conclude which
reason dominated, even while finding the Milestone abstraction "not
very intuitive" as a concept.

As characterized in our discussion of invisible barriers (Section 8.1),
the expertise gap is not monolithic: the evidential barrier that dom-
inated in the first phase and the terminological barrier that emerged
in the second require fundamentally different interventions. This de-
composition carries a practical implication for visualization researchers
working in expertise-intensive domains.

When user studies reveal that analysts "cannot validate their hypothe-
ses," the natural response is to improve the visualization: adding views,
refining encodings, or supporting new interactions. Our experience
suggests that designers should first diagnose which type of barrier is
operating. If experts can form hypotheses but cannot find confirming or
disconfirming evidence, the problem is upstream of the visualization,
in the data itself, and no visual redesign will resolve it. The appropriate
intervention is to define new data primitives that capture the missing
states. If, on the other hand, the evidence is present but users struggle
to interpret domain-specific labels or concepts, the problem is down-
stream, and the appropriate intervention is pedagogical: glossaries,
guided onboarding, contextual tooltips, or progressive disclosure that
introduces terminology incrementally. We propose that future design
studies in expertise-intensive domains explicitly diagnose which type
of barrier accounts for observed analytical failures, as each demands a
distinct design response.

8.3 Limitations

Four limitations bound our findings. (1) Our design and evaluation
use MGPUSim/Daisen. Validation across other GPU simulators, CPU
architectures, and distributed systems is needed. (2) Our six-participant
study included three returning participants, limiting generalizability and
potentially introducing priming. Returning participants enabled direct
before-and-after comparison, while three new participants partially mit-
igated this risk. (3) The expert-derived Milestone taxonomy may omit
architecture-specific blocking behaviors. Broader workloads are needed
to test its coverage. (4) We evaluated traces from hundreds of MB to a
few GB. On-demand expansion and per-component aggregation limit
load, but substantially larger traces remain unevaluated.

9 CONCLUSION

We presented a visual analytics system that exposes the causal layers
underlying GPU behavior. Central to the system is the Milestone data
abstraction, a primitive that records the moment each blocking con-
dition resolves, encoding both what became available and what had
been blocking progress. Three visualizations build on the Milestone
abstraction: (1) Blocking Summaries locate where and when blocking
concentrates, (2) Blocking-Reason Analysis reveals dominant blocking
patterns and their temporal evolution, and (3) the Dissect View enables
hierarchical causal tracing without loss of context. Our two-phase study
with GPU architecture researchers showed a qualitative shift in analyt-
ical capability. Participants who previously relied on prior expertise
could now form and verify performance judgments directly from visual
evidence, leaving a barrier that is terminological rather than evidential.
Our central methodological claim is that in expertise-intensive domains,
the visualization design problem can begin upstream of visual encoding,
at the level of what data to capture. When the causal states analysts
reason about are transient and absent from standard traces, defining
a data primitive to record them is a core part of visualization design,
and the Milestone abstraction generalizes to other domains where ana-
lysts reason backward along causal chains that current instrumentation
leaves invisible.



SUPPLEMENTAL MATERIALS

We provide the following supplemental documents to support the repro-
ducibility of our two studies. We also archive all materials on OSF at
https://doi.org/10.17605/0SF.I10/U85H3 under a CC BY 4.0
license.

Supplement S1 (Study Guide). S1 contains the full interview
protocols for both the requirement study (Section 4) and the evaluation
study (Section 7), including the consent scripts, the question lists,
the four scenarios with their Daisen views, and the four low-fidelity
mockups we showed as a fallback elicitation aid during the requirement
study, placed alongside the scenario to which each applies.

Supplement S2 (Demonstration Video). S2 is a screen-recorded
walkthrough of our system, demonstrating the redesigned Daisen dash-
board, the Blocking-Reason Analysis, the Milestone markers on task
bars, and the Dissect View on an example simulation trace.

Supplement S3 (Coding Results and Participant Backgrounds).
S3 contains the open-coding results for both studies, organized as
themes, findings, participants, and supporting quotes, together with
per-participant background for both studies, covering prior Daisen
experience, years of GPU research experience, and degree.
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