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Abstract
Performance engineering often involves localized, bottleneck-based
optimization, supported by a plethora of tools. When no apparent
bottlenecks exist, engineers resort to coarser whole-program op-
timization, consisting of data layout, sparsity, allocation strategy,
and algorithmic modifications, to name a few. In this work, we aim
to codify whole-program optimization by providing three global
views based on a single tracing format. The format, called C.A.T.S.,
captures information necessary for static and runtime analysis of
large applications. Instead of call stacks and function annotations,
C.A.T.S. uses control flow stacks and memory events to identify com-
mon performance anti-patterns and potential optimizations. We
develop interactive timeline, dataflow, and access visualizations, and
implement compiler analysis passes to extract C.A.T.S. traces stati-
cally and in seconds on consumer hardware. The visualizations and
analyses are demonstrated on case studies including sparse compu-
tations, hydrodynamics and climate modeling, yielding 3×memory
footprint reduction, improvements in communication-computation
overlap, code fusion, and data layouts.

CCS Concepts
•Human-centered computing→ Visualization; •General and
reference→ Measurement; Performance.
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1 Introduction
Advances in visualization [42] have helped to improve performance
optimization workflows for HPC applications. By aggregating per-
formance data collected through instrumentation or profiling, visu-
alizations present an abstract summary view of an application’s per-
formance characteristics. This helps performance engineers quickly
identify and locate critical bottlenecks, often using more detailed,
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Figure 1: Memory timeline view helps reduce the number of
GPUs needed for a climate model at 1km resolution by 3.5×.

fine-grained measurements and visualizations for close-up inspec-
tion. After performing optimizations to alleviate a bottleneck, vi-
sualizations help reassess the global picture and identify the next
bottleneck. Performance visualizations are thus a vital tool for such
an iterative bottleneck optimization workflow.

In cases where a distinct bottleneck is missing but performance
expectations are unmet, the optimization workflow is less well-
structured and supported. Such cases typically necessitate more
coarse-grained whole-program optimizations, such as changes to
data layouts and sparsity structures, allocation strategies, or algo-
rithmic structure. Unlike bottleneck optimizations, such broader
changes typically also require a broader context to inform whether
they are likely to be beneficial and can be performed safely.

To provide such context for measurements, performance visual-
izations frequently utilize function call stacks or call graphs [2, 33,
62, 78]. However, for many whole-program optimizations, such as
data layout optimizations, this context is not fine-grained enough.
The optimality of a data layout depends on all surrounding control
flow, including loops and their schedules. Additionally, a layout
change may improve locality for certain accesses, but may nega-
tively affect other accesses, meaning that only highlighting problem-
atic accesses — as is frequently the goal in bottleneck optimization
— does not provide sufficient context.

In this paper, we address this challenge by introducing a trace
format that tracks memory events such as allocations and accesses
in the context of a detailed control flow stack. By capturing con-
trol flow stacks, captured traces can be used to gain a structural
overview of an application and detect performance anti-patterns
common in HPC applications, such as allocations inside of loops.
Control flow stacks capture the repeating nature of loop-based
applications typical for scientific computing, allowing repeating
events to be dropped, reducing trace sizes to a minimum.
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Powered by this trace format, we demonstrate three performance
visualizations geared towards common whole-program optimiza-
tion tasks: A timeline view of memory allocations and accesses,
shown in Fig. 1, helps reduce memory footprint and costly repeated
allocations. A statistical memory accesses type overview helps im-
prove data layouts and storage formats for improved data locality.
A control flow and data dependency view assists in reordering,
replication, or fusion and fission of subprograms, extracting task
parallelism, and improving communication strategies. With a se-
ries of compiler analysis passes we demonstrate how traces can be
collected statically and in seconds on consumer hardware.

A prototype implementation applied to case studies including
numerical weather prediction and shock hydrodynamics demon-
strates how our visualizations can guide effective whole-program
optimization decisions on real-world applications written in For-
tran, Python, and C++. Using our visualizations, we obtain im-
provements in communication strategies, yielding speedup in a
distributed setting, reduced memory footprint for better scaling,
and up to 2.6× speedups over auto-optimized codes.

In summary, our contributions are as follows.

• Identifying necessary information for common whole-pro-
gram performance optimizations, specified in a trace format

• Novel visualization techniques for exploring global optimiza-
tions and finding potential performance improvements

• A set of IR analysis passes to build control flow stacks and
gather memory events statically from Fortran and Python

2 Whole-Program Optimization
Whole-program performance optimization takes on many forms,
requiring various different insights into specific program character-
istics. The most common whole-program optimizations typically
performed for HPC applications [46] can be broadly divided into
four categories: improving data movement and communication,
increasing coarse-grained parallelism, reducing memory footprint,
and mitigating performance anti-patterns. We discuss each of these
categories and the specific optimization tasks they entail, together
with the program information required for them below and give an
overview of them in Fig. 2.

Reduce Data Movement & Communication. Data movement and
communication have become the primary causes of performance
issues in HPC applications in recent years [82]. A crucial step in
optimizing whole-program performance is thus often to improve
the medium- and long-range data reuse and minimize the costs
of communication [29, 56]. Various techniques help achieve this,
but most frequently this results in code reordering, rescheduling
(e.g., loop/kernel fusion and fission) [44], or introducing recom-
putation [79]. This is challenging without knowing about data
dependencies between individual program parts. Additionally,
identifying long-range data movement issues requires an overview
over the data reuse in an application. A common metric used to
measure this is the reuse distance [20, 67, 76], which reports the
number of distinct data elements accessed between two accesses
to the same data element, similar to the stack distance for LRU
caches [59]. To get this information, insight into the data accesses
performed by an application is required.

Figure 2: An overview of common whole-program perfor-
mance optimizations, the information they require, and how
the visualizations presented in this paper support them.

Increase Coarse-Grained Parallelism. If exploiting data parallelism
is not enough to fully utilize the available hardware, a common
optimization is to increase the amount of exploited task paral-
lelism [18, 80]. As with exploiting data parallelism, this requires
insight into the data dependencies between parts of an application
that may be defined as separate tasks.

Reduce Memory Footprint. Especially in data-intensive HPC ap-
plications, the memory footprint of an application can be problem-
atic [84, 90]. An excessively large memory footprint can prevent or
negate the benefits of offloading to accelerators [77], or lead to com-
munication overhead as the problem needs to be distributed across
more nodes. Excessive memory consumption is not always a di-
rect performance threat for smaller problems or individual kernels,
but can lead to prohibitively large resource requirements when
scaling HPC applications to larger problem sizes [7]. Often, the
available resources limit the scaling that can be achieved, as we will
demonstrate in Section 6.2. Whole-program optimization thus fre-
quently includes reducing this footprint through optimizations such
as memory pooling, reusing no-longer-used buffers [7], or introduc-
ing recomputation [88]. Performing these optimizations requires
knowledge about when and where memory is being allocated and
de-allocated, as well as when memory is being accessed or ‘used’.

Mitigate Performance Anti-Patterns. Finally, applications can con-
tain performance anti-patterns that inhibit performance at the hard-
ware level or prevent crucial compiler optimizations. One of the
most common anti-patterns for HPC applications is the use of in-
direct or non-contiguous loop-based data accesses. Scientific com-
puting algorithms often have complex loop structures where the
required iteration order may not align well with physical data lay-
outs [14, 47, 63]. Similarly, the prevalence of sparse computations of-
ten leads to the use of indirect data accesses, which, especially when
offloaded to accelerators, can cause uncoalesced accesses and low
utilization. Addressing this often necessitates changes to sparsity
structures [27, 68] or fundamental algorithmic changes [17, 30, 66].
Detecting such anti-patterns requires knowledge about data ac-
cesses in the context of the control flow around them.
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Additional common anti-patterns include allocations or the use
of data-dependent branching inside loop nests [32, 83], the latter
causing performance-degrading thread-group divergence in the
context of GPU applications. Detecting either of these anti-patterns
requires an overview of the application control flow, while the
former additionally requires an overview of allocations in the
context of that control flow.

3 Control Augmented Trace Structure – C.A.T.S.
Based on the aforementioned requirements, we specify the Control
Augmented Trace Structure (C.A.T.S.), which is able to capture and
provide this information. The overview in Fig. 2 shows that the
required information falls into three categories: information about
memory usage (allocations and accesses), control flow, and data
dependencies. Since data dependencies can be obtained efficiently
through various program analysis techniques [6, 10, 25, 72], the
trace format must primarily capture memory usage and control flow
information.

3.1 Memory Events
A C.A.T.S. trace can capture the necessary memory usage informa-
tion with two types of memory events: memory allocation events,
and memory access events. Memory allocation events occur each
time memory is being allocated or de-allocated. An allocation event
records a unique identifier for each allocation and corresponding
de-allocation, together with the number of bytes and the type of
memory being allocated. A memory access event occurs on each
access to allocated data. Each access event records a unique identi-
fier of the allocated data being accessed, which corresponds to the
identifier recorded by an earlier allocation event. Memory access
events further record whether the access reads or writes memory,
the offset of the access to the base address of the allocated memory,
and the number of bytes written or read.

3.2 Control Flow Stack
To capture control flow information, tracing and profiling tools of-
ten utilize call stacks as a proxy [2, 9, 33, 62, 78]. Tracking function
invocations and constructing a call graph, or calling context tree,
contextualizes performance metrics and gives a structural overview
of the application. However, HPC applications are often dominated
by loops, which are core to many performance anti-patterns, includ-
ing repeated allocations or, in the context of GPUs, data-dependent
branching that causes divergence. Detecting these anti-patterns re-
quires a more fine-grained structural view of the application control
flow that includes loops and branching.

To capture this information, each C.A.T.S. event is associated
with a detailed control flow stack that captures the exact control
flow context at the time of the event. The control flow stack con-
tains a reference not only to each function in the call leading to
the event, but also each surrounding loop, conditional branch, or
parallel region. Together with each reference, information about
each construct is stored, such as function parameters or loop itera-
tors. This gives a global picture of the control flow leading to each
measurement or event, which helps detect common anti-patterns
such as allocations inside of loops.

Figure 3: Example of a C.A.T.S. memory access event, includ-
ing a control flow stack with symbolic offset information.
3.3 Recording C.A.T.S. Traces
Program tracing is typically performed in one of two ways: either at
program runtime through instrumentation [2], or through symbolic
analysis [24, 38]. Recording C.A.T.S. traces through either method
has its advantages and disadvantages. Runtime-based tracing has
the benefit of recording empirical, concrete program behavior, in-
cluding any effects of compiler optimizations or data-dependent
execution. Events gathered during runtimemay also uncover effects
such as pointer aliasing, something that is challenging to handle
with symbolic program analyses. The downsides of runtime-based
tracing are the time and space complexity involved. HPC applica-
tions may take a long time to execute, require specific hardware to
run, and generated traces may become prohibitively large.

Control flow stacks allow us to address the space complexity by
associating each C.A.T.S. event with a detailed control flow context.
Allocations are tracked with the intention of detecting anti-patterns
and obtaining the maximum memory footprint, so we can capture
unique instances, in which an allocation occurs based on a unique
control flow stack profile. Control flow stacks encode the necessary
information to extrapolate if an instance is executed repeatedly.

Similarly, since data accesses are recorded to understand where
buffers may be reused or pooled, or how data layout changes may
affect data locality, only unique instances of each data accessing in-
struction needs to be recorded. For example, assuming the memory
access event shown in Fig. 3 has been recorded, any subsequent
firing of the same event, i.e., the same identifier with the same offset
and numbers of bytes read, where the control flow stack matches
the already recorded event does not need to be recorded. This effec-
tively means that the size of a C.A.T.S. trace correlates with the
size of a program, i.e., the number of source lines of code, and
does not grow for a longer-running, heavily loop-based application.

Detecting data access anti-patterns, specifically loop-based non-
contiguous accesses or indirect accesses, can be difficult with run-
time traces. Identifying these accesses and classifying them cor-
rectly requires establishing a semantic connection from an access
to surrounding loops, or to other accesses. Specifically, it must be
possible to determine how the offset from a given base address
associated with a data access depends on its surrounding loop it-
erators, or if it depends on a different data access. This is easily
possible with symbolic trace construction by capturing the offsets
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with allocations are accessed as symbolic expressions. Such a sym-
bolic offset expression may contain various constants and symbols,
where some symbols may be the identifier of a different data access,
exposing indirect accesses, or may correspond to loop iteration
variables. Additionally capturing the start, stride, and end of loops
in the control flow stack as symbolic expressions, where possible,
shows how loops surrounding a data access influence the offset,
consequently exposing possible non-contiguous accesses. An exam-
ple of a C.A.T.S. memory access event with symbolic offset and loop
information is shown in Fig. 3, demonstrating how the symbolic
information exposes a loop-based non-contiguous data access.

Both runtime-based and symbolic trace construction are vi-
able options for the effective whole-program performance anal-
ysis. However, to gain a global picture of the type of data access
patterns in the application, the described symbolic information on
data access offsets and loops is required. With recent works [11] it
is also feasible that symbolic information can be added at runtime,
potentially enabling a combined approach. We discuss the imple-
mentation of both runtime and static C.A.T.S. tracing in Section 5.

4 Visualizing Whole-Program Performance
With the varying program insights required to inform different
whole-program optimizations, a single performance visualization
that aims to show all that information would result in an “informa-
tion overload”. On the other hand, simply providing an overview
over individual program metrics may not be enough context to
inform concrete optimizations. To avoid this, we aim to provide
a task-oriented performance visualization that provides actionable
information with respect to specific whole-program optimization
tasks. We do this by introducing three separate visualizations, each
designed for a specific subset of the common whole-program opti-
mization tasks identified in Section 2, as shown in Fig. 2. Each of
these visualizations is discussed in detail in the following sections.

4.1 Memory Timeline
The memory footprint of HPC applications is an important factor,
since a large memory consumption may introduce significant com-
munication overhead or lead to prohibitive resource requirements
when large problem sizes are tackled. Resource availability thus
imposes an upper bound on the problem size that can be solved, as
we will observe in a case study on km-scale weather modeling in
Section 6.2. Heap profilers [15, 62, 71, 74] are frequently used when
trying to optimize an application’s memory footprint to track heap
memory usage over time and store snapshots at various intervals.
These snapshots are then visualized to identify large allocations or
data structures, informing where most of the application’s memory
footprint stems from. Some heap profilers visualize memory usage
with (stacked) area charts [12, 62, 71] to view memory usage over
time, while others use hierarchical views such as trees or icicle
graphs [3] to identify memory usage distribution in hierarchical
data structures. While this helps identify large allocations, answer-
ing the question of if and how the footprint can be reduced usually
requires careful examination of the source code to identify how
and where those allocations are being used — or, more importantly,
not being used.

Figure 4: A schematic of the memory timeline view.

Apart from leading to an excessive memory footprint, large al-
locations are also associated with performance anti-patterns. The
most common anti-pattern centered around memory allocation is
repeated, costly allocations inside loops or loop nests. A timeline-
based traditional heap profiler may capture those allocations and
show them as repeated spikes on a footprint timeline, but only if
heap snapshots are taken at a fine enough granularity and the pro-
gram is observed for a certain duration. Both increasing granularity
and observed duration lead to a significantly larger trace size than
if only the largest snapshots are stored for inspection.

To address these issues, we introduce a novel Memory Timeline
visualization based on C.A.T.S. traces to visualize allocations in
context with the relevant data accesses and control flow information.
The Memory Timeline is a 2D chart where the x-axis represents
time, and the y-axis represents the amount of allocated memory in
bytes. Each tick on the x-axis represents an individual event in the
visualized C.A.T.S. trace, uniformly spaced to provide an abstract
linear timeline view.

Memory allocations are visualized by drawing a colored re-
gion on the chart for each pair of corresponding allocation and
de-allocation events, i.e., events sharing the same identifier. An ex-
ample of this can be seen in the top half of Fig. 4, which shows four
regions on the timeline, corresponding to four pairs of events. The
x-coordinates at which the region starts and ends are determined
by the corresponding allocation and de-allocation events’ position
in the trace, respectively. The width of the region thus indicates
the logical timespan for which the memory is allocated. The height
of each region is relative to the number of bytes being allocated.
To improve readability, region colors are picked from a rotating
color palette based on Kelly’s 22 colors of maximum contrast [49],
skipping white and black, and conditionally occurring allocations
receive a striped pattern. With each new event, regions are stacked
vertically on top of each other as they appear, starting at 𝑦 = 0.
When a de-allocation occurs and a region ends, any regions stacked
on top of it drop down to the top of the next lower region.

Data Accesses. To help inform concrete footprint reduction op-
timizations, such as memory pooling or reusing buffers, we add
information about where which allocations are being used, i.e., ac-
cessed, into the visualization. For each data access event recorded
in the visualized C.A.T.S. trace, a vertical line is drawn on the corre-
sponding allocation at the time of the event. Write or read accesses
are distinguished by drawing solid or dashed lines, respectively.
The example in Fig. 4 shows a total of 5 data writes (solid lines) and
8 reads (dashed lines) drawn on top of the visualized allocations.

By highlighting the portion of an allocation between the first
and last access to it, we indicate the usage lifetime of an allocation.
This addition allows us to immediately see if an allocation is stale
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and may be reused for a set of other accesses. For program inputs
and outputs the highlighted portion is extended to the start or the
end of the timeline, respectively. Using the accesses we can further
derive the median reuse distance [59] for a given allocation by
taking the median of the differences in x-positions between any
subsequent accesses to the allocation. This metric, together with the
allocation’s identifier, size, and the ratio between the usage lifetime
and the allocation lifetime of an allocation is provided contextually
through tooltips.

Control Flow Stacks. To spot performance anti-patterns asso-
ciated with allocations requires knowledge about what control
flow surrounds individual allocations. We include this information
within the same visualization using events from the C.A.T.S. trace,
building a second chart that shares the same x-axis below the alloca-
tion graph. This graph is constructed as an icicle plot [52] from the
control flow stacks associated with each of the events recorded in
the timeline. Each entry in the stack is given a separate horizontal,
fixed-height bar, from the top down. Its left end is determined by
the position of the event where it first appears in a control flow
stack, and the right end by the last event where it appears in the
stack. An example of this can be seen in the lower half of Fig. 4.

By additionally coloring any bars corresponding to loops ( ) in
red, and bars corresponding to conditional branches ( ) in blue, the
entire graph immediately exposes common allocation anti-patterns.
At a glance, it becomes evident when allocation scheduling is sub-
optimal. In the example in Fig. 4, for instance, the presence of
a red bar corresponding to a for loop indicates that two of four
shown allocations occur within a loop and may benefit from being
rescheduled.

4.2 Data Access Statistics
Data layouts or storage formats that do not align well with the
surrounding program schedule are a common performance anti-
pattern, causing poor cache utilization or uncoalesced accesses. This
is particularly the case with indirect accesses or non-contiguous
accesses. To optimize data layouts and improve caching behavior,
one has to detect any data accesses that negatively impact perfor-
mance. However, since changes to data layouts may improve cache
utilization in one place and worsen it in another, it is not sufficient
to point out locations where data layouts lead to suboptimal data
access patterns. Rather, a full overview over all accesses to a given
data structure is needed to analyze the potential tradeoff resulting
from a layout or storage format change.

We provide a visualization that aggregates this information in a
global Data Access Statistics view. The statistics view consists of a
histogram that provides an overview over the number and types
of all data accesses recorded in the C.A.T.S. trace of an applica-
tion. It then further provides various breakdowns of this statistic
by grouping accesses into sub-categories according to the data be-
ing accessed, or which control flow construct (e.g., loop, function,
etc.) an access occurs in. These sub-categories are displayed as a
collapsible tree view, where expanding a tree view node reveals a
histogram summarizing the accesses in that specific sub-category
and a list of corresponding access events. Sorting tree view items
according to the number of a particular type of access helps iden-
tify problematic data structures or program locations. This visual

Figure 5: Control flow data dependency view, showing depen-
dencies of a selected conditional block (right).

ranking and grouping further helps navigate traces for large-scale
applications.

Access Types. We classify each recorded data access event in
a trace into one of four categories based on its symbolic offset
expression. These categories form the histogram buckets, each
bearing significance with respect to data locality:

(1) Constant Accesses are accesses where the symbolic offset
expression contains only constants. They may be an indica-
tion of data that can be privatized into scalar values.

(2) Stride-1 Accesses, also known as linear or contiguous ac-
cesses, are accesses where the offset expression depends on
the loop variables of one or more surrounding loops. Ac-
cesses with such a dependency are considered stride-1, if the
inner-most such loop has a stride of ±1 and its loop variable
appears only as an additive term in the offset expression.
Stride-1 accesses are not associated with a clear negative
performance impact.

(3) Stride-k Accesses, or non-contiguous/strided accesses, are
the inverse of stride-1 accesses. These accesses similarly
depend on surrounding loop variables, but the conditions set
by stride-1 accesses are not met. They indicate a suboptimal
data layout w.r.t. the surrounding control flow.

(4) Indirect Accesses are accesses where a different data con-
tainer is found in the offset expression. The view shows
which data containers are being used in the offset expres-
sions. Indirect accesses lead to hard-to-predict access pat-
terns, causing uncoalesced accesses.

An example of this visualization can be seen in Fig. 6, where the
visualization helps to quickly expose suboptimal data layouts that
can be changed for an easily attainable speedup.

4.3 Control Flow Data Dependency
Long-ranged data reuse or communication overhead in an appli-
cation is frequently optimized with some amount of program re-
structuring, for instance through increasing the overlap between
communication and computation. Such program reordering opti-
mizations require awareness of data dependencies in an application,
as those restrict what can be reordered and how. Data dependen-
cies further dictate where task parallelism can be extracted, where
communication or synchronization is required, and they indicate
where data is reused with what reuse distance.
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To expose this information, we introduce a Control Flow Data
Dependency visualization, which provides a structural overview
of a program together with data dependencies between individ-
ual structural components. Using the event sequence in a C.A.T.S.
trace in conjunction with the control flow stacks attached to each
event, we first construct a hierarchical control flow graph of the
application. This graph consists of basic blocks and three key struc-
tural components, which we discuss below and show in an example
graph in Fig. 5:

Loops are represented with a single loop graph node with
the loop body represented in the form of a separate flow
graph nested inside the loop node.
Conditional branching is similarly represented with a
single conditional graph node, which contains nested flow
graphs for each of the conditional branches.
Parallel blocks are graph nodes that represent regions of
parallelism, such as parallel loops/kernels or task parallelism.
For the latter, each parallel task is representedwith a separate
graph nested inside the parallel block.

Each of these structural components which contain a nested flow
graph can be visually collapsed or expanded to hide or show the
contained flow graph through double clicking. When collapsed, a
tooltip is shown on the component when hovering that summarizes
the contents with respect to points of interest for whole-program
analysis. Specifically, the tooltip summarizes:

(1) Depth of the deepest loop nest
(2) Total number of loops
(3) Number of stride-k and indirect data accesses, respectively
(4) Memory footprint and number of allocations

Visualizing Data Dependencies. Using this control flow graph,
we can visualize data dependencies between structural components
by overlaying data dependency edges on the control flow graph.
An edge is drawn between two nodes in the control flow graph for
any dependency between the pair of nodes, indicating the direction
of the dependency with the arrow direction. Hovering over an edge
indicates which accesses are involved in a given dependency. Since
a large program contains thousands of dependencies, dependency
edges are shown on-demand when a node is activated through
clicking, and are removed again if the node is deactivated. An
example of how data dependencies are drawn between components
can be seen in Fig. 5 (right), and we demonstrate how this view can
be used to improve communication-computation overlap and gain
noticeable speedups in a distributed setting in Section. 6.1.

5 C.A.T.S. Tracers
Capturing the behavior of highly dynamic applications, such as pro-
grams containing sparse computations, typically requires runtime
tracing. However, since whole-program optimizations are by their
nature rarely isolated to a specific program part, evaluating their
impact and informing the next program change usually requires
repeatedly running analyses for the entire application between op-
timizations. With runtime-based tracing and the scale of many HPC
applications, this is a time consuming process that consequently
slows down the optimization workflow. As discussed in Section 3.3,
an alternative to runtime-based tracing is to use symbolic analysis,

Figure 6: Access statistics visualization showing a histogram
of the types of data accesses in LULESH. Data layout changes
reduce the number of stride-k accesses program-wide by 30×.

which, in addition to natively exposing symbolic offsets for data
access categorization, can be performed without program execution.
Given their respective benefits, both means of trace construction
are relevant for HPC applications. We demonstrate either method
of constructing C.A.T.S. traces with two proof-of-concept tracer im-
plementations, which we both discuss in the following paragraphs
and demonstrate on case studies in Section 6.

Runtime Tracer. To construct C.A.T.S. traces at runtime, we im-
plement an instrumentation runtime library and a series of instru-
mentation passes in LLVM, which insert calls to the runtime library
for dispatching trace events. Trace events are dispatched for each
allocation, load and store operation, and for each change of control
flow scopes, i.e., entering and exiting of loops, branching, functions,
and parallel regions (by detecting OpenMP runtime calls). As dis-
cussed in Section 3.3, the runtime library is able to filter generated
events based on control flow stacks to keep the memory footprint
and generated trace size minimal. The library collects traces on a
per-thread basis, and when threads are joined, user-defined crite-
ria (e.g., highest footprint, most accesses, or specific thread-id) are
used to aggregate the traces of individual threads. Using LLVM, this
allows for the construction of traces from any language supported
by LLVM, and instrumentation can be performed per translation
unit, before linkage.

Static & Symbolic Tracer. The static collection of C.A.T.S. traces is
implemented through as a series of compiler analysis passes in the
DaCe compiler [6]. The trace collector operates on the compiler’s
dataflow intermediate representation (IR) to generate trace events
with symbolic data access information. We selected DaCe for this
since the internal IR lends itself well to symbolic analysis and
natively expresses data dependencies, and because the compiler
has frontends for Python, GridTools [35], and Fortran, which are
the backbone of a wide variety of HPC applications.

Since the compiler IR expresses control flow as a state machine
with no specific notion of loops or conditional constructs, a first
analysis pass performs graph-analysis based control flow detec-
tion. This pass identifies loops, including symbolic expressions for
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(a) LULESH: Large allocations in loops and lowmedian usage / allocation time ratio (8.13%). (b) FV3: Median usage / allocation time: 11.7%.
Figure 7: The memory timeline view helps reduce the memory footprint of LULESH and FV3 by 1.6× and 3×, respectively.

loop variables, strides, and bounds, and conditional branches in-
cluding symbolic condition expressions. A second pass constructs
the C.A.T.S. event trace by traversing the program’s instructions
in the order in which the compiler generates instructions during
lowering of the IR. For each access event, the offset is recorded with
a symbolic offset expression, which is how the offsets are expressed
in the IR. A third pass performs data provenance analysis for access
events. The pass extracts the data containers used in indirect ac-
cesses by tracing data dependency information of the IR backwards
until the origin of symbols used in access expressions can be found.

Using these passes, C.A.T.S. traces can be constructed from
Python and Fortran on consumer hardware, independently of the
resource requirements and execution time of an HPC application.

6 Evaluation
We demonstrate the effectiveness of C.A.T.S. traces and the new
performance visualizations using our static trace collector on three
case studies in shock hydrodynamics and Earth system modeling.
An analysis of the HPCG benchmark [39] demonstrates collection
of C.A.T.S. traces at runtime for a highly dynamic application.

6.1 Shock Hydrodynamics
Livermore Unstructured Lagrangian Explicit Shock Hydrodynamics
(LULESH) [48] is a popular proxy application that models represen-
tative workloads in HPC systems. We optimize the Python version
of the application [55], which uses NumPy [37] for array computa-
tions. The program is compiled using a development build of DaCe
based on version 1.0.2, with Python 3.12.2 and GCC 8.4.1. The out-
put of the DaCe compiler’s automatic optimization pipeline serves
as our baseline, and we statically extract a C.A.T.S. trace using our
analysis passes. All single-node performance numbers reported are
the median over 100 executions on a dual-socket compute node
with 2×18 core Intel Xeon Gold 6154 (3GHz) and 384GB RAM, using
a problem size of 𝑆 = 30 and 72 OpenMP threads.

Data Access Statistics. To obtain an initial overview, we inspect
the data access statistics visualization, shown in the top left of Fig. 6.
This view indicates that, over the entirety of the application, there
are more stride-k data accesses than there are stride-1 accesses. This
possible anti-pattern can be further investigated by sorting the tree-
view, grouping by arrays in descending order of stride-k accesses.
The top-most entry is an 𝑆3 × 3 × 8 array B, where 𝑆 represents the
input problem size. Based on the corresponding histogram, shown
in the bottom left of Fig. 6, this array has a total of 9.7 × 105 stride-
k accesses and only 4 stride-1 accesses to it, indicating that the
data layout is likely not ideal. Indeed, looking at the accesses to
that array in the program reveals that most of them carry an offset
expression of the form 24𝑖+𝑐 , where 𝑖 is an iterator of a surrounding
loop, and 𝑐 represents different constants. This shows that loops are
used to index into the 1st (𝑆3-sized) dimension of the array, but the
3rd (size 8) dimension is the contiguous one in memory. Based on
this, we change the layout to make the 1st dimension contiguous in
memory, and as shown in the bottom right of Fig. 6, this improves
the data access behavior significantly. We repeat this process for
each array in the program that has more stride-k accesses to it than
stride-1 accesses, reducing the total number of stride-k accesses by
a factor of 30× (top right of Fig. 6). This allows us to obtain a 1.18×
single-node speedup over the baseline.

Memory Timeline. Creating a new trace after layout optimiza-
tions and visualizing it in the memory timeline view reveals a
maximummemory footprint of 4, 776 ·𝑆3 bytes, where 𝑆 is the prob-
lem size. The symbolic nature of the C.A.T.S. trace allows this to be
used for a scaling analysis, indicating that the maximum footprint
for a problem size of 𝑆 = 30 will be 130.44MB, but rises to 4.78GB
for a 𝑆 = 100 problem size. The usage lifetime for data containers,
indicated with the saturated portions of the bars drawn for each
allocation in Fig. 7a, reveal at a glance that there is likely potential
for reducing this memory footprint. Most data containers have a
usage lifetime that is short compared to the time they are allocated.
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Additionally, many containers of similar size do not overlap in their
usage lifetime, meaning that buffers may be reused to save space.
For instance, a view at the portion of the application where the foot-
print is highest, shown zoomed-in to the right of Fig. 7a, exposes a
collection of 24 allocations of exactly the same size. The sequence
of accesses to these allocations and the resulting usage lifetime
indicates that all accesses can in fact be placed in only 3 of the 24
allocations, removing the need for 21 allocations and reducing the
peak footprint by 21% to 3, 768 · 𝑆3 bytes.

At the same time, the solid red bar at the bottom of the timeline at
the time of these allocations indicates that they are being repeatedly
allocated and de-allocated inside of a loop. This corresponds to
528 · 𝑆3 bytes being allocated and de-allocated in each iteration
of the loop, which can be costly and thus represents a possible
performance anti-pattern. By moving these remaining allocations
and de-allocations to right before and after the loop, together with
removing the need for 21 of these allocations, we gain a speedup
of 1.44× over the baseline.

By repeating this optimization pattern of identifying buffers
which may be fused together, we are able to reduce the maximum
footprint of the application by a factor of 1.6× down to 2, 928 ·
𝑆3 bytes, given a problem size 𝑆 . After additionally moving any
allocations occurring inside of loops according to the timeline to
before the main program loop, this allows us to obtain a total
speedup of 2.38× over the DaCe optimized code.

Control Flow Data Dependency. As the timeline view already
demonstrates in the control flow stacks at the bottom, the appli-
cation consists of a large number of parallel loops which occur
one after another. The control flow overview, a section of which is
shown in Fig. 8a, reveals that most of these parallel loops run over
the same loop bounds, i.e., over the range [0, 𝑆3 − 1]. This means
that any two consecutive parallel loops over the same bounds may
be fused together if there are no data dependencies preventing that.
To investigate whether there are such loops that can be fused, we
inspect any neighborhood of two or more adjacent parallel loops
in the visualization, clicking each of the loops and revealing edges
indicating data dependencies to other control flow elements. Conse-
quently, any two consecutive loops without any edge between them
can be fused together. An example of three selected parallel loops
can be seen in Fig. 8a. Two of the loops shown are consecutive with
the same loop bounds and no dependencies between them, and can
consequently be fused. A third loop, separated by a different loop,
has the same loop bounds and also no dependencies to the other
loop pair. Since there is no dependency between it and the loop
separating it from the other two loops, the code may be reordered
to allow all three loops to be fused together.

In the presence of an edge between two loops, a quick look at
the corresponding code locations can reveal if the dependency is a
simple producer-consumer relationship, e.g., where one loop gener-
ates 𝑁 elements of an array and the subsequent loop reads those 𝑁
elements. In those cases, the loops can also be fused together, and
if the resulting single loop no longer has that array as an output
dependency in the control flow view, the array can additionally be
privatized to a single scalar value, further reducing the memory
footprint. By doing this for all fusible loops we can find in the
visualization, we are able to further reduce the memory footprint

(a) Exposed loop fusion options. (b) Unnecessary blocking collec-
tive operation at start of loop.

Figure 8: Control flow data dependency view of LULESH.

down to 2, 400 · 𝑆3 bytes, which is only half of the original memory
footprint. In addition to that, fusing loop nests together allows the
compiler to perform more vectorization, giving us a total speedup
of 2.6× over the DaCe optimized code.

Optimizing MPI Communication. When run in a distributed set-
ting, the C++ implementation of LULESH [54] communicates be-
tween ranks 4 times in each main time-step loop iteration. The main
time-step loop corresponds to the longest red bar at the bottom
of Fig. 7a. Communication with grid neighbors occurs three times
towards the midpoint of the timeline, while the first communica-
tion occurs in the TimeIncrement procedure right at the start of
each iteration, in the form of a blocking MPI_Allreduce. This ef-
fectively introduces a barrier at the start of each time-loop iteration.
When analyzing the control flow data dependency view, shown in
Fig. 8b, the edges of the TimeIncrement procedure indicate that
the procedure’s output is only read significantly later, when the
rest of the communication occurs. This implies that a non-blocking
MPI_Iallreduce could be used instead, with a corresponding wait
only where the result is needed according to the dependency view.
Not only does this increase the overlap between computation and
communication, it also moves all barrier points closer together. We
implement this change in the C++ version of LULESH and measure
the performance over 10 runs with a problem size of 𝑆 = 30 on
256 HPE Cray EX nodes with 4 NVIDIA GH200 superchips (i.e.,
4×72 Arm Neoverse V2 Cores at 3.4GHz with 4×128GB RAM) each.
Running with 2197 ranks and 32 OpenMP threads each, we observe
a 5% speedup over 1000 time steps, which corresponds to a 10%
reduction in the overall communication overhead. The speedup
varies with the amount of work imbalance in the grid, with more
imbalance leading to a more significant speedup.

Trace Construction. Constructing the traces used for these analy-
ses takes only 24 seconds on a consumer-grade development ma-
chine, and generates a trace of 395KB. Running the data provenance
analysis to facilitate construction of the access statistics takes an-
other 70 seconds. Performing a memory footprint analysis with
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conventional heap profilers, such as Valgrind [62], takes 41 minutes
on the same machine and generates a trace at least 30× larger, slow-
ing the program down by two orders of magnitude over execution
with no profiler. Using HPCToolkit [2], constructing a trace takes
less time with 24 minutes when sampling every 10,000 instruc-
tions, but the generated trace is 4× larger than that of Valgrind. An
overview of the different tracing times and generated trace sizes for
different tracers when applied to LULESH can be seen in Table 1.

6.2 Kilometer-Scale Weather Modeling
The Geophysical Fluid Dynamics Laboratory’s (GFDL) Finite-Vol-
ume Cubed-Sphere Dynamical Core (FV3) is a numerical weather
prediction code that forms the foundation of the Next Genera-
tion Global Prediction System project [45]. One crucial challenge
with Earth system modeling remains increasing the grid resolu-
tion. Since the dynamical core is mostly memory-bound, increasing
the number of grid points per GPU increases the performance,
both due to individual GPU utilization and effective grid size with
the same HPC resources. We analyze and optimize the memory
footprint for Pace [61], which is the GFDL’s actively developed
Python implementation of FV3 using GridTools [35], currently the
fastest performing version of the model. Even running Pace at just a
51.2km resolution with 79 atmospheric levels, which corresponds
to roughly 15 million grid points, requires 60GB of GPU memory.
Scaling up to a 25.6km resolution increases the memory footprint
to 240GB (39.94GB per rank), requiring the use of at least 3 NVIDIA
H100 GPUs with 96GB of HBM3 memory each to run. This leads
to the available hardware either limiting the model resolution, or
significant underutilization of GPU compute abilities due to the
high GPU memory consumption.

By statically analyzing a 25.6km resolution configuration of Pace
with our memory timeline visualization, a global view of which
is shown in Fig. 7b, it becomes clear at a glance that memory is
not being used efficiently. The visualization shows only a small
band of allocations that are being used for the entire duration of
the application, indicated by the region of saturated colors at the
bottom of the timeline. These allocations correspond to the inputs
and outputs of the program and only make up 6.56GB, or 16.4% of
the maximum memory footprint for a single rank. The remaining
83.6% of the consumedmemory is made up of temporary allocations,
which are allocated for the entire duration of the program lifetime
to avoid the anti-pattern of allocating inside of a loop nest. Each
of these temporary allocations is only used for a fraction of their
allocated time, and they are all similar in size, most with a size
of 93.3MB. The pattern of the saturated versus unsaturated color
regions in the visualization allows us to quickly identify that the
actual maximum memory requirement, assuming optimal reuse, is
thus significantly lower than 39.94GB per rank.

To manually optimize the footprint, we use the visualization
to first identify an array 𝐴 with a low usage lifetime to allocation
lifetime ratio 𝑅𝑈 /𝐴

𝐴
by looking for regions with a small amount of

saturated colors. We note the size of the array, |𝐴|, and visually scan
the allocation graph horizontally from the end of the allocation’s
usage lifetime to the end of the graph. Each time we encounter a
non-overlapping usage lifetime of a different array 𝐵 with the same
size |𝐵 | = |𝐴|, we greedily move all accesses to 𝐵 to instead access

Figure 9: Footprint reduction helps achieve 3.5× reduction in
the number of H100 GPUs required to run FV3 at km-scale.

𝐴 with a find-and-replace operation on the code. This enables the
removal of 𝐵, saving on memory footprint while increasing 𝑅𝑈 /𝐴

𝐴

and simultaneously improving memory reuse through coalescing
more data accesses. In case any of the accesses to 𝐵 occur within a
sequential loop, which is identified through the presence of a red
bar at that point below the x axis, we check the control flow data
dependence view to ensure there is no loop-carried dependency
preventing the access to be moved. Once the end of the graph is
reached, we perform the same visual scan to the left, starting from
the beginning of the usage lifetime of 𝐴 to the start of the graph.

By repeating this process for as long as there appear to be similar
sized arrays with non overlapping usage lifetimes, we are able to
eliminate a total of 306 allocations through buffer reuse optimiza-
tions. This reduces the total memory footprint of the application
to 33.6% of the original footprint, with a new maximum of
13.41GB of memory being required per rank. Consequently, the
entire 25.6km resolution program with six ranks now fits onto a
single H100 GPU. This allows us to improve resource utilization,
while allowing us to now use the same 3 H100 GPUs to double the
model resolution to 12.8km with 41 million grid points, which, with
our buffer reuse optimizations, now has a per-rank footprint of
just over 45GB compared to the original 140GB. Fig. 9 shows how
this memory footprint reduction affects scaling and GPU memory
utilization as the model resolution moves towards a sub-1km scale.

Generating the initial C.A.T.S. trace for this analysis, which is
only 1.2MB in size, takes 65 seconds on consumer hardware and
does not require any GPUs or other specialized hardware.

6.3 A Case for Local Optimization
We investigate the whole-program performance characteristics of
a part of the European Centre for Medium-Range Weather Fore-
casts’ (ECMWF) Integrated Forecasting System (IFS) – specifically,
the Fortran implementation of the cloud microphysics scheme
(CLOUDSC) [23]. On a compute node with 2×18 core Intel Xeon
Gold 6154 clocked at 3GHz and 384GB RAM, running with 72
threads, a roofline analysis indicates that the application is heavily
memory bound and only reaches 30% of peak memory bandwidth.
This indicates that data locality could be improved. We statically
construct a trace for the application and examine it using our data
access statistics view. As shown in Fig. 10a, almost all data accesses
are performed either with constant index expressions or contigu-
ously. As such, there do not appear to be any anti-patterns that
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(a) CLOUDSC’s program-wide access statistics show no anti-patterns.

(b) The timeline view shows inefficient memory usage, but long-
range reuse distance with a program-wide median of 18 accesses.

Figure 10: Visualizations of CLOUDSC’s C.A.T.S. trace.

could be resolved through data layout or storage format changes.
Similarly, the memory timeline view (Fig. 10b) shows that there are
no clear anti-patterns with respect to allocations, given that the
relative size of temporary allocations is so small (max 5.4KB) that
they are invisible in the timeline without zooming in significantly.
While the timeline shows a generally poor utilization of the allo-
cated memory, it also indicates that all large allocations are part of
the program input or output and thus cannot be reused without fur-
ther domain knowledge. Lastly, the timeline shows that the overall
logical long-range data reuse is low with a median reuse distance of
only 18 accesses between any two accesses to the same allocation.
This indicates that no large-scale code reordering is necessary to
improve data reuse, but rather that fine-grained kernel- or loop-
level data reuse optimizations such as loop tiling are necessary. By
obtaining the program trace statically, this insight is gained early
in the optimization workflow and thus quickly reduces the search
space for possible optimizations and more costly runtime analyses.

Figure 11: Timeline view based on a runtime C.A.T.S. trace
for the sparse computations found in the HPCG benchmark.

6.4 Dynamic Applications
TheHigh Performance Conjugate Gradient (HPCG) benchmark [39]
performs computations and access patterns that are typically found
in HPC applications. This includes sparse computations, whose
dynamic nature poses a challenge for symbolic or static tracing. We
thus use our LLVM-based runtime tracer discussed in Section 5 to
construct a C.A.T.S. trace for the application. While tracing adds
a runtime overhead over running the application without tracing,
this allows for construction of a trace in 5.3 seconds on consumer
hardware, and the resulting trace is only 2.1MB in size. As seen
in the memory timeline view in Fig. 11, this trace can be used to
perform an in-depth analysis of the memory footprint over time.
Performing the same analysis with Valgrind, for instance, gener-
ates a more than 2× larger trace. A detailed comparison between
different tracing approaches and tools with respect to tracing time
and generated trace sizes can be seen in Table 1.

The visualization in Fig. 11 reveals a repeating pattern in the
loops shown in the control flow stacks timeline at the bottom of
the figure, when function scopes are not drawn. If functions are
shown, the control flow timeline reveals a triangular shape that
grows to the bottom ( ). This shape, combined with the gray color
indicating function scopes, indicates recursion, where the height
of the triangle represents recursion depth. Since each recursive
call changes the control flow stack, it leads to a new set of unique
events that are kept, meaning that trace size for highly recursive
programs may grow with problem size. This can be avoided by not
just filtering events for unique control flow stacks during tracing,
but also for repeating patterns found in recursive function calls.

7 Related Work
Extensive research has been conducted in the field of performance
visualizations to help understand application performance [42].
HPC performance analysis frameworks such as HPCToolkit [2,
57, 89], Paraver [69], TAU [78], Scalasca [28, 51], or VTune [41]
all have specialized visualization components to understand an
application’s performance characteristics. As such, they typically
offer a global view of an application with respect to specific metrics,
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C.A.T.S.
Static Runtime Valgrind HPCToolkit

Time 24s 39s 41min 24min LULESHSize 395KB 191KB 11.8MB 47.2MB
Time N/A 5.3s 2s 26s HPCGSize N/A 2.1MB 5.2MB 20.49MB

Table 1: Comparison of tracing time and generated trace size
between established approaches on LULESH and HPCG.

but are typically geared towards locating hot-spots and bottlenecks,
rather than performing more coarse, whole-program optimizations.

Control Flow and Data Dependence. Decisions around larger code
restructuring to improve communication or long-range data re-
quire insights into the structure of an applicaton. Visualizations
such as Vampir [60], Jumpshot [86, 87], or Boxfish [43, 53] provide
this by visualizing inter-process or inter-node communication. An
alternative technique is the use of Calling Context Trees, such as
in Trevis [1], VIPACT [65], or Callflow [50, 64]. EXTRAVIS [16]
employs a circular bundle view to group logical program constructs
and dynamically show relationships between them. In this work,
we have identified that for many performance anti-patterns, the
structural granularity offered by call stacks is not sufficient to reli-
ably detect them. As such, we use full control flow stacks including
loops, function calls, and branching to provide more context. Only
very few performance tools use a comparable granularity [2, 19],
and they typically have to recover this information from analyzing
program binaries or instruction sequences.

Memory Timeline. Heap profilers [74] such as Valgrind [62] or
GCspy [15, 71] were created to help reduce application memory
footprint. Over the years, the research community has developed
numerous intuitive visualization schemes to expose inefficient data
allocations [8]. For hierarchical data structures, Memory Cities [85]
proposed using a city metaphor to identify problematic heap object
groups or memory leaks. Heapviz [3] takes a different approach to
hierarchical data, breaking allocations down in a radial tree diagram.
Byma and Larus [12] provide contextual information by visualizing
allocations using a flame graph in the context of callstacks. However,
despite these visualizations, deciding where buffers can be reused
or memory may be pooled still requires detailed inspection of the
corresponding code [26]. By visualizing data accesses and control
flow information alongside allocations, we provide the necessary
context to inform reuse and pooling decisions.

Data Access Overview. Due to the importance of data locality
in HPC applications, numerous frameworks and visualizations
have been proposed to analyze data reuse and caching behav-
ior, especially w.r.t. application scaling [58]. Various techniques
have been employed, ranging from detailed cache and data access
simulations [34, 36, 40, 75], to trace-based visualizations, such as
MACPO [73] or MemAxes [31]. Ayers et al. [4] have demonstrated
how classifying memory accesses by types gives enough insight
into locality behavior to inform effective prefetching decisions. By
classifying data accesses by types and grouping them for program
regions or specific allocations, we provide an interactive and quick
baseline for deciding where data layout changes help data locality,
and how program scaling affects this decision.

Static and Symbolic Traces. While constructing program traces
statically to avoid input-dependence and runtime costs is a fre-
quently explored technique [21, 22, 81], the idea of adding symbolic
program information to program traces has not been exploredmuch.
Tensorize [11] recently demonstrated the importance of symbolic
program information, and the challenges associated with capturing
this information from source code representations. Works that have
explored this in the past, such as Code Vectors [38], which uses
symbolic traces to learn code word embeddings, typically rely on
symbolic program execution to construct traces. Symbolic program
execution is a popular technique in program correctness checking,
with tools such as Klee [13] or SymCC [70]. However, HPC codes
pose a challenge for symbolic execution, which suffers from state
space explosion in deep loop nests or difficulties with operating
on floating point values [5]. We solve these challenges by building
symbolic traces from the symbolic intermediate representation of a
compiler designed for HPC application optimization.

8 Conclusion
In this work, we identify the key components necessary to inform
effective whole-program optimization decisions, and introduce the
C.A.T.S. tracing format to capture this information. In particular,
we illustrate the importance of fine-grained contextual control flow
information in performance results to detect and resolve common
performance anti-patterns. Based on the trace format, we introduce
three novel visualizations to provide a whole-program view of appli-
cation characteristics that impact the global program performance.
We highlight the benefits of both runtime-based and static trace
construction, and implement compiler analysis passes to construct
symbolic and runtime C.A.T.S. traces on consumer hardware. Using
control flow stacks, the size of generated traces is limited to a few
megabytes even for large, long-running applications.

In case studies with applications written in Python, Fortran, and
C++, we demonstrate how our visualizations help detect where
whole-program optimization is necessary and how to inform subse-
quent optimization decisions. Using our memory timeline, we are
able to reduce the memory footprint of the FV3 dynamical core by
a factor of 3×, drastically reducing the hardware resource require-
ments for sub-km scale Earth system modeling. In a case study on
optimizing LULESH, the global data access statistics view helps us
improve data layouts, leading to a total speedup of 2.6×. With the
help of our control flow data dependency view, we are addition-
ally able to improve the communication and computation overlap
leading to speedups in a distributed environment. By providing
visualizations to statically understand program performance charac-
teristics, we extend the toolbox of performance engineers to enable
optimization workflows in the absence of clear local bottlenecks.
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