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ABSTRACT

Performance antipatterns capture recurring behaviours that de-
grade software efficiency. Black-box approaches aim to detect such
issues without modifying the application. This paper presents B-
Perf, a system-level black-box method that reconstructs execution,
memory, and messaging behaviour from kernel-level traces. By
analysing scheduling, allocation, and communication events, B-
Perf derives workload-dependent behavioural trends and reports
antipattern indicators grounded in resource usage and contention.
To handle large trace volumes, the approach follows a pipeline of
workload generation, event gathering, trace handling, and antipat-
tern inference.

We evaluate B-Perf on three representative antipatterns—One
Lane Bridge, Empty Semi Trucks, and Excessive Dynamic Alloca-
tion—and apply it to traces from real multi-threaded applications.
The results show that system-level events are often sufficient to
expose bottlenecks linked to resource contention and system-level
interactions. A key limitation is that kernel traces provide limited
visibility into fine-grained in-process behaviour. When performance
issues are driven by internal logic or function-level interactions,
B-Perf may capture only indirect symptoms and may not reveal
the full root cause. Within this scope, B-Perf provides practical and
efficient black-box detection for antipatterns driven by resource
interaction and competition.

CCS CONCEPTS

- Software and its engineering — Software performance.

KEYWORDS

Software performance antipattern; Performance analysis; Black-box
monitoring; Execution tracing; Software analysis

ACM Reference Format:

Morteza Noferesti, Mahsa Panahandeh, and Naser Ezzati-Jivan. 2026. B-Perf:
Black-box Performance Antipattern Detection Using System-level Execution
Tracing. In Proceedings of the 17th ACM/SPEC International Conference on
Performance Engineering (ICPE °26), May 04-08, 2026, Florence, Italy. ACM,
New York, NY, USA, 12 pages. https://doi.org/10.1145/3777884.3797014

This work is licensed under a Creative Commons Attribution 4.0 International License.
ICPE ’26, May 04-08, 2026, Florence, Italy

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2325-4/2026/05.

https://doi.org/10.1145/3777884.3797014

1 INTRODUCTION

The performance of enterprise software systems is a persistent
concern for both vendors and operators. Modern applications must
handle large volumes of input data and serve many concurrent
users, which places significant pressure on their underlying archi-
tectures. Detecting performance problems before they affect end
users remains difficult in practice [25]. System logs and runtime
signals are often noisy, uncorrelated, or incomplete, making root-
cause identification challenging [14]. Prior studies have shown that
performance is a central factor in the success of software products
and services [28], yet diagnosing performance issues still requires
considerable expertise and effort.

Despite its importance, performance evaluation is often deferred
until late stages of development or omitted entirely due to the
complexity of workloads and the overhead of measurement [12].
When problems are discovered during operation, resolving them
becomes expensive and can harm the reliability and reputation
of the system. In contrast, proactive approaches aim to surface
performance issues early. Model based techniques such as Queueing
Networks, Stochastic Petri Nets, and Queueing Petri Nets support
reasoning about performance during the design phase [25], but the
gap between these formalisms and real software constructs has
limited their adoption in practice.

A complementary line of work focuses on recurring perfor-
mance mistakes known as Software Performance Antipatterns
(SPAs). SPAs document typical performance problems and their
solutions [4]. These issues often arise from architectural or design
choices but become visible only when concrete implementations
are exercised under load. Prior work has shown that SPAs can man-
ifest in several observable behaviours, including messaging, service
execution, concurrency, and memory usage [11]. Recent studies
connect antipatterns to misconfigurations and architectural deci-
sions in microservice systems [4, 24], reinforcing their continued
practical relevance.

Measurement-based detection techniques analyse runtime activ-
ity to identify these patterns. White-box approaches [24] insert in-
strumentation or modify program code to expose detailed behaviour,
but they cannot be applied when source code is unavailable or when
changing the system is undesirable. This limitation has motivated
black-box techniques [13, 18] that infer performance behaviour
from system calls and kernel-level events. Modern tracing frame-
works, including LTTng [5] and eBPF-based observability [17],
demonstrate that kernel events provide rich behavioural insight
with low overhead. Such methods avoid code-level dependencies
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and work with proprietary or binary-only systems, although the di-
versity and volume of system-level events make accurate inference
challenging. Prior work on structure-aware log analysis highlights
similar challenges in deriving reliable performance insights from
raw system activity [14]. These challenges mirror broader concerns
in trustworthy automated performance diagnosis, where reliable
inference must be drawn from low-level or indirect signals [28].

This paper presents B-Perf, a black-box performance antipattern
analysis method based on system-level execution tracing. B-Perf
observes how software interacts with CPU, memory, and messag-
ing resources and reconstructs behavioural projections from kernel
events. The method derives execution, memory, and messaging
behaviour summaries without access to internal program structure
and reports antipattern indicators from workload-driven trends.
We also examine whether these indicators remain informative on
complex multi-threaded real-world traces, beyond controlled an-
tipattern implementations.

B-Perf is designed for antipatterns that manifest as resource in-
teraction and contention. When performance issues are driven by
fine-grained in-process logic, kernel visibility is limited and B-Perf
may capture only indirect symptoms. Portability across tracing
backends also depends on whether comparable scheduling, syn-
chronization, memory, and network event semantics are available.

To structure our evaluation, we study four research questions.
RQ1-RQ3 examine whether execution, memory, and messaging
projections derived from system-level events can distinguish an-
tipattern implementations from matched baselines under increasing
workloads. RQ4 investigates whether the same projections remain
informative on complex multi-threaded web applications and pub-
licly available traces where only system-level events are observable.

The central question of this work is whether system-level traces
provide enough behavioural information to support black-box an-
tipattern diagnosis. We treat detection as inference of behavioural
indicators rather than definitive classification, since real systems
can exhibit overlapping effects. Our main contributions are:

(1) A unified system level trace based analysis. B-Perf shows
that kernel events can be sufficient to derive key behavioural pro-
jections without source ¢

ode, application-level instrumentation, or knowledge of internal
architecture.

(2) A behavioural reconstruction pipeline from raw events.
The method derives execution, memory, and messaging projections
from raw system-level events and links these projections to the
characteristic symptoms of known antipatterns.

(3) Cross pattern detection using a single black-box mech-
anism. The evaluation demonstrates that B-Perf can identify rep-
resentative performance antipatterns, including One Lane Bridge,
Excessive Dynamic Allocation, and Empty Semi Trucks, by ob-
serving how reconstructed behaviour changes under increasing
workloads.

(4) An empirical study of system-level tracing for black-
box performance diagnosis. Across controlled experiments, B-
Perf captures behavioural differences between antipattern and base-
line implementations with low tracing and analysis overhead, which
supports the use of system-level traces as a basis for black-box per-
formance diagnostics.
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The remainder of the paper is structured as follows. Section 2
reviews performance antipatterns and existing black-box detection
approaches. Section 3 presents the B-Perf methodology. Section 4
evaluates the approach on several antipattern scenarios. Section 5
discusses implications and limitations, and Section 7 concludes the

paper.

2 RELATED WORK

This section reviews prior research on software performance an-
tipatterns and black-box detection methods.

2.1 Software Performance Antipatterns

SPAs describe recurring performance problems arising from inef-
ficient design or resource use [25]. Foundational work by Smith
and Williams documents patterns such as One Lane Bridge (OLB),
Traffic Jam, Ramp, and Blob [19, 20]. These antipatterns span mul-
tiple observable behaviour scopes, including messaging, service
execution, and memory [4].

Subsequent work generalised OLB into the N-Lane Bridge (NLB)
model [23], showing that system-level execution traces can ex-
pose thread contention and serialized execution. Messaging-related
issues such as Blob and Empty Semi Trucks (EST) introduce over-
head through centralised retrieval or many small-message transmis-
sions [2]. Memory-related antipatterns such as Excessive Dynamic
Allocation and Dormant References capture allocation churn, frag-
mentation, and memory leaks [15, 16].

These studies show that performance problems can manifest
across multiple behavioural scopes. However, most detection ap-
proaches inspect only one scope at a time and rely on application-
level information or instrumentation.

2.2 Black-Box Detection Approaches

Measurement-based SPA detection uses runtime observations to
identify performance symptoms. Systems-log comparison tech-
niques also show the difficulty of diagnosing performance problems
using coarse or noisy behavioural signals [14].

White-box approaches [24] instrument or modify code to capture
fine-grained internal behaviour, but they require source access and
thus do not apply to black-box scenarios [13].

Profiling-based methods collect periodic samples of program
state. Trubiani et al. [22] used controlled load tests and profiling data
to detect patterns such as Circuitous Treasure Hunt and Extensive
Processing. While useful for high-level analysis, sampling misses
short blocking intervals and kernel-level interactions. Studies of
synchronization bugs show that many performance problems arise
from fine-grained locking and thread interactions that are difficult
to capture using periodic sampling alone [3].

Userspace tracing approaches [26] instrument function bound-
aries in the application to compute performance metrics, but they
lack visibility into kernel scheduling, synchronization, and system
calls—key elements for understanding multithreaded contention.

Fault-injection frameworks such as PPInject [12] artificially in-
ject performance degradations (e.g., Ramp, OLB) to support evalua-
tion of detection techniques. They provide controlled test scenarios
but require detailed knowledge of application internals, conflicting
with black-box constraints.
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Table 1: SPA detection approaches and behavioural scopes.

Name Service execution Messaging Memory
Trubiani et al. [22]
Wert et al. [26]
Keck et al. [12]
Wert et al. [27]
VanDonge et al. [23]
B-Perf

< <L <L
< 1<
|

Dynamic Spotter [27] automates the detection of messaging-
centric antipatterns (Blob, EST, DB overhead) using heuristics and
generated workloads. However, its analysis depends on application-
level instrumentation and does not address execution or memory-
specific behaviour.

System-level tracing offers a more general black-box view. Host
system tracing has also been used to characterize workload be-
haviour in containerized environments without modifying appli-
cations [10]. LT Tng provides low-impact, fine-grained kernel vis-
ibility [5], and a recent work on eBPF shows growing interest in
in-kernel observability of request-level metrics [17].

In our previous work [23], we used kernel events and depen-
dency graphs [8] to detect OLB and NLB by analysing thread block-
ing relationships. That study also analysed a Firefox trace using
response-time-based N-Lane Bridge analysis. In this paper, we reuse
the same Firefox trace dataset as an external case study, and we
apply B-Perf’s multi-scope behavioural projections and trend-based
inference.

Recent surveys on Al-based performance diagnosis further em-
phasise the need for reliable, low-level behavioural signals when
source code is unavailable [21, 28].

Many existing tracing and profiling tools provide rich low-level
views, but they do not explicitly map cross-scope trends under
workload to antipattern-oriented indicators. B-Perf complements
these tools by adding trend-based inference over execution, mem-
ory, and messaging signals in a black-box setting.

Existing approaches often focus on one behavioural scope—execution

concurrency, messaging efficiency, or memory use—and typically
require some form of application-level instrumentation. As sum-
marised in Table 1, there is no unified black-box framework capable
of analysing execution, messaging, and memory behaviour using
kernel-level traces alone.

B-Perf addresses this gap by reconstructing execution, memory,
and messaging behaviour directly from kernel events and applying
trend-based inference across workloads. This enables detection of a
wider range of SPAs without source code access, code annotations,
or userspace instrumentation.

3 METHODOLOGY

The design of B-Perf is driven by practical constraints that arise
in real deployments. Many systems are treated as black boxes, de-
pend on complex libraries, or cannot be instrumented safely or
consistently in production. In these settings, developers often have
access only to behaviour that is exposed at the operating-system
level. These constraints motivate four design goals for B-Perf: (G1)
operate in black-box settings, (G2) remain portable across tracing
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backends, (G3) reconstruct execution, memory, and messaging be-
haviour from kernel-level events, and (G4) support trend-based
inference over ordered workloads.

First, to satisfy G1, the analysis must remain black-box. B-Perf
relies only on system-level interactions with the operating system,
rather than internal application logic or source code. This makes
the approach applicable to closed-source systems and deployed
binaries where internal instrumentation is not possible.

Second, to satisfy G2, the method should be portable across trac-
ing backends. Production environments differ in which tracepoints
and tooling are available, so B-Perf assumes an abstract event model
that requires timestamps, CPU identifiers, process and thread iden-
tifiers, event types, and a small set of type-specific attributes, such
as allocation sizes or payload lengths. The current implementation
uses LTTng on Linux, but the methodology applies to any backend
that can provide equivalent signals.

Third, to satisfy G3, the framework should cover multiple be-
havioural scopes. Real performance problems rarely isolate them-
selves to a single resource. Thread contention, dynamic allocation,
and messaging inefficiencies can interact in subtle ways. B-Perf
reconstructs a common state system from the raw event stream
and derives execution, memory, and messaging behaviour from
this shared representation. This unified view removes the need for
separate scope-specific tools.

Fourth, to satisfy G4, the analysis relies on workload trends
rather than fixed signatures. Many antipatterns become visible
mainly as load increases. B-Perf therefore evaluates an ordered
workload sequence £ = {L1,..., L} with a consistent request mix
and examines how response times, blocking intervals, fragmenta-
tion signals, and messaging patterns change across L; to Li. This
allows B-Perf to report antipattern-consistent indicators even when
implementations differ.

With these goals in place, B-Perf instantiates a high-level trans-
formation:

E — (Bexec, Bmem, Bmsg) — AntipatternInferences, (1)

where E is the event stream collected under one or more work-
loads, Bexec, Bmem, and Bpsg are the behaviour projections pro-
duced from the reconstructed state system, and the final step infers
indicators that are consistent with known performance antipat-
terns.

Because system-level traces can be large, B-Perf aggregates trace-
derived features to the workload level for scalable analysis [7].

Figure 1 summarizes the architecture of B-Perf. The Workload
Generation module exercises the system under a sequence of in-
creasing workloads with a fixed request mix. The Event Gathering
module records kernel-level events during each execution and pro-
duces an event stream E that conforms to a generic schema with
timestamps, CPU identifiers, thread and process identifiers, event
types, and type-specific attributes. The Trace Handler module recon-
structs a state-based abstraction from E, including per-request crit-
ical paths and resource usage intervals. The SPA Detection module
then derives the behavior projections (Bexec, Brems, Bmsg) and ap-
plies trend analysis across workloads to infer execution-, memory-,
and messaging-scope antipattern indicators.
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Figure 1: The architecture of B-Perf.

3.1 Trace Collection and Event Model

B-Perf operates on execution traces that record kernel-level in-
teractions of the target software with the operating system. The
framework assumes an abstract event model that can be instanti-
ated by any tracing backend able to provide precise timestamps,
CPU identifiers, thread and process identifiers, event types, and a
small set of type-specific attributes. The current implementation
uses LTTng on Linux to collect such traces, but the formalisation
in this section is independent of a particular tracer.

Formally, an event e in the abstract model is a tuple e = (¢, ¢, k, a)
where ¢ is a timestamp, c identifies the execution context (such
as a process or thread), k denotes the event kind (for example
schedule, block, syscall, alloc, send, or recv), and a contains event-
specific attributes such as a CPU identifier, wait channel, memory
address range, socket identifier, or payload size. The following
subsections instantiate this model for concrete tracepoints in LTTng
and compatible Linux tracing backends.

3.1.1 Event stream abstraction. Let E = (ey, ey, ..., e,) denote the
event stream collected during one execution under a given work-
load. The events are ordered by time, so that ts(e;) < ts(ejt+1) for
all i. Each event e; carries a timestamp, a CPU identifier, a pro-
cess/thread identifier, an event type, and a tuple of event-specific
attributes. For instance, a scheduling event records the identifiers of
the outgoing and incoming threads and the reason for descheduling,
amemory event records an allocation size or address, and a network
event records a socket identifier, payload size, and connection state.
In B-Perf, this event abstraction is instantiated using LT Tng tra-
cepoints that expose scheduling, synchronization, timer, interrupt,
memory, and TCP activity in the Linux kernel. Examples include ker-
nel scheduling events such as sched_switch and sched_wakeup,
synchronization events such as sys_enter_futex, timer and inter-
rupt events such as hrtimer_expire, irg_handler, and softirq,
memory events such as mm_page_alloc_extfrag, and TCP events
such as tcp_sendmsg, tcp_receive, inet_sock_set_state, and
tep_retransmit_skb. B-Perf requires only that the underlying
tracer exposes events that can be mapped to this abstract schema.
In practice, several Linux tracing facilities (including ftrace, perf,
eBPF/BPFtrace, and SystemTap) can provide equivalent schedul-
ing, syscall, memory, and TCP-level signals, making the approach
compatible with a wide range of kernel tracing backends.
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3.1.2  Workloads and request delimiters. B-Perf analyses behavior
across a sequence of increasing workloads £ = {Ly,..., L} that
share the same request mix. For each workload level L;, the system
under study is exercised for a fixed period or a fixed number of
requests, and an event stream E(9) is collected. The union of these
streams yields the set of events that B-Perf uses to derive behavior
projections and workload-level summaries. The exact workload
progression and stopping conditions are part of the experimental
setup and are described in Section 4. The methodology only assumes
that the workload levels are ordered by increasing intensity and
that each level induces comparable request types.

Within each event stream E(!), B-Perf identifies request intervals
using configurable delimiters. A request r is defined by a start event
and a corresponding end event, denoted start(r) and end(r). The
concrete delimiters depend on the target system. For example, for
server workloads B-Perf can use connection-accept as a request
start and connection close as a request end. When requests have
different lifecycles, delimiters can be based on thread lifetimes or
explicit task identifiers. The only requirement is that kernel events
can be associated with request intervals.

3.1.3  State system reconstruction. The raw event stream does not
directly expose the stable periods that are needed for behavior
analysis. B-Perf therefore reconstructs a state system from E, in
the style of the state system used in Trace Compass [9]. Let S =
{s1,52,...,5m} denote the set of states. Each state s; is a maxi-
mal time interval during which the state of each thread, its CPU
residency, and its blocking relationships remain unchanged. State
transitions occur at event boundaries where scheduling, synchro-
nization, timer, interrupt, or communication events modify the
execution context.

For each event e;, B-Perf updates the state system by apply-
ing event-specific rules. A sched_switch event determines which
thread leaves and which thread enters the RUNNING state. For ex-
ample, a kernel event of the form sched_switch(t, cpu_1, t1, t2)
indicates that at time t on CPU 1 the scheduler switches from thread
t; to thread fz. B-Perf updates the state system so that t; transi-
tions from RUNNING to a waiting or blocked state (depending on the
recorded reason), while t; moves to RUNNING. These states remain
in effect until modified by subsequent events.

In the same way, sched_wakeup and sys_enter_futex events
update the waiting state of a thread and the resource or dependency
that blocks it. Timer and interrupt events adjust the set of active
interrupts and their impact on preemption. Memory and network
events update per-thread allocation and messaging metadata but
do not change thread states directly.

Over time, the sequence of such updates yields a higher level
abstraction of the trace in which long intervals where a thread
remains blocked or waiting become explicit and can be linked
to particular resources or dependencies. The reconstructed state
system groups these low-level transitions into coherent intervals,
making extended waiting periods on a given resource or thread
visible. Such intervals are much easier to interpret as early signs of
performance problems or antipatterns.

The state system induces per-request views of execution. For
each request r, B-Perf extracts the subsequence of states whose in-
tervals intersect the request interval [start(r), end(r)] and derives
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Figure 2: An example critical path showing RUNNING,
PREEMPTED, and blocking relationships between threads.

a critical path and resource usage profile for that request. These per-
request state sequences form the basis for the execution behavior
projection Bexec, and they provide temporal anchors for associating
memory and messaging events with specific requests.

3.2 Behavior Extraction

From the event stream and reconstructed state system, B-Perf de-
rives three behavior projections for execution, memory, and mes-
saging.

3.2.1 Execution behavior. Execution behavior captures how threads
run, block, and compete for CPU resources while serving requests.
Figure 2 shows an example critical path reconstructed by B-Perf.
Green segments denote RUNNING intervals, orange segments denote
PREEMPTED intervals, and arrows indicate where a thread is blocked
by another.

B-Perf computes these paths using scheduling, synchroniza-
tion, timer, and interrupt tracepoints, following the principles of
the Trace Compass critical-path algorithm [1]. Events such as

sched_swi tch identify which thread runs on each CPU, sched_wakeup
and sys_enter_futex indicate synchronization waits, and irq_handler,

softirg, and hrtimer_expire attribute preemption to interrupt
activity. Together, these signals reveal the causal structure behind
execution-scope antipatterns such as One Lane Bridge.

Intervals in which the handling thread is in the RUNNING state are
treated as processing time. When the thread is not running, the state
system identifies the blocking cause directly from the triggering
event type. This mapping lets B-Perf attribute each segment of a
request’s critical path to a concrete source of delay.

For each request r, B-Perf computes

bexec(r) = (Rr, 7", Trbl‘)Ck, cpuResidency,, contention,),

where R, is response time, T'" is processing time, TP/ s block-
ing time, cpuResidency, describes how CPU time is distributed
across cores, and contention, measures blocking caused by other
threads or shared resources. The execution behavior projection for
a workload is

Bexec = { bexec(r) | r is a request }.

These per-request profiles form the basis for identifying execution-
scope antipatterns such as serial bottlenecks and One Lane Bridge [19].
Combined with the memory and messaging projections, this execu-
tion view fulfils G3 by providing a consistent basis for cross-scope
analysis using only kernel-level information.

3.22 Memory behavior. Memory behavior captures how dynamic
allocation and fragmentation evolve while the system processes
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requests. B-Perf identifies memory-related events such as allocation
and free calls, along with fragmentation signals exposed by kernel
tracepoints. In the current implementation, fragmentation is ob-
served through the mm_page_alloc_extfrag event, which reports
the requested allocation order and the fallback order chosen by the
page allocator.

For each request r, B-Perf associates allocation and free events
with the request interval using the state system and thread iden-
tifiers. It then extracts features such as allocation count, total al-
located bytes, and the distribution of allocation sizes. In parallel,
B-Perf records global fragmentation indicators by tracking the fre-
quency of mm_page_alloc_extfrag and comparing alloc_order
with fallback_order. Persistent use of lower fallback orders indi-
cates sustained fragmentation pressure.

The memory behavior projection for a workload is

Bmem = {bmem(r) | risa request} U{fragStats(t) | t in the trace},

where bmem (r) summarizes allocation intensity and size patterns
for request r, and fragStats(t) captures fragmentation activity over
time. These features support detection of memory-scope antipat-
terns such as excessive dynamic allocation and allocator fragmen-
tation.

3.2.3 Messaging behavior. Messaging behavior reflects how the
system sends and receives data and how communication interacts
with CPU scheduling. B-Perf reconstructs messaging activity from
TCP-level tracepoints and communication-related system calls, in-
cluding tcp_sendmsg, tcp_receive, inet_sock_set_state, and
tcp_retransmit_skb. Each event includes a socket identifier, di-
rection, and payload size. Using the state system and connection
identifiers, B-Perf links these events to requests or to long-lived
sessions when requests are not separable.

For each request or connection, B-Perf computes features such
as message count, total bytes transferred, payload-size distribu-
tion, and the ratio of messages below a small-payload threshold.
Network-induced preemptions are captured by counting timer and
interrupt events co-occurring with network activity (irq_handler,
softirq). Retransmissions (tcp_retransmit_skb) are recorded as
indicators of congestion or packet loss.

The messaging behavior projection is

Bmsg = {bmsg(c) | ¢ is a request or connection},

where bmsg () summarizes message rate, payload sizes, small-message
ratio, retransmissions, and related preemption signals. These fea-
tures characterize communication patterns associated with messaging-
scope antipatterns such as small-message overhead and interrupt-
driven delays.

3.3 Antipattern Inference from Behavior Trends

Given the execution, memory, and messaging projections for each
workload, B-Perf infers antipattern indicators by analysing how
these behaviors evolve across the ordered workload sequence £ =
{L1,...,Lg}. For each workload level L;, B-Perf aggregates features

from ng?ec, Br(égm, and Bgzg into a workload summary

block

B(L;) = (1_3,-, ﬁun, i- , alloc;, @i, msg;, payload;),
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where the components capture response time, processing and block-
ing breakdowns, allocation and fragmentation intensity, and mes-
saging rate and payload size. Additional derived quantities, such as
blocking shares or the proportion of small messages, are incorpo-
rated when needed. Algorithm 1 summarizes how B-Perf combines
these behavior summaries across workloads to infer antipattern
indicators.

Algorithm 1: Antipattern Inference from Behavior Trends

Input: Ordered workloads £ and summaries {B(L;)}
Output: Antipattern indicators A

A — 0

Execution-scope inference

Extract {R;} and blocking decomposition;

if IsSUPERLINEARGROWTH then
RS* « DOMINANTBLOCKINGRESOURCES;
if RS* # 0 then
L A «— A U {Execution-serialization(RS*)};
Memory-scope inference
Extract {alloc;} and {@i};
if HASRISINGALLOCATIONCHURN then
L A — AU {Allocation-churn};

if HASPERSISTENTFRAGMENTATION then
L A «— AU {Fragmentation-pressure};

Messaging-scope inference
Extract {msg;} and {payload,};
if MOREMESSAGESSMALLERPAYLOADS then
L A — AU {Small-message-overhead};
if RISINGNETWORKPREEMPTION then
L A — AU {Messaging-preemption};

return A;

As shown in Algorithm 1, execution-scope inference combines
IsSUPERLINEARGROWTH with DOMINANTBLOCKINGRESOURCES. The
first condition checks whether response times increase faster than
workload levels using a linear regression test on the pairs {( L;, Ri)}.
B-Perf then identifies the earliest workload level L, after which
response time increments between consecutive workload levels
remain consistently large relative to the fitted linear trend. When
this condition holds, the range {Ly, ..., Ly} is treated as nonlinear,
and B-Perf attributes the growth to the dominant blocking resources
identified by DOMINANTBLOCKINGRESOURCES.

Memory-scope inference examines whether allocation activity
increases sharply (HAsRISINGALLOCATIONCHURN) and whether
fragmentation events such as mm_page_alloc_extfrag persist across
workloads (HASPERSISTENTFRAGMENTATION). These indicators map
to antipatterns involving excessive dynamic allocation and frag-
mentation pressure.

Messaging-scope inference evaluates whether higher workloads
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conditions capture messaging inefficiency and communication-
induced delays.

Across all scopes, B-Perf interprets the trends as behavioral
indicators rather than precise classifications. The inference relies on
how processing, blocking, allocation, fragmentation, and messaging
evolve with load, and Section 4 shows how these indicators align
with documented antipattern instances. As a whole, Algorithm 1
integrates these conditions into a unified procedure that reports
the behavioral indicators inferred across the workload sequence.

4 EVALUATION

This section evaluates how effectively B-Perf detects representative
performance antipatterns from system-level execution traces. We
follow the three behavioural scopes of the methodology and exam-
ine how execution, memory, and messaging change as workload
increases.

B-Perf is assessed on three controlled case studies and two ex-
isting multi-threaded applications. In the controlled setting, each
antipattern is implemented together with a baseline that performs
the same logical work without the problematic behaviour. This
paired design makes it possible to compare behaviour under load
and to isolate the effect of each antipattern, while the real-world
traces provide an external validation of the methodology using
traces that were not designed for this study.

We structure the evaluation around the following research ques-
tions.

RQ1 (Execution behaviour). To what extent can B-Perf detect
execution-scope antipatterns, such as One Lane Bridge, by analysing
critical paths, blocking intervals, CPU residency, and response-time
trends under increasing load?

RQ2 (Memory behaviour). To what extent can B-Perf reveal memory-

related antipatterns, such as Excessive Dynamic Allocation, through
system-level allocation frequencies, allocation/free oscillation, and
fragmentation indicators?

RQ3 (Messaging behaviour). To what extent can B-Perf identify
messaging inefficiencies, such as Empty Semi Trucks, by analysing
message frequency, payload-size distributions, and the impact of
message bursts on execution behaviour?

RQ4 (Generalizability). To what extent does B-Perf provide useful
behavioural insights when applied to a complex, multi-threaded
real-world application using only system-level traces?

These questions test whether B-Perf can distinguish antipat-
tern implementations from healthy baselines across the three be-
havioural scopes using the abstract event model and behaviour
projections defined in Section 3. For each RQ, we instantiate the
event model with LT Tng traces, derive execution, memory, and mes-
saging projections, and apply the trend-based inference predicates
of Algorithm 1.

4.1 Experimental Setup

The evaluation uses test programs that exercise execution, memory,

trigger more messages with smaller payloads (MOREMESSAGESSMALLERPAYRMMINs)essaging behaviour under increasing workloads. All exper-

and whether this coincides with increased interrupt- or timer-
related preemptions (RISINGNETWORKPREEMPTION). Together, these

iments were executed on a Windows 10 host equipped with an
Intel® Core™ i3 CPU @ 3.50 GHz and 8 GB of RAM. Traces were
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recorded inside a guest system running Ubuntu 22.04 with 4096 MB
of RAM and two virtual CPUs, deployed through Oracle VM Virtu-
alBox 7.0.4. All test cases were implemented in C++ and compiled
with GCC 10.3.0. LTTng 2.12.7 was used for event collection, and
Trace Compass 8.2.0 was used for offline trace analysis.

The tracing session was configured in non-live mode so that
events were written to disk with minimal interference to scheduling.
The experiment enabled the kernel-level tracepoints required by B-
Perf, including scheduling, synchronisation, memory, and TCP tra-
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Scheduling signals in Figure 5 further support this interpretation.
As the workload increases, the OLB version exhibits repeated alter-
nation between WAIT and WAKE events on the same shared resource,
forming a queue of threads behind the critical section. The baseline
version shows more dispersed wait and wake events across threads,
and the duration of waits remains shorter.

These three views, CPU residency, critical paths, and wait/wake
patterns, align with the behaviour of the execution inference algo-
rithm in Section 3.3. Response times grow faster than the workload,

cepoints. These include sched_switch, sched_wakeup, sys_enter_futexand blocking time is dominated by a single serialising resource.

mm_page_alloc_extfrag, tcp_sendmsg, and irq_handler. This
configuration matches the abstract event model described in Sec-
tion 3 and provides the data needed to compute the execution,
memory, and messaging projections.

Test programs were implemented in C++ and compiled with gcc
using identical optimisation flags for the antipattern and baseline
versions. Each program was executed under a sequence of increas-
ing workloads that invoke the same operation while progressively
raising the number of concurrent requests. The same workload
levels were applied to both versions of each program, and each
configuration was repeated to confirm that the observed trends
were stable.

After collection, traces were processed by the B-Perf Trace Han-
dler, which reconstructed execution intervals, resource states, and
critical paths. The behaviour extraction algorithms then built the ex-
ecution, memory, and messaging projections and aggregated them
by workload level. The following subsections present the resulting
behaviour trends and answer RQ1-RQ4.

4.2 ROQ1: Detecting Execution-Scope
Antipatterns (One Lane Bridge)

This part of the evaluation examines whether B-Perf can identify
execution-scope antipatterns by observing how CPU usage, block-
ing behaviour, and critical paths evolve as the workload increases.
The One Lane Bridge (OLB) scenario models a classical serialisation
bottleneck: many threads compete for a shared section that allows
only one active thread at a time. The baseline version replaces
this design with multiple independent sections so that threads can
progress concurrently.

Figure 3 shows the resource analysis for the two versions. In
the baseline case, work is distributed across the available CPUs,
and both cores exhibit sustained activity as the workload grows. In
contrast, the OLB version concentrates almost all useful work on a
single CPU, while the second core remains mostly idle except for
brief scheduling noise. This behaviour is consistent with a shared
critical section that serialises access regardless of the available
parallelism.

The critical paths in Figure 4 make this serialisation explicit. In
the OLB version, the critical path is formed by long intervals where
a single thread is in the RUNNING state, while competing threads
remain blocked. The baseline version shows frequent PREEMPTED
segments and shorter waiting periods, indicating that multiple
threads run in parallel and are preempted by the scheduler rather
than blocked by a single lock.

In terms of the execution behaviour projection Beyec, this corre-
sponds to a shift from processing time toward blocking time on one
resource as the workload rises. B-Perf therefore raises an execution-
serialisation indicator for the OLB version and no such indicator
for the baseline.

Answer to RQ1. B-Perf detects execution-scope antipatterns in the
OLB scenario. The reconstructed critical paths, blocking intervals,
and CPU residency patterns are sufficient to distinguish serialised
execution from a parallel baseline using system-level traces.

4.3 ROQ2: Detecting Memory-Scope Antipatterns
(Excessive Dynamic Allocation)

We now study whether B-Perf can detect memory-related antipat-
terns by observing allocation intensity, allocation-free cycles, and
signs of fragmentation under increasing workloads. The Excessive
Dynamic Allocation (EDA) scenario implements frequent creation
and destruction of objects using malloc and free. The baseline
version allocates memory once and reuses it for the duration of the
run.

Figure 6 reports the memory usage over time. The EDA ver-
sion shows a highly unstable pattern: memory usage repeatedly
expands and contracts as the program allocates and frees objects in
rapid succession. The baseline version maintains a stable footprint,
because its memory is allocated once and reused. This difference
appears even at low workloads and becomes more pronounced as
request volume increases.

The underlying events are shown in Figure 7, which plots the
number of malloc and free calls captured through LTTng. The
EDA version produces a large and increasing number of allocation
and deallocation events, whereas the baseline version produces only
a small and nearly constant number. The detailed view in Figure 11
confirms that many distinct pointer addresses are allocated and
freed, which increases fragmentation pressure on the allocator.

In terms of the behaviour projections, these traces correspond

to a growing allocation frequency alloc; and more variable allo-
cation sizes as the workload rises. The presence of frequent allo-
cation and free events on the same addresses and the instability
of the memory footprint match the conditions of HASRISINGAL-
LOCATIONCHURN in the inference algorithm. In our experiments,
B-Perf flagged allocation-churn indicators for the EDA version
across higher workloads, while the baseline remained stable and
did not trigger any memory-scope indicator.

Answer to RQ2. B-Perf identifies memory-scope antipattern be-
haviour in the EDA scenario. Allocation churn and oscillating mem-
ory usage are clearly visible in the system-level traces and absent
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baseline versions.

from the baseline, showing that the memory behaviour projections
highlight excessive dynamic allocation.

4.4 RQ3: Detecting Messaging-Scope
Antipatterns (Empty Semi Trucks)

We now evaluate whether B-Perf can identify messaging-related
antipatterns through kernel-level network activity. The Empty Semi
Trucks (EST) antipattern occurs when an application sends many

[7] ttng_ust libe:calloc ATY, 2 [Z] tng_ust_libe:free 1,020
g_ust_libcfree 2 [Z] ittng_ust_libcmalloc 1,000
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Figure 7: Number of malloc and free events over time.

very small messages instead of aggregating data into larger pay-
loads. This behaviour increases protocol overhead, network inter-
rupts, and preemption. The experiment uses a simple FTP-like client
that transfers a 1 GB file to a server. In the EST version, the client
flushes after every 100 B of data, while the baseline version sends
buffered segments.

Figure 8 presents the resource analysis for the two versions. The
EST case generates many more network-related interrupts and
TCP events than the baseline. Each small flush forces the kernel to
handle a new packet, schedule send operations, and trigger device
interrupts. The baseline version exhibits a smoother profile with
fewer network events, consistent with larger aggregated transfers.

The critical paths in Figure 9 show the impact on execution.
The EST version contains a dense pattern of preemption intervals
caused by network interrupts, and the application is frequently
pushed off the CPU to service short send operations. In contrast,
the baseline version maintains longer RUNNING intervals with fewer
interrupts.

Figure 10 illustrates the network events themselves. In the EST
version, the payload size of tcp_sendmsg events is small and nearly
constant, matching the 100B flush policy. The baseline version
sends larger data chunks per message. Together, these observations
correspond to a messaging sequence {msg;} that rises sharply with
workload and a payload sequence {Wloadi} that remains small for
the EST version. In the terminology of Algorithm 1, the predicates
MOREMESSAGESSMALLERPAYLOADS and RISINGNETWORKPREEMP-
TION are satisfied, and B-Perf triggers both small-message-overhead
and messaging-preemption indicators in the EST case.

Answer to RQ3. B-Perf detects messaging inefficiency in the EST
scenario. High message frequency, very small payloads, and in-
creased preemption are visible in the system-level traces and absent
from the buffered baseline, showing that messaging-scope antipat-
terns can be diagnosed without protocol-specific instrumentation.
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Figure 10: Network events in EST execution, showing the small size of the messages.

4.5 ROQ4: External Validation on a Real-World
Multi-Threaded Application

Finally, we applied B-Perf to existing traces from two multi-threaded
applications. The first, Mozilla Firefox, is a widely used open-source
browser with a complex rendering pipeline, substantial I/O, script-
ing, layout, and network interaction. We analysed a document-
processing workload that is known to exhibit long response times
in certain configurations [6]. The trace was collected with LTTng
at system level during repeated document-rendering runs under
increasing concurrency.

We considered a scenario in which one document instance is
rendered in a single window and then repeated in two and three
parallel windows. The average render time increased from roughly
30 s for one window to about 2.2 min for two windows and 5.7 min
for three windows, a clearly super-linear trend also confirmed by
statistical tests in the original analysis of this trace. When we feed
the same trace into B-Perf, the execution behaviour projection re-
ports a strong increase in blocking time on a small set of resources,
while CPU residency becomes skewed toward waiting states as
concurrency grows. The trend-based inference of Section 3.3 flags
an execution-serialisation indicator that matches the qualitative be-
haviour of a One Lane Bridge on an active resource. Messaging and
memory projections remain comparatively stable: message rates
and payload sizes do not exhibit the high-frequency small-message
pattern of Empty Semi Trucks, and allocation and fragmentation
signals do not show the oscillation characteristic of Excessive Dy-
namic Allocation.

We also applied B-Perf to several multi-threaded, open-source
web applications deployed on standard web stacks. Each system was
exercised with workloads consisting of concurrent login or request-
handling operations. Across all applications, the behaviour was
consistent: at low concurrency levels the critical paths of request-
handling threads were dominated by RUNNING intervals with short
waiting phases, indicating balanced CPU usage. As concurrency
increased to a few dozen parallel requests, the critical paths shifted
toward long waiting intervals punctuated by very short bursts of
processing. The execution projection showed that the majority of
delay was due to threads waiting for CPU access, and the inference
step consistently reported execution-serialisation indicators aligned
with a One Lane Bridge on CPU. In all applications, the memory

and messaging projections remained stable and did not trigger any
memory- or messaging-scope indicators.

Answer to RQ4. Applying B-Perf to existing real-world applica-
tions shows that the same trace-driven methodology can highlight
execution bottlenecks in complex traces and distinguish them from
memory and messaging effects. Within the limits of these two case
studies, this supports the generalizability of B-Perf beyond syn-
thetic benchmarks, while broader evaluation on larger industrial
systems remains future work.

4.6 Overhead and Efficiency of B-Perf

Because B-Perf operates at the system level and does not modify the
target application, its runtime impact is dominated by the tracing
subsystem and offline analysis cost. Across all experiments, LTTng
produced traces ranging from a few hundred megabytes to several
gigabytes, and the tracer remained stable without dropped events
or visible disturbance of the application.

To quantify tracing overhead more explicitly, we conducted ad-
ditional microbenchmarks using a standard CPU- and I/O-intensive
workload generator. For a CPU-bound benchmark computing prime
numbers up to a fixed limit, enabling the LTTng tracepoints used
by B-Perf increased the total execution time by less than 0.01%
compared to a run without tracing. For an I/O-bound benchmark
performing random reads and writes on a large data file, enabling
the same tracepoints reduced read and write throughput by about
7-8%. This represents a worst case with many I/O-related events
and remains acceptable for offline performance diagnosis, especially
when tracing can be restricted to specific phases or components.

The analysis pipeline processes each trace in a single pass. Event
filtering, state reconstruction, and metric extraction visit each event
once, so their cost grows linearly with trace size. Critical-path
construction, the most computationally intensive step, remained
tractable for all workloads and did not exhaust main memory. In
our prototype, reading and reconstructing traces with millions
of events completes in a few seconds. On the microbenchmarks
used for overhead measurements, CPU-intensive traces of a few
megabytes took around 2-3s to read and 5-6s to construct the
critical path, while I/O-intensive traces of a few dozen megabytes
required roughly 8-17 s. These costs are incurred offline and do not
affect the timing of the system under test. The experiments therefore
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indicate that B-Perf can handle realistic trace sizes without imposing
additional overhead on the monitored program or complex tuning
of the tracing configuration.
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Figure 11: The memory-related events show how memory is
allocated and freed in the EDA version.

5 DISCUSSION

The evaluation across RQ1-RQ4 addresses the central question
posed in Section 1: system-level execution traces provide sufficient
behavioural information for diagnosing performance antipatterns
in a black-box setting. B-Perf can distinguish antipattern implemen-
tations from their baselines in all three behavioural scopes using
system-level traces alone and, in the external case studies, provides
consistent execution-scope indicators on complex real-world traces.
In the execution case, serialised critical paths, asymmetric CPU
residency, and longer blocking intervals appeared only in the One
Lane Bridge implementation. In the memory case, allocation churn,
unstable memory usage, and fragmentation signals were specific to
the Excessive Dynamic Allocation version. In the messaging case,
dense interrupt activity, very small payload sizes, and frequent
preemption characterised the Empty Semi Trucks scenario but not
the buffered baseline. These results support the main claim that
event-derived behaviour signals are sufficient to expose character-
istic performance antipatterns without source code or intrusive
instrumentation.

A central strength of B-Perf is its behavioural focus. Instead of
matching static signatures or assuming a particular software archi-
tecture, B-Perf reasons about how behaviour evolves under increas-
ing workload and how latency, allocation pressure, and messaging
activity shift across workloads. This trend-based view makes the
method less sensitive to implementation details and programming
language, as long as the operating system exposes a suitable set of
tracepoints. By working at the level of execution, memory, and mes-
saging projections, the approach can be applied to diverse systems,
from microbenchmarks to larger services, without redesigning the
analysis for each target.

The state system reconstruction provides a common substrate
for different classes of antipatterns. Execution issues appear as
blocking and serialised CPU usage, memory issues appear as al-
location churn and fragmentation signals, and messaging issues
appear as interrupt storms and small fragmented payloads. Despite
their different causes, these effects can be expressed in a uniform
way through the projections of Section 3 and the inference pred-
icates of Section 3.3. This shared representation is a key reason
why B-Perf can cover multiple antipattern scopes within the same
framework and can be extended to additional antipatterns that have
clear behavioural signatures.

The approach has limitations. Its accuracy depends on the rich-
ness and granularity of the tracepoints available on the underlying
platform. LTTng provides detailed kernel events on Linux, but
systems with fewer or more coarse-grained signals may limit the
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reconstruction of state systems or reduce the ability to attribute
delays to specific causes. The test programs in the evaluation iso-
late each antipattern with clean baselines, while real applications
often mix multiple behaviours, introduce background noise, or in-
volve layered service interactions. In such cases, the behavioural
indicators may become harder to interpret, and some projections
may require smoothing or additional filtering to separate dominant
patterns from incidental effects. RQ4 shows that B-Perf generalises
to multi-threaded web applications and a complex Firefox trace, but
scaling to larger, highly concurrent industrial systems will require
further validation.

A second limitation is the scope of kernel-level visibility. Kernel
traces capture an application’s interactions with CPUs, memory,
and the network, giving strong insight into resource contention,
scheduling delays, and fragmentation. They do not reveal the inter-
nal logic of the software itself. When performance problems arise
from fine-grained function interactions, inefficient algorithms, tight
in-process loops, or application-level lock contention, the kernel
may show only indirect symptoms. B-Perf is therefore best suited
for antipatterns driven by resource interaction and competition,
and less effective when the root cause is purely internal to the
application. Complementing system-level tracing with targeted
userspace instrumentation is one way to address this limitation.

A third limitation is that B-Perf currently operates in a post-
mortem setting. Traces are collected offline and processed after
execution ends. Integrating B-Perf into continuous performance
monitoring would require online filtering, incremental state recon-
struction, and lightweight reporting. This opens opportunities for
low-overhead live diagnosis but also raises challenges around stor-
age, throughput, and alert precision when traces are long running
and high volume.

The results show that system-level tracing enables black-box
performance diagnosis grounded in observable behaviour rather
than manual instrumentation or application-specific models. B-Perf
provides a structured way to interpret execution, memory, and
messaging trends across workloads, and this can be directly useful
in practice. The method has been integrated into Trace Compass,
a widely used open-source trace analysis environment. Develop-
ers often face many detailed views, such as CPU timelines, critical
paths, and resource-specific charts, without a clear starting point for
investigation. B-Perf offers an initial guidance layer that highlights
the dominant behavioural signals and points analysts toward the re-
sources and threads most likely linked to performance degradation.
It does not replace deeper inspection, but it can serve as a practical
foundation for more comprehensive observability workflows that
combine trace-driven analysis with higher-level context such as
service topology, configuration data, or developer annotations.

6 THREATS TO VALIDITY

Internal validity. The experiments use controlled programs where
serialisation, allocation churn, or small-message behaviour is de-
liberately isolated. Real systems often mix several effects, which
can make the root cause less clear. To reduce this risk, each an-
tipattern was paired with a matching baseline, and workloads were
repeated to confirm stable trends. LT Tng has low overhead in the
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configurations used here, and we did not observe dropped events
or noticeable timing distortions.

External validity. The study focuses on Linux and relies on trace-
points available in LT Tng and the upstream kernel. Other platforms
may expose fewer or coarser-grained events. The microbenchmarks
isolate one behavioural dimension at a time, which does not reflect
the complexity of large multi-threaded applications with I/O, render-
ing, or service-level interactions. Although RQ4 shows that B-Perf
can analyse complex multi-threaded traces, including a Firefox ren-
dering workload and several web applications, broader validation
on diverse, heterogeneous systems is needed.

Construct validity. B-Perf infers indicators from scheduling ac-
tivity, allocation events, fragmentation signals, network payloads,
and interrupts. These signals correspond to the antipatterns stud-
ied, but similar trends can arise from configuration changes or
background interference. Examining trends across workloads and
cross-checking execution, memory, and messaging projections miti-
gates this risk, but ambiguous cases remain possible when multiple
effects overlap or when trace coverage is partial.

Conclusion validity. The conclusions rely on observed behavioural
trends across workloads rather than strict statistical testing. The
goal is to show that system-level signals allow antipattern imple-
mentations to be distinguished from their baselines. Additional
experiments, parameter sweeps, and longer traces would further
strengthen confidence in the robustness of the indicators, especially
for memory- and messaging-intensive software running on busy
systems, and would support more formal statistical analysis of the
inferred trends.

7 CONCLUSION AND FUTURE WORK

This paper introduced B-Perf, a black-box method for diagnosing
software performance antipatterns from system-level execution
traces. The approach reconstructs execution, memory, and messag-
ing behaviour from kernel-level events, which allows analysis with-
out source code access or intrusive instrumentation. By tracking
how behaviour changes with increasing workload, B-Perf identifies
characteristic signals of execution serialisation, allocation churn,
and messaging overhead and summarises them as behavioural indi-
cators.

The evaluation covered three representative antipattern classes
and included traces from real multi-threaded applications. Across
all cases, B-Perf surfaced the underlying issues by analysing re-
constructed behavioural patterns, which shows that system-level
traces contain sufficient information to diagnose diverse perfor-
mance problems. The method operated with low tracing overhead
and processed large trace volumes, an important requirement for
realistic workloads and long-running experiments.

There are several directions for extending this work. Applying
B-Perf to larger multi-component and industrial systems would test
its robustness under more complex interactions and mixed work-
loads. Supporting online or near real-time analysis could enable
integration into continuous performance monitoring and DevOps
pipelines, provided that incremental state reconstruction and light-
weight reporting remain practical. Evaluating the approach on other
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platforms and tracing frameworks and refining the behavioural in-
dicators for scenarios with overlapping effects will further assess
its portability and strengthen its role in continuous performance
engineering.
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