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Abstract:

For production Java microservices, there is an observability gap in tracking
infrastructure cost down to the method level of a source code change. Existing Java
profilers either have low overhead sampling with short retention for unqueryable flame
graph formats or rich events with high overhead that must be manually enabled during
production. Neither approach supports automated regression detection workflows that
fast-moving engineering teams need. A runtime instrumentation architecture supports
(1) configuration-driven bytecode instrumentation, (2) adaptive per-method sampling
that calibrates how much telemetry is collected from each application method based on
how many times that method is called per second, (3) fail-open streaming telemetry that
separates telemetry transport from application execution, and (4) SQL-driven automated
regression detection over a columnar data warehouse with extended retention. It
provides cost and latency telemetry at the method call level with low overhead, a
structured queryable system, and long-term storage. It can automatically detect
performance regressions, attribute costs per method, and provide systematic
performance governance, without requiring source-level modification or manual

profiling of the code under assessment.

1. Introduction

For modern distributed Java services, there is an
observability gap. The costs of infrastructure are
rising, but there is no monitoring solution for
relating those costs to code changes or methods.
With the rise of microservices architectures, it is
now common for a production environment to serve
hundreds of thousands of requests per second
across dozens of independently deployed
microservices, with many commits being deployed
to production every week. In this environment
finding the root cause of performance regressions
can be a manual task that can take several hours.

Profiling tools face limitations, including the low
overhead of statistical sampling profilers but with
unqueryable flame graphs and limited (usually 30
d) resolution of insights within short timescales,
preventing cross-deployment comparison over
longer timescales [1]. In contrast, event-based
profilers produce detailed telemetry but are orders
of magnitude more costly than tracing, forcing
users to prescriptively turn them on and off and
then manually parse binary profile files. These
frictions prevent them from being used

continuously in production environments [2].
Neither approach integrates with data warehouses
for long-term structured storage and retrieval nor
enables automated regression detection workflows
that high-velocity engineering teams need. .

This paper proposes a runtime instrumentation
architecture that provides per-method granularity,
structured queryability, long-term storage, and low
overhead. In this paper, we cover the components
of a production-grade runtime instrumentation
architecture that combines bytecode
instrumentation, adaptive per-method sampling, an
online streaming data pipeline, and an SQL-based
automatic regression detector into a complete
observability stack for high-throughput Java
microservices.

2. Bytecode Instrumentation via Runtime Class
Transformation

Instead of modifying the application's source code
or using compile-time aspect-oriented weaving
(which requires access to the source code and a
compilation step), the system uses a runtime
bytecode manipulation library to intercept class
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loading events. The Java agent implementing the
java.lang.instrument API introduced in Java 5
attaches to the JVM startup via a special main
method called premain(). It reads a declarative
JSON configuration that specifies fully qualified
class names, method signatures, and per-method
sample rates, then registers a ClassFileTransformer
that intercepts target class file loads as the
classloader encounters them, before any application
code is executed [3].

From an implementation point of view, a key
property is the lack of a performance penalty in
using runtime-generated or  runtime-injected
bytecode compared to statically compiled bytecode
from Java source code. In benchmarks performed
on the Sun HotSpot Client VM, the throughput was
243 million loop iterations per second with both
code generation techniques. The two code paths
have similar performance, at 421 million iterations
per second on the IBM JVM and 408 million per

second on the Microsoft CLR [3]. This is
meaningful because this means that the
instrumentation advice we inject at method

boundaries runs at the same speed as handwritten
Java, and there is no JIT-compilation penalty for
the machine code generated by the runtime.

This  configuration-driven  approach  cleanly
separates monitoring and business logic, as required
by the principle of non-intrusive instrumentation.
The advice used to instrument methods can be
added and removed by simply changing the
configuration file without modifying the code,
recompiling, or redeploying application artifacts.
When the agent starts up, each entry is validated,
and if there are unsupported entries or entries that
can't be resolved, the agent will log additional error
information and continue initialization. The fail-
partial behavior avoids issues where misconfigured
monitoring entries would cause an application to
fail to start, disrupting automated continuous
deployment pipelines, for example.

At the instrumented method boundary, we normally
inject code that captures two independent views of
the method execution cost. The first is wall-clock
time (System.nanoTime()), which gives us the total
method execution duration from method entry until
method exit. This includes all forms of waiting, for
example, 1/0 completion, lock contention, and
thread scheduling. Thread-local CPU time, which
can be accessed using the ThreadMXBean.
getCurrentThreadCpuTime() interface, measures
the number of CPU clock cycles consumed by the
instrumented  thread excluding wait time.
Measurement is only done in the ThreadMXBean.
getCurrentThreadCpuTime() interface, not
reflective calls, for performance optimization
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purposes. The overhead of reflective method calls
is meaningful because the arguments have to be
wrapped in arrays of objects, and the return value
has to be unwrapped when the method returns. This
is measured for 10 million method calls in the Sun
HotSpot Client VM. A method with no parameters
takes 3.279 seconds to call, whereas a static method
call takes 0.288 seconds, a virtual call 0.329
seconds, and an interface call 0.372 seconds. A
method with one int parameter and one int return
value takes 7.746 seconds to call, whereas the static
method takes 0.310 seconds, the virtual method
0.346 seconds, and the interface method 0.343
seconds [3]. Table 1 gives these measurements:
Reflective calls are on average 11 times slower for
methods that do not take arguments and an average
of 25 times slower for those that do (in the latter
case, with a meaningful part of the overhead due to
the wrapping of the arguments). When an
instrumentation agent is used to insert timing code
in potentially millions of method calls per second,
the overhead of the reflective instrumentation is no
longer negligible, so that counting the CPU used by
the methods no longer makes sense. In contrast, the
cost of interface-based bytecode injection in the
agent is 0.372 seconds per 10 million calls, the
JVM's least-cost invocation path for the interface
method dispatch.

Measurement ordering is also asymmetric: the wall
clock is started first at the beginning of the method
and stopped last at the end of the method, while
CPU time is sampled second at the beginning of the
method and first at the end of the method. This
ensures that wall time is always greater than or
equal to CPU time. The invariant that active
computation cannot exceed total elapsed duration is
always maintained.

The performance of generating bytecode varies
across JVM implementations. For straight-line
bytecode  generation, the throughput s
approximately 200,000 instructions per second on
Sun HotSpot Client VM, 142,000 on Sun HotSpot
Server VM, 180,000 on IBM JVM, and 100,000 on
Microsoft CLR. Consequently, this has a direct
impact on agent startup time at the JVM startup,
where most of the class transformations are
performed. Table 2 below presents JVM execution
and code generation performance characteristics
relevant to instrumentation design [3].

All the agent's dependencies are packaged into a
single self-contained shadow JAR. This includes a
bytecode manipulation library, a cloud data
warehouse client library, a JSON parsing library,
and a logging library. These third-party package
namespaces are relocated in the agent shadow JAR
to avoid conflict with existing libraries in the
application classpath. The artifact itself is a self-
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contained unit, so it does not require entries in the
classpath or add development dependency to the
application.

3. Adaptive Sampling Strategy

It would be infeasible to collect uniform sampling
across all instrumented methods in a high-
throughput production service because there is a
large variance in how frequently different points in
the call hierarchy are invoked. Entry-point methods
that handle individual inbound requests, for
example, are invoked once per request. These mid-
tier orchestration methods are invoked often. Inner-
loop methods like string formatters, collection
iterators, and encoders/decoders add entropy to the
system. Each of these functions can be invoked
hundreds of times with a single request. With
aggregate service throughputs common to real-
world advertising systems, hot inner-loop methods
can be invoked tens of millions of times per second.
Uniform sampling for all tiers becomes infeasible
in terms of storage cost, ingestion throughput, or
guery performance due to the high data volume of
high-volume, high-frequency paths, even at
moderate sampling rates. [5]

Per-method adaptive sampling decouples the
sampling decision from the single global sampling
rate. Each instrumented method is assigned a
sampling rate based on its estimated call frequency
and a second metric, observability: nominally, how
much extra diagnostic information is gained by
saving one sample of the method's execution,
compared to the storage cost of saving that sample.
High-value entry-point methods that represent the
root of a request's execution tree are given
relatively generous rates, as every sampled request
yields a full request context. Mid-tier methods see
moderate rates. Hot-loops, whose observations
contribute little besides aggregate statistics of all
calls to an instrumented method, receive sampling
rates three orders of magnitude lower than entry
points. This hierarchy greatly reduces the number
of events created by the set of instrumented
methods, while ensuring that the sample density is
sufficiently high to make statistical inference [5].
The implementation is a lightweight sampler
registry using a concurrent hash map. Each Sampler
instance has just a single threshold (a floating-point
value), and each call performs a Bernoulli trial
using a ThreadLocalRandom to avoid contention-
based overhead of concurrent access to shared
Random instances. The registry reuses Singleton
Sampler instances for all methods of a given
sampling rate so that RAM usage is limited to the
number of sampling rates configured rather than the
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number of instrumented methods. This is an
important optimization when dozens of methods
use a few configured tiers [6]. The statistics of
Bernoulli sampling guarantee that the expected
number of samples will be linear in the invocation
rate and that the standard error on the estimated
means will decrease predictably with the number of
samples. This feature guarantees that the least
frequently encountered configurations will be
sampled often enough by the methods with the
highest invocation rate to compute reliable
aggregates and percentiles.

4. Real-Time Data Pipeline and Long-Term
Storage

Collected telemetry flows from instrumented
methods through an in-memory bounded queue
before being transmitted to a cloud data warehouse.
The bounded queue acts as a decoupling buffer
between the high-frequency telemetry collection
path and the comparatively slower network-bound
write path. Crucially, insertion into the queue uses a
non-blocking offer() operation: when the queue has
reached its capacity limit, incoming telemetry
events are silently dropped rather than forcing the
calling application thread to wait. This is a
deliberate  fail-open  design  trade-off that
unconditionally prioritizes application availability
and latency characteristics over telemetry
completeness. A dedicated dropped-event counter
increments atomically on each discarded record,
providing an operational signal that operators can
monitor to detect sustained queue saturation and
tune capacity thresholds accordingly [7].

Transmission from the queue to the data warehouse
is governed by a dual-trigger policy that balances
two competing concerns inherent in batched
streaming systems. A time-based trigger fires at a
fixed wall-clock interval regardless of queue
occupancy, ensuring that telemetry reaches
dashboards and alerting systems with predictable,
bounded latency even during low-traffic periods
when the queue fills slowly. A size-based trigger
fires whenever the queue accumulates a configured
number of events, preventing unbounded memory
growth during traffic spikes when events arrive
faster than the time trigger would drain them. The
two triggers operate independently, and whichever
condition is satisfied first initiates a transmission
attempt. A non-blocking tryLock() mechanism
guards the transmission path so that if a preceding
write operation to the data warehouse is still in
progress—a realistic scenario given network
variability—the current trigger cycle skips
transmission entirely rather than queuing a second
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concurrent write, which could cause out-of-order
delivery or resource contention [7].

The data warehouse schema is architected
specifically to support the analytical query patterns
that performance monitoring requires, rather than
the transactional access patterns that row-oriented
databases optimize for. Each stored record captures
method identity fields, including service name,
deployment version, class name, and method
signature; timing metric fields for both CPU time
and wall-clock time in nanosecond resolution;
sampling metadata, including the configured rate
and the statistically adjusted effective rate used for
extrapolation; and correlation fields, such as request
identifiers and distributed trace identifiers that
enable joins with complementary observability data
sources. Table partitioning by calendar date ensures
that time-bounded queries—which represent the
overwhelming majority of analytical access patterns
in performance monitoring—scan only the
physically co-located partitions relevant to the
selected time window, keeping both query latency
and per-query cost proportional to the time range
examined rather than total table size [8]. Clustering
by service name and method name within each
partition further narrows the data scanned for the
most common query patterns, which filter on these
dimensions. The resulting retention window
substantially exceeds the approximately 30-day
limit characteristic of most continuous profiling
tools, enabling engineers to construct version-over-
version  performance  comparisons  across
deployments separated by weeks or months—a
capability that is essential for detecting gradual,
incremental performance drift that manifests too
slowly to be visible within any single short
retention window.

5. Automated Regression Detection and Cost
Attribution

Structured, searchable telemetry stored in a column
store data warehouse enables a type of automated
performance analysis that cannot be performed via
flame graphs. While flame graphs are a
performance profile rendered as an image of a call
stack frequency and can be read by a human
analyst, they cannot be used for comparison,
thresholding, or creating alerts. By recording
method-level telemetry as relational rows, SQL
gueries run from cron can use the -current
deployment version as a source, join against the
immediately previous deployment version, and
calculate the per-method CPU time difference (in
percentage terms), with structured alert payloads
emitted for any method whose degradation exceeds
a configured threshold [9]. In conjunction with
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minimum sample count predicates on the query,
this eliminates under-sampled methods from
triggering alerts, avoiding false alarms that would
otherwise reduce engineer trust in the system. This
is an instance of a well-known principle for
performance regression detection: a change in
measured behavior can only lead to actionable
performance regression detection if the underlying
sample population is large enough to distinguish
real changes from sampling noise with high
confidence [9].

The biggest practical win is reducing detection-to-
notification latency, as performance regressions in
manual workflows first show as aggregate service-
level metrics (increased CPU usage or increased tail
latency) and then require an engineer to enable a
profiler, wait for sufficient data to be collected,
read a flame graph, and iteratively drill down by
comparing individual methods with the commit
history. This process can take several hours per
incident. With automated SQL to find the
regression, we can remove all the steps leading up
to the human decision. For each alert, we publish
structured information about the modified method,
the version pair, and the severity of the increase, all
within minutes of the degraded version reaching
production traffic. For example, one time a
developer performed a multi-commit deployment
that modified a string join operation in linear time
with one that uses manual concatenation in a loop,
resulting in  quadratic  time  complexity.
Instrumentation narrowed it down to the method
and the version change, such that a project that
would ordinarily take hours to finish could now be
done in under twenty minutes.

Cost attribution extends the diagnostic value of the
telemetry dataset into the cost domain. Each event
in the telemetry dataset has a measured CPU time
and the sampling rate under which it was collected.
The total CPU of a method over any time period
can be estimated by dividing the sum of the
sampled CPU values by the sampling rate. This
estimate is unbiased for the true population cost
under Bernoulli sampling. Multiplying the
estimated CPU-seconds by the dollar cost per core
hour on the underlying compute platform then gives
the cost per method per period of time [10].
Summing the instrumented methods then gives a
ranked cost profile by method for the infrastructure,
making visible, for the first time, which methods
are responsible for which fraction of infrastructure
cost. This enables engineering and product teams to
prioritize code that needs to be optimized based on
potential financial impact, as opposed to gut feeling
or anecdote, and focus on the code that has the
biggest impact on operating cost.
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Table 1: Time in seconds for 10 million method calls on Sun HotSpot Client VM [3].

Call Type No Arguments (sec) Integer Argument and Result (sec)
Direct static call 0.288 0.31
Direct virtual call 0.329 0.346

Table 2: Execution speed of compiled vs. runtime-generated bytecode loops, and bytecode generation throughput
across JVM platforms [3].

IVM Platform Comp_lled Loop (M Gener_ated Loop (M Code _Generatlon (K
iter/sec) iter/sec) instr/sec)
Sun HotSpot Client VM 243 243 200
Sun HotSpot Server VM oo (dead code elim.) oo (dead code elim.) 142
IBM JVM 421 421 180
Microsoft CLR 408 408 100
6. Conclusions empowers teams to tie decisions to the
infrastructure bill, enabling them to prioritize
Together, they show that  method-level optimization work based on data rather than
observability at enterprise scale is possible without ~ intuition. Together they take organizations from
intrusive  code changes, excessive runtime reactive firefighting into continual, systematic
overhead, or unmanageable data costs. Each performance governance, making infrastructure

architectural layer addresses a limitation that
existing profilers suffer from. Runtime bytecode
transformation inserts instrumentation without
having to compile program source. Adaptive per-
method sampling manages the volume of system
telemetry data produced by modulating the
telemetry collection rate of each method based on
its observability value. Fail-open streaming
decouples telemetry transmission from application
execution, avoiding production outages triggered
by instrumentation infrastructure failures. Finally,
SQL-based automatic analysis records and searches
for regression without repeated human analysis of
traces.

This has resulted in a monitor that is low-overhead,
low-cost, and actionable. Before TempusCore, this
combination of traits was not possible for
production profiling. Engineers had to make trade-
offs for expensive data, low queryability, or low
configurability.

The long-term benefit of this architecture is not just
that it solves an operational problem. When
method-level performance data is continuously
collected, durably stored, and automatically
analyzed, it is not a ‘what went wrong?' concern but
part of preemptive performance engineering. It's a
proactive, continuous, data-centric discipline that
gives engineers a source of truth that spans any
given deployment for how a given method behaves,
taking the guesswork out of performance
conversations. This data can be retained long
enough to establish trends, helping expose gradual
decreases in performance that would be hard to see
in shorter periods, and preventing regressions from
becoming user-facing problems. Cost attribution
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efficiency a first-class engineering discipline with
the same rigor and accountability as correctness and
reliability.
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