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Abstract
Warehouse-scale services form the backbone of major cloud
services relied on by billions of users every day. As these sys-
tems grow increasingly complex, understanding them and
finding opportunities for optimization becomes more and
more difficult. In this paper, we present QProf, a distributed
systems profiler built upon RPC tracing. Going well beyond
prior work that focuses on fleetwide profiling of single pro-
grams, QProf focuses on cost profiling of entire services. By
treating a distributed program as if it were a single process,
QProf can produce call-graph profiles of entire systems, so
it can measure the transitive cost of services through the
entire stack of backend dependencies. QProf is backed by
a novel tracing mechanism called skeletal tracing which is
exceedingly low-overhead and invisible to applications, en-
suring that tracing minimally perturbs application behavior.
An ambient per-query CPU profiler ensures high profiling
coverage across thousands of microservices without manual
instrumentation, and new fan-in APIs provide support for
representing batched requests in a tracing data model that
is tree-centric. QProf processes billions of traces per day to
produce aggregated datasets which can be queried by engi-
neers. Despite the sampled nature of traces, QProf is highly
accurate in measuring QPS and CPU across thousands of
microservices in an extremely diverse datacenter fleet. QProf
has been deployed for every job in Google’s production fleet
for several years. It has a myriad of use cases, and we present
several case studies showing how it has been used to find the
“room-at-the-top” in complex systems and optimize them
across many dimensions.

CCS Concepts: • Computer systems organization →
Cloud computing; Client-server architectures; • Gen-
eral and reference→ Performance.
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Each flame block represents the transitive 
cost of a particular service.

Collect billions of traces. Every span is 
annotated with cost metrics ($).

Each span in the trace is converted into a callstack. 
The cost of each stack is shown as the width.

Add up trillions of callstacks per day, merging common callstacks 
together by resource usage, to obtain a flame graph.
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Figure 1. High-level view of the QProf data pipeline: 1)
billions of distributed traces are collected over the fleet, 2)
converted into a set of callstacks with resource usage metrics,
and 3) added together to form aggregate views (like flame
graphs) to show the source of cost in the system.
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1 Introduction
In recent years, the importance and public awareness of data-
centers has grown to huge proportions. All cloud services to-
day are powered by warehouse-scale computers [9], running
on thousands of datacenters around the world. As Patterson
and Hennessy said, “the data center is the computer” [24, 34],
and their programs are no longer single binaries, but a web
of microservices communicating over the network using re-
mote procedure calls (RPCs). Designing high-performance
and reliable warehouse-scale systems is among the most
important challenges today facing systems architects.
Due to the complexity of distributed systems, being able

to understand their behavior and performance is critical.
Engineers rely on real-time monitoring, logs, tracing, and
profiling, spawning an entire industry around cloud-scale
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Figure 2. Examples of distributed system behaviors that QProf can answer. a) How much work is being wasted when RPCs
return errors? b) How many resources can be saved by adding a cache in the middle? c) How many resources can be saved by
processing requests as a batch? d) How many batch jobs are issuing RPCs with low latency QoS requested, even though those
jobs aren’t latency-sensitive, and thus are competing with real high-priority jobs for shared resources?

telemetry [1–4, 12, 19, 23]. From an optimization perspective,
most of these tools are used to make systems do the same
work faster. CPU profiling can identify and optimize hot
functions, while distributed traces can identify the causes
of slow requests. In contrast, much less attention has been
paid to the problem of finding less work to do - or better yet,
entirely skip. The fastest memcpy is the one you don’t do; the
cheapest search query is the one whose results were cached.
This idea of performance optimization by doing less work
for the same result (instead of just making the same work
faster) was coined the “room-at-the-top” [29]. In complex
distributed systems, there are plenty of such opportunities,
but there are no standard techniques for finding them.
In this paper, we present QProf, a holistic profiler which

can illuminate many types of “room-at-the-top”-style oppor-
tunities in warehouse-scale systems. QProf is built on top of
distributed Dapper tracing [37], which works by sampling
a small fraction of requests to capture additional metadata
like RPC latency, developer-inserted annotations, and more.
Traces are typically used for debugging latency, but in this pa-
per, we adopt them as the basis of a profiler for cost metrics
like CPUs, TPUs, disk, and more. Cost metrics are funda-
mentally different from latency because they can simply be
summed up, whereas latency must account for parallelism.
By attaching cost-per-query data into traces, QProf is able to
measure transitive query cost - the cost of a query and any
subsequent queries sent to its backends (and their backends)
- at any layer of a distributed system. Just like many CPU
profilers can show flame graphs for individual services [1–
4, 23], QProf provides RPC callgraphs for distributed systems
to visualize resource usage (Figure 1).

The key idea of QProf is measuring per-RPC cost, attach-
ing it to the corresponding trace span, and summing the

total cost of the request when assembling the whole trace.
However, there are many problems with this simple framing:

• Cost profilers must have high coverage in order to
be broadly useful, but achieving high coverage across
thousands of diverse microservices without manual
instrumentation is difficult.

• Estimating absolute resource usage from traces re-
quires dependable sampling semantics, which can be
thwarted by non-uniform sampling.

• Tracing overheads will skew the data unpredictably.
• Applications can introduce tracing-dependent behav-
ior, making any data derived from those traces com-
pletely unrepresentative.

QProf solves all of these problems by radically re-thinking
how distributed tracing interacts with applications. First, we
built an entirely new type of tracing called skeletal tracing.
This is an ultra-low-overhead tracing mechanism specifically
designed to enable accurate profiling of distributed systems
at scale. As the name implies, skeletal tracing is very bare-
bones: each trace contains only the minimal amount of data
needed to support cost profiling and nothing else. Skeletal
tracing is invisible to applications, preventing code from
behaving differently when traced vs not, and this ensures
that the traces capture representative behavior. Second, we
integrated an ambient per-query CPU profiler with tracing
for all C++ and Java services (which comprise nearly all CPU
usage) to automatically capture CPU usage data. Third, we
designed new APIs to model request batching behaviors in
traces. These APIs provide well-defined sampling semantics
which allow us to reliably measure the cost of batches in the
fleet. Fourth, we built an offline pipeline to process trillions
of spans from billions of traces every day, creating a huge
database of fleetwide profiling data for developers to query.
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QProf has been deployed to every single job in Google’s
planet-wide datacenter fleet, and over the past several years,
developers have found a myriad of use cases. Figure 2 illus-
trates some interesting questions we will explore, ranging
fromwasted work to priority inversions.While some of these
capabilities may have been possible to achieve with existing
tools, many of them require bespoke instrumentation and
are generally system-specific. In contrast, QProf requires no
production changes by service owners and works for every
service in our fleet. To the best of our knowledge, this is the
first work to present the design, deployment, and validation
of a tracing-based profiler for warehouse-scale systems.

In short, our contributions are:
1. A discussion of all the subtle reasons why building a

cost profiler with distributed tracing is complex.
2. Skeletal tracing: a lightweight, invisible tracing mode

which provides reliable, accurate cost data.
3. An integration between tracing and an ambient pro-

filer to accurately measure CPU cost per query without
any manual instrumentation.

4. The careful design of fan-in APIs to support cost profil-
ing of batched requests within the tracing data model.

5. Deployment and validation of a trace-based profiler in
warehouse-scale systems.

6. A set of case studies showing howQProf has been used
to find and quantify novel optimizations in distributed
systems, saving millions of CPU cores, thousands of
TPUs, and many petabytes of disk storage.

2 Distributed tracing overview
In this section, we provide a brief overview of distributed
tracing, focusing on the concepts which are important for
building a distributed systems profiler.

2.1 Trace structure
A trace represents a distributed computation. For example,
a search query would produce a trace containing informa-
tion about the behavior of every service that participated
in fulfilling the query. A trace is uniquely identified by a
64-bit trace ID, which is assigned to a top-level request and
propagated across threads and RPCs.
Traces are composed of spans. A span is a logical unit of

work in the trace. Every span is assigned a 64-bit span ID
(unique within the trace). Each span also carries its trace
ID and its parent span ID to support trace assembly, as well
as vital debugging information like the RPC name, latency
of the query, job attributes, timestamped annotations, and
tracing metadata. Dapper traces are trees1 of spans.

2.2 Sampling of traces
Since tracing every RPC on every service would be prohibi-
tively expensive, we sample requests for tracing. Traces are
1Traces can be forests, but most well-formed traces have a single root.

used for a wide variety of purposes and scenarios, so there
are a variety of sampling mechanisms. In this paper, the
following two categories are most relevant:

• Uniform: a query will be sampled with probability 1/N.
This allows one to make strong statistical statements
about average population behavior.

• Forced: this allows code to manually force a query to
be sampled based on arbitrary business logic. This
is particularly useful when developers want to trace
rare but specific behaviors which are unlikely to be
uniformly sampled.

Sampling decisions are generally made at the root of a
request and propagated downwards, so that requests which
weren’t already sampled will remain so. However, services
in the middle can override this decision. For instance, a root
service might be configured to sample 1/100k requests, but a
mixer service wants to trace 1/1000 requests, regardless of
whether they were already sampled. This can create partial
traces which start in the middle of the request’s processing.
As shown in Figure 3, partial traces include the middleware
service and all its dependencies, but none of its ancestors.
The existence of such traces is important because as we will
discuss, they impact the kind of data that is available and
usable for fleetwide profiling.

2.3 Instrumentation API
All of the tracing metadata described above – trace/span
IDs, sampling decisions and probabilities, etc – are stored
in a structure called the TraceContext. A TraceContext is
the code representation of a span. When a service receives a
request, it will deserialize all of the accompanying tracing
metadata, create the TraceContext, and install it into the
current thread by copying it to thread-local storage (TLS).
Through the TraceContext, applications can check whether a
request is traced, record tracing annotations, and create child
spans. Asynchronous callbacks can capture (create a copy of)
the TraceContext and store it alongside the std::function
to be executed. When that functor is eventually executed, it
first installs the TraceContext into TLS.

The lifetime of a TraceContext determines the latency of
the span it represents, but callbacks can make copies of a
TraceContext, and it’s unclear which copy will be the last
one, as async work can be delayed indefinitely, in princi-
ple. Therefore, TraceContexts are reference-counted to track
the number of copies created. The span latency is recorded
as the delta between the destruction (of the last copy) and
construction (of the first copy) of the trace context. All trac-
ing data associated with the TraceContext is sent when the
TraceContext is destroyed.

Finally, users can create custom spans to indicate a smaller
chunk of work that they want to track using the LocalTraceS-
pan API. This is a scoped object which creates a correspond-
ing TraceContext and installs it in the current thread. When
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Figure 3. Root vs non-root sampling for a hypothetical ser-
vice. A root-sampled trace produces a full request tree, while
a non-root-sampled trace produces a partial trace. A partial
trace is missing cost coverage for some services, making it
unsuitable for fleetwide cost profiling.

it goes out of scope, the TraceContext is uninstalled, but
the user is free to capture it if necessary as described above.
This is also how users can change sampling parameters, e.g.
force-trace a request:

LocalTraceSpanOptions options(

"EmailService.FetchMessage");

options.force_trace = true;
LocalTraceSpan span(options);

/* Now a TraceContext has been created and

installed. Do work. */

3 Challenges with Profiling Traces
Distributed traces are generally designed to debug latency
problems, which is like finding the needle in the haystack.
In contrast, cost profilers care about the haystack for an-
swering questions like “where is this application spending
its CPU cycles”. This fundamental mismatch creates several
fundamental problems for building a cost profiler on traces:

1. Users have a lot of control over what is or isn’t traced,
which skews traces away from an unbiased sample.

2. Tracing overhead is highly unpredictable, making CPU
measurements of traced queries unreliable.

3. Applications can change their behavior in significant
ways when tracing is active, rendering the traces un-
representative of general behavior.

We will discuss why these issues are important to solve.

3.1 User control of tracing decisions
As mentioned in Section 2.2, we offer many mechanisms to
initiate tracing. The two main categories are uniform and
forced, and either of these can be triggered either at the
root of the query or at any point further down in the query
execution. However, to build a cost profiler from traces, we
assert that the traces must be uniformly sampled and root-
initiated:

Status s = SendRPC();

while (s != OK) {

LocalTraceSpanOptions options("Retry");

options.force_trace = true;
LocalTraceSpan span(options);

s = SendRPC();

}

Figure 4. Simplified example of real tracing code in the
codebase. If retries account for a large fraction of total traffic,
nearly every request will be forced-traced, resulting in no
uniform traces for cost analysis.

• Uniform sampling produces an unbiased data popula-
tion in which every sample has a well-defined statisti-
cal weight (1/𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔_𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦).

• Root-initiated traces contain the entire distributed
computation, while non-root initiated traces will only
contain partial data, thus over-representing lower-
level systems in the data.

To estimate the total cost represented by a set of traces, we
need to apply inverse probability weighting using the follow-
ing weighted sum (called the Horvitz-Thompson estimator
[25]), a process we’ll refer to in this paper as “unsampling”:

𝑡𝑜𝑡𝑎𝑙 =

𝑠𝑝𝑎𝑛𝑠∑︁
𝑛

𝑐𝑜𝑠𝑡𝑛 ∗ 1.0
𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔_𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑛

(1)

User control of tracing disrupts this process. For one, a
force-traced request doesn’t have a well-defined sampling
probability. It depends on what fraction of all requests hap-
pen to meet the criteria set forth in its custom business logic.
This probability is impossible to determine at runtime and
infeasible to estimate after the fact by any reasonable means.
Furthermore, requests can be sampled by middleware ser-
vices, rather than at the actual root of the request (like an
HTTP server), thus creating a partial trace. For both of these
reasons, forced traces must be excluded from the data set.
In the extreme case, this can result in no usable data at

all. Consider the real example in Figure 4 we found in the
codebase. The code’s intent is clear: it wants to ensure traces
are available for debugging if the first RPC fails. But if the
retry rate is high, then most of the traces produced by this
application are force-traced, which cannot be used for statis-
tical analysis. This renders most of the cost incurred by this
code invisible to a tracing-based cost profiler.
In summary, we need a population of complete and uni-

formly sampled traces for cost analysis, but the existing
tracing APIs allow users to influence tracing decisions in
ways which render traces unusable.
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3.2 Tracing instrumentation overhead
All tracing systems introduce overhead. For every annota-
tion, CPU must be spent to generate it, memory needs to be
allocated to store it, and that data is held in memory until
it can be sent to tracing backends. To reduce this overhead,
most annotations are only generated if the current request is
traced. This means that traced requests are inherently more
expensive than non-traced requests (i.e. 𝑐𝑜𝑠𝑡𝑛 in Equation 1
is higher), so the aggregated cost data derived from tracing
will be larger than the true value. This isn’t a huge issue if
the overhead is small and predictable, but tracing overhead
depends on how many annotations a particular query added
and how expensive those annotations were to generate. This
is not possible to correct after the fact at scale, making the
resulting data unreliable across systems.

3.3 General observer effects
An observer effect is when the act of observation changes
the thing being observed. Adding annotations only for traced
requests is one example, but there are much more insidious
possibilities. Because applications can detect when they’re
being traced, they can do essentially anything – including
making RPCs – but only when traced. This means the trace
may contain spans that otherwise would not exist if the
request weren’t traced! As a concrete example, many appli-
cations will log additional metadata to other systems about
a query when the query is traced, for later debugging, as
shown below:

void LogIfTraced(TraceContext ctx) {

if (ctx.is_traced()) {

Metadata md = /* create metadata */;

// This sends an RPC to a service

// named Logger.Log.

WriteToQueryLogsViaRPC(md);

}

}

As a result, every trace will contain an RPC to Logger.Log.
If we treat the traces as representative of overall behavior,
we’d conclude that all queries will call Logger.Log, when in
reality, it’s only the tiny fraction of traced requests. If the
sampling probability of these requests is 1%, then each trace
will have a weight of 100, which means when we estimate
total cost based on traces, the cost of Logger.Log would be
overestimated by 100x! This is not merely a theoretical prob-
lem: it actually exists in our services and originally caused
our data to be orders of magnitude too high in these cases.

3.4 Lack of support for batching
Dapper traces represent distributed computations as a tree,
in which work from upper-level services is fanned out to
multiple lower level services. This behavior is still the most
common in large distributed systems (likely because it is easy

Incoming requests

batch of requests

Service

Q: should the 
batch be traced?

Figure 5. A group of four requests, one of which is traced
(in dark gray), gets handled as a single batched request in
the service. Should that batched request be traced, and if so,
what would the sampling probability be?

to understand, implement, and monitor). However, many ser-
vices will merge multiple requests and process them together
as a single request. This is called batching, and it creates a
“fan-in” trace structure (Figure 5). This poses two challenges
for cost profiling: 1) how to “split” the batch’s cost across
the individual requests inside, and 2) how to define precise
sampling semantics.
Figure 5 illustrates the problem of sampling. If a set of

independent requests are batched together and sent as one
new batched request to a server, should that new batched
request be traced? When we surveyed applications that used
batching, most would simply trace the batch if any of the
requests were traced. In principle, we could compute the
probability of tracing the batch like so:

𝑝𝑏𝑎𝑡𝑐ℎ = 1 −
𝑁∏
𝑖

(1 − 𝑝𝑖 ) (2)

where 𝑝𝑖 is the probability of tracing the 𝑖-th request in
the batch. But determining 𝑝𝑖 in practice is impossible for
two reasons: 1) if a request wasn’t traced, there’s nothing
that stores 𝑝𝑖 so we don’t know its value, and 2) requests
which are non-uniformly sampled (e.g. force-traced) don’t
have a well-defined probability. Thus, in order to unsample
the cost of batched requests, we must have well-defined
sampling semantics which don’t depend on whether the
requests inside were sampled or not.

4 QProf: A Trace-Based Cost Profiler
QProf is a profiler for distributed queries. The fundamental
idea is simple: a trace represents a single distributed compu-
tation, so if we can measure the cost of each span within the
trace, we can simply record that cost to the trace and sum
them up across the billions of other traces that are recorded
on a daily basis.

To overcome the fundamental problems elucidated in Sec-
tion 3, we built skeletal tracing, an invisible, ultra-lightweight
tracing mode which keeps the active tracing overhead as low
as possible and prevents applications from knowing whether
they’re being traced. In addition, we also built two new fea-
tures: native per-query CPU profiling and fan-in APIs that
allow traces to model batching and queuing systems. Finally,
we built an offline postprocessing pipeline which processes
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Figure 6. An example population of requests. Yellow re-
quests are traced and more expensive due to overhead. The
most representative way to sample them for accurate cost
estimations is to ignore their tracing status. The other two
methods are unrepresentative and result in either overesti-
mation or underestimation of cost.

trillions of spans every day, turning them into a set of aggre-
gated, “RPC-stacks” which can be sliced and diced to produce
interesting cost profiles of distributed queries.

4.1 Skeletal tracing
Skeletal tracing is an invisible tracing mechanism which
produces a “bare-bones” trace, containing only the trace
structure, a small set of critical annotations, and nothing
else. In aggregate, skeletal traces define a statistically unbi-
ased subset of all query behavior, enabling reliable aggregate
measurements of cost. Skeletal tracing supports C++, Java,
Python, and Go, which together comprise essentially all ser-
vices in the fleet. It is characterized by several notable proper-
ties: independent sampling, invisibility, minimal annotations,
and limited APIs.

4.1.1 Independent random sampling. Consider the pop-
ulation of queries shown in Figure 6. If we want to uniformly
sample four queries which represent the overall population,
we should select three untraced requests and one traced re-
quest. Any other sampling outcome - like selecting only the
traced requests or only the untraced requests - will lead to
a skewed sample. This is the sample of requests that are
selected by skeletal tracing. In order to produce this result,
skeletal tracing is an independent uniform sampling mecha-
nism, unrelated to any other tracing decision.

Therefore, skeletal tracing defines a population of requests
that can be reliably used for statistical analysis. Note that it’s
entirely possible and intentional for some requests to be both
“normally” traced and “skeletally” traced. These are simply
“normal” traces (with all annotations) that also happen to be
included in the skeletal population. These sampling decisions
are all recorded inside the TraceContext.

Finally, all skeletal traces are sampled at the root of the re-
quest tree. Users cannot request a skeletal trace to start in the
middle. This guarantees that every skeletal trace represents
the entire distributed computation.

4.1.2 Invisibility. Compared to “normal” tracing, the sta-
tus of a skeletally traced request is invisible to the appli-
cation. The API TraceContext::is_traced will always re-
turn false, and all public annotation APIs are no-ops. This
means that the resulting trace consists of mostly the spans
and nothing else. All the other work associated with tracing
is elided, reducing the runtime overhead to just span creation
(which is very cheap).

4.1.3 Critical annotations. Of course, we need to write
some information (notably cost-per-query), or the traces
wouldn’t be very useful. We implemented restricted APIs us-
ing the passkey idiom, allowing only certain code (like RPC
frameworks and tracing libraries) to add critical annotations
like CPU/TPU/memory/etc. cost. This does limit the util-
ity of skeletal traces to cost profiling and high-level latency
debugging. Skeletal traces do not replace normal traces.

4.1.4 Limited user control. To prevent applications from
introducing observer effects, clients cannot alter skeletal
tracing decisions via any public APIs. All the usual tracing
options (like force-tracing) do not apply to skeletal tracing.
There is one exception: applications can set the global skele-
tal tracing rate for requests that they initiate, so that low-QPS
services can elect to (uniformly) trace more requests.

4.2 Per-query CPU profiling
CPU usage is one of the most important resource metrics
that profilers should support. To measure the cost of a single
RPC, a naive solution might be to instrument the code, like
so:

void RunQuery(const Request& r) {

// Records the current trace_id.

ScopedCpuMonitor monitor(

TraceContext::Current());

// Process the request.

// When the function exits, the monitor

// will write the value to the trace

// before being destroyed.

}

However, achieving 100% cost coverage via manual instru-
mentation at scale is virtually impossible. A single query
might traverse through dozens of microservices owned and
maintained by different teams around the world, and tran-
sitive cost is only meaningful if all the downstream depen-
dencies are covered. And even if most services use shared
RPC handling frameworks, any asynchronous work which
gets run outside of the primary RPC handler would need to
be separately instrumented. Over millions of lines of code, it
is infeasible to manually instrument them all.

Instead, we solve this problem by integrating tracing with
an always-on ambient CPU profiler. This CPU profiler –
which has existed for over a decade – runs continuously
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in the background of every process. It registers a userspace
per-thread POSIX timer which fires an interrupt every 10
ms of CPU time and captures a stack trace. It can measure
the self (not transitive) costs of every RPC by “tagging” CPU
usage data with the currently active RPC method name. Also,
it does not care if RPCs are traced or not, so it is unaffected
by the tracing-induced problems described in this paper.
Our key insight was to add a simple atomic counter to

the TraceContext (which is a per-query data structure). The
profiler’s interrupt handler will increment this counter for
whichever TraceContext was installed in the current thread.
This only happens for traced requests, but over time, expen-
sive RPCs will accumulate more interrupt ticks than cheaper
RPCs. Since our RPC frameworks and scheduling libraries
ensure that the TraceContext is correctly propagated and
installed, and all of our services must use these libraries, we
know that all CPU usage spent on query processing can be
attributed to a particular TraceContext.
Unlike other solutions in the industry [19, 23], our inte-

gration between tracing and CPU profiling writes the CPU
data directly to traces, rather than tagging CPU profiling
samples with high cardinality trace_ids and span_ids. At
warehouse-scale, tagging CPU samples like that would bal-
loon the total size of the profiling database, because many
identical CPU samples can no longer be aggregated. It is also
wasteful: > 99.9999% of collected traces are never individ-
ually viewed, and so preserving that much detail in CPU
samples is unnecessary. In addition, joining two large tables
based on trillions of unique trace/span IDs at query time
would be extremely expensive.

At the end of a traced query, this counter is written as
a critical cost annotation on the trace. This happens when
the TraceContext’s refcount drops to zero, indicating that
all work (asynchronous or not) for this request has been
completed. Note that the end is not indicated by when the
response was sent. Deferring work to be run asynchronously
after the response is a common latency optimization.

Since sampling decisions are propagated across RPC bound-
aries, every span in a trace will have CPU cost information
included2. Since the sampling frequency is coarse, the mea-
surements of individual spans are very noisy. In fact, most
spans will have a CPU cost of zero because the profiler did
not fire during the span’s lifetime (a limitation which exists
in other solutions [23]). But over trillions of spans collected
every day, we can build an accurate statistical picture of how
much CPU is consumed by a particular RPC method.
In practice, any cost measurement can be recorded to a

trace, not just CPU time (this just happens to be the hardest to
implement). Many services will report application-specific
cost data to a central monitoring system for every query

2For C++ and Java services only. The background CPU profiler has very
limited support for Go and Python, so these services will report zero CPU
cost, but they account for a negligible fraction of CPU in our fleet.

Figure 7. For the two largest users of batching, the average
cost per batch is linearly proportional to the number of re-
quests in the batch. Some services may experience non-linear
behavior at larger batch sizes; however, such large batches
are rarely observed in practice, as we will show later.

(prominent examples include HDD and SSD ops, TPU us-
age, and network traffic), but the monitoring system only
stores aggregated data. To preserve per-query cost granu-
larity, we instrumented these cost reporting APIs so that all
cost measurements are automatically logged to traces.

4.3 Batching APIs
To solve the batching problem, we designed the Batched-
TraceContext API. A BatchedTraceContext creates and stores
a new TraceContext which represents a batched operation.
As shown in Figure 8, this new TraceContext is a root context
(it has no parent). When it’s created, we first flip a uniform
sampling coin with a pre-defined probability (e.g. 1/10k). If
the batch is sampled, then this TraceContext can be used
for cost profiling, because it’s the result of a fair coin flip.
We then start adding requests to the batch. This does two
things. First, it adds a logical link between two distinct re-
quests (which have different trace_ids). Second, if the batch
wasn’t already sampled, but one or more of the requests
were, then we retroactively make the batch non-uniformly
sampled. This preserves the existing behavior expected by
applications – which is that a batched request is traced if
any of the requests inside are traced – while preventing the
batch from polluting aggregated data.

To distribute costs of a batch back to the parents, we make
a key simplifying assumption: the cost of a batch is linearly
proportional to the batch size (i.e., cost of RPCs inside a batch
is equal on average). Figure 7 for the two largest services
using batching shows that this is generally true up to a point.
Batch sizes (in number of requests) are driven by traffic
volume, so we can use a QPS-based process to perform batch
cost attribution. During the trace transformations portion of
the postprocessing pipeline (see next section), we randomly
sample one of the skeletally traced parents that are linked to
the batch operation (assuming one exists), weighted by the
inverse sampling probability. This process produces a fair



SOSP ’26, September 29–October 2, 2026, Prague, Czech Republic Xi et al.

A

A

During callstack conversion, 
randomly sample one of the 
requests to be the parent of 
the batch.

1

2

B

trace_id: 3

+ 9 untraced requests

BatchedRequest, size = 11

CallBackend

HandleBatch

BatchedReq
B

Batched..

3

Figure 8. When a system uses batching, 1) QProf collects
the initial requests (A+B), 2) creates a new trace span repre-
senting the batch and links A and B to the batch span, and
3) randomly samples one of the traced requests to be the
batch’s parent during callstack conversion. This allows cost
to flow from the roots of A and B to the leaf services.

sampling over the parent trace’s QPS distribution. Then we
“stitch” the batched trace into the parent trace, merging two
distinct traces into one (see Figure 8, step ❸). When these
callstacks are aggregated, we can statistically distribute the
total batch cost over all the parents, without needing to split
the cost of any one batch.
The BatchedTraceContext API is designed primarily for

batching a relatively small number of RPCs which all look
alike. This is not always the case. In large systems, back-
ground work like garbage collection or database compaction
often happens periodically. In a sense, these are all batched
operations, but precise client attribution may be infeasible.
For example, compactions are driven by write-heavy clients,
but compactions happen relatively rarely, with thousands of
writes having been committed in between. Using Batched-
TraceContext to hold thousands of TraceContexts in memory
could incur substantial memory overhead. In these cases, this
API is not suitable, and systems will need to design their own
background cost attribution methods. Some will track total
QPS per client user (instead of per request) and perform
chargeback proportional to traffic volume. Others simply
pay for these background costs themselves without trying
to charge clients at all.

4.4 Postprocessing pipeline
The pipeline transforms the trillions of spans collected daily
into a smaller dataset that can be interactively queried in
just a few seconds. There are three phases:

4.4.1 Callstack expansion. The data arrives in the form
of one row per span (with columns like trace_id, span_id,

parent_span_id, cpu_time, etc). This is transformed into a
set of RPC callstacks, going from every span to the root as
shown in step 2 of Figure 1. If the average depth of a span
was M, and there are N spans, then callstack expansion will
produce O(N*M) rows of data. This is a huge expansion of
the total data volume, which we will shrink later on.

4.4.2 Unsamplingweights. For each sample, we compute
a statistical weight, indicating how many queries from the
total population are represented by this sample. We care
mostly about the rate of resource usage – e.g. we think about
CPUs rather than CPU-seconds – so we convert the weight
into a rate by dividing by seconds-per-day:

weight =
1/sampling probability

60 ∗ 60 ∗ 24 (3)

The total average daily cost of a set of spans is thus the
following weighted sum:

total average cost =
N spans∑︁

𝑖

weight𝑖 ∗ cost𝑖 (4)

Similarly, the QPS for any span can be computed simply
by summing up the weights. This is a very powerful property,
because standard monitoring libraries only report QPS for
RPCs, but QProf can report QPS for any operation in a trace.

4.4.3 Trace transformations. The pipeline runs the batched
operation stitching procedure, as described in the previous
section. In addition, it also does a variety of other trace trans-
formations to handle some special cases, which we won’t
discuss for brevity.

4.4.4 Callstack aggregation. Thus far, the data volume is
much larger than it was initially due to callstack expansion.
To reduce this down to a manageable size, we note that 1)
most spans report a cost of zero and thus don’t contribute to
the weighted sum, and 2) many traces/spans are nearly iden-
tical in structure. Thus, we split the data into two parts: one
for spans which contain zero cost, and one for all the others.
The costly spans are preserved as-is. The zero-cost spans
are first downsampled (e.g. at a rate of 10%). For each of the
remaining spans, we compute a callstack signature, which
contains the most important and discriminating informa-
tion (like span name and job metadata), while dropping high
cardinality fields like build commit hashes and averaging
certain non-cost metrics like latency. Downsampling these
spans (as opposed to dropping them altogether) preserves
the ability to compute QPS (which is just the sum of weights).
We group all these samples by callstack signature, sum up
their weights, and scale up by the downsampling factor. This
process reduces overall storage by 10-20x with no impact on
cost metric accuracy.
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5 Results
QProf has been deployed at scale to every job running in
our datacenters around the world. It has been operating for
many years, serving a myriad of use cases. In this section, we
evaluate the accuracy of QProf in measuring QPS and CPU
usage and the improvements in accuracy metrics provided
by skeletal tracing. Comparison of QPS accuracy is useful
because QPS is not affected by tracing overhead, allowing
us to isolate how much improvement comes from observer
effects and independent sampling.

Our source of ground truth is the background CPU profiler
described in Section 4.2, which provides accurate self-cost
data. It is impossible to validate transitive CPU cost at scale
(if such a profiler existed, then we wouldn’t need QProf).
Our evaluation is based on the assumption that if self cost is
accurate and trace structures are unbiased, then transitive
costs are also accurate.

Since QProf is RPC-centric, we compare numbers against
the actual QPS and CPU usage for every unique RPC profile.
An “RPC profile” is represented by the tuple (RPC name, job
user). The RPC name generally looks like Service.Method,
and the job user is the role that is running the server which
hosts the RPC method. RPC names are not unique, but the
combination of RPC name and job user is. There are O(10k)
such RPC profiles in the data. For each RPC profile, we com-
pute the error between QProf and ground truth (from the
background profiler described in Section 4.2). We use the
symmetric error function given in Equation 5:

𝑒𝑟𝑟𝑜𝑟 =


𝑄𝑃𝑟𝑜 𝑓

𝐴𝑐𝑡𝑢𝑎𝑙
− 1, 𝑄𝑃𝑟𝑜 𝑓 >= 𝐴𝑐𝑡𝑢𝑎𝑙

−(𝐴𝑐𝑡𝑢𝑎𝑙
𝑄𝑃𝑟𝑜 𝑓

− 1), 𝐴𝑐𝑡𝑢𝑎𝑙 > 𝑄𝑃𝑟𝑜 𝑓

(5)

This produces an intuitive result: if QProf is 10% higher
than reality, it will report 0.1, and conversely, if QProf is 10%
lower than reality, it will return -0.1.

Figure 9 shows the distribution of QPS measurement error
over all RPC profiles. If QProf were perfect, we’d expect a
single vertical line at error = zero (100% of RPCs have zero
error). Of course, QProf is not perfect, but it is still very ac-
curate at measuring QPS. With normal tracing, 65% of RPC
profiles are measured within 10%, but this rises to 73% of
RPC profiles with skeletal tracing. Both distributions have
peaks at zero error, but with normal tracing, this is merely
40% of RPC profiles, vs 52% for skeletal tracing. These im-
provements are driven by eliminating observer effects and
independent sampling, and even if they may seem modest
on the surface, their effects compound for CPU accuracy.
Importantly, these improvements are not simply because
skeletal tracing produces more samples. In fact, there are ac-
tually more normal traces than skeletal traces, because users
can freely change their normal tracing rates. The effective

Figure 9. QProf is very accurate at measuring QPS. Skeletal
tracing shows a tighter error distribution due to the elimi-
nation of subtle observer effects. The gray band shows the
error range of ±10% error.

Figure 10. Skeletal tracing is much more accurate at measur-
ing CPU usage than normal tracing, due to the significantly
reduced tracing overhead and elimination of observer effects.
It is not as accurate as QPS, since this measurement is the
product of two random variables rather than just one. The
gray band shows the error range of ±10% error.

fleetwide normal tracing rate is ≈ 1/4k, which is 2.5× the
skeletal tracing rate of 1/10k.
When error is negative, QProf’s measurement is too low.

This can be caused by a confluence of possible reasons:

1. Throttling: services can force-trace all of their requests,
flooding the tracing collectors with traffic. Collectors
respond to overload by dropping data from abusive
users. Although skeletal traces generally cannot cause
traffic overloads, the data can still sometimes be lost
in the crossfire.

2. Tracing API misuse: In normal tracing, users can force-
trace their requests and/or do any number of things
which prevent us from using that data in QProf (see
Section 3.1). This is not a problem for skeletal tracing.
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Figure 11.With skeletal tracing, most of the underestima-
tion comes from the “small” services. The combination of
low traffic volumes and spiky/unpredictable traffic patterns
leads to higher sampling error. However, small services ac-
count for only 2% of the total RPC profiles, so their effect on
overall error is minimal. Medium and large services make
up over 90% of total distinct RPC profiles.

3. Huge traces: we attempt to assemble an entire trace in-
memory on a single machine3 to run its analysis. This
naturally imposes an upper limit on trace size. Huge
traces are usually the result of user error. A few sys-
tems routinely generate traces which are much larger
than this. In these cases, we can insert additional in-
strumentation to statistically prune part of the trace,
preserving the ability to unsample cost while keeping
overall trace sizes manageable.

When error is positive, QProf’s measurement is too high.
The most common reasons are observer effects and tracing
API misuse. Services which do work conditionally based on
whether a request is traced or not are more likely to generate
tracing-induced RPC traffic, thus increasing the perceived
QPS. This does not significantly impact skeletal tracing, due
to its intentional API designs.

Figure 10 shows the error distribution for CPU usage mea-
surements. In normal tracing, only 32% of RPC profiles are
measured to within 10% of ground truth, vs 47% for skele-
tal tracing (a relative increase of 50%). The gap in accuracy
between QPS and CPU measurements is largely caused by
services which consume very little CPU. In these services,
it’s much rarer for the CPU profiler to sample on a traced
request, leading to wider margins of error. The improvement
in accuracy stats from skeletal tracing may not seem im-
pressive, but it doesn’t capture the huge improvement in
usability for several very important RPCs (like core storage
and database systems) whose data used to be 100× too high
due to observer effects.

3Sharding trace assembly across machines is possible, but the benefits of
supporting huge traces are unclear.

Figure 12. Due to reduced tracing overhead from skeletal
tracing, data quality for Java services improved significantly.

Also, note how in normal tracing, the error distribution
is generally symmetric, with a small bias towards overesti-
mation. In comparison, skeletal tracing has essentially elim-
inated any systematic overestimation error. Ironically, this
makes the underestimation problem in skeletal traces look
worse than normal traces. In reality, the normal traces simply
have more sources of error that sometimes cancel out.

We also analyze how QProf’s error varies by the size of a
service. We’ve classified all RPC profiles into four buckets
based on the global QPS handled by the RPC. “Small” services
have low traffic volumes, which produce very few samples
per day. Many of them exhibit unpredictable and variable
traffic patterns, compounding the sampling problem. This
is reflected in Figure 11 with the much wider and “lumpier”
error distributions. But medium, large, and extra-large ser-
vices have largely similar error profiles, because services at
these scales will typically use global load balancers to evenly
spread traffic across jobs and regions, resulting in smooth,
predictable traffic patterns which are much easier to sample.

The effectiveness of skeletal tracing is particularly notable
for Java services, as shown in Figure 12. With normal tracing,
QProf’s data is heavily skewed too high. The global mean
error was about 15%, and the spread is very wide since appli-
cations incur different levels of tracing overhead. But with
skeletal tracing, tracing overhead is reduced greatly, which
results in an error distribution tightly centered around zero.
61% of RPC profiles now have less than 10% error, compared
to just 24% before.
We also note that there are other important metrics like

latency and lock contention. We focused our evaluation on
QPS and CPU primarily because in our experience, they are
by far the most widely used metrics. Furthermore, QProf is a
cost profiler, but latency metrics are not directly summable.
We are currently implementing support for critical path la-
tency and lock contention metrics in QProf, but there is no
universally accepted definition of lock contention to serve
as a ground truth.
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Figure 13.Wedesigned a trace structure which groupsmajor
caching operations under specific spans, making it easy to
generically measure the costs of lookup, miss, and insert. In
this example of a real caching trace, the initial cache lookup
misses and triggers a backend fetch.

These results demonstrate that tracing overhead and ob-
server effects are significant contributors to cost measure-
ment accuracy through traces, but the level of impact varies
widely across applications. We argue that this justifies our
“bottom-up” approach of reducing tracing overhead directly
at the source, rather than correcting the error after the fact
by trying to estimate and subtract the overhead.

6 Case Studies
Over the past several years, engineers have used QProf in a
myriad of scenarios. The most common use case is individual
teams using QProf to estimate additional resources required
for new features by measuring average transitive query cost,
then scaling that by the expected traffic increase. Another is
to measure the resources consumed by a feature or behavior
before deciding whether to pursue optimization in the first
place. As a fleetwide profiler, QProf can also identify and
quantify horizontal optimizations which save significant
resources for many teams. In this section, we highlight some
particularly interesting use cases described in Figure 2, which
exemplify the “room-at-the-top” style of optimizations.

6.1 Caching and batching savings
Our RPC framework has support for intercepting output
RPCs, at which point customizable modules can be installed
and triggered. Two notable suchmodules are response caching
and request aggregation. Both of these modules have existed
for some time, but before QProf was available, there was
no way to broadly measure their efficiency impact. In this
section, we discuss how we used QProf to measure their ROI
and expand their impact.

6.1.1 Response caching. In the simplest form, the caching
module maintains a small cache (either in-memory or re-
mote), keyed by an application-defined request fingerprint.
When a new outgoing RPC is made, the caching module will
compute the request fingerprint and look it up in the cache.
A hit will immediately terminate the RPC and return the
cached response, skipping the entire tree of RPCs that would

otherwise be sent; a miss will trigger a cache fill operation
by making the RPC and populating the cache with its re-
sponse. For brevity, we omit details about how fingerprints
are computed, which requests are eligible for caching, etc.
To measure resource savings, we need to estimate what

the cost would have been without caching. It’s impossible
to truly measure the cost of something that didn’t happen,
but we can make good estimates because if a cache’s hit
rate is high, then that cache is receiving a lot of identical
requests which should cost roughly the same amount of
compute. Thus, the average cost of a cache hit and miss is
sufficient. We also need to measure total cache lookups and
the cache hit rate. To do this, we instrumented the caching
code to produce the trace structure shown in Figure 13. This
structure groups all the cost associated with a cache miss
under a single umbrella span (BackendFetch), making the
miss cost easy to measure.
Now, the cost of all quantities can be computed using

QProf, both per RPC and for the full job. Computing per-
job cache hit rates is very important since traffic routing is
generally not uniformly distributed (e.g. requests in North
America vs Asia tend to differ quite a bit).

1. The QPS of cache lookups is the QPS of the span
Cacher.Start.

2. The cache hit rate is the ratio of QPS for Cacher.Hit
to Cacher.Start, on a per-job basis.

3. The cost of a cache miss is the transitive cost of the
span Cacher.BackendFetch.

4. The cost of a cache hit is the cost of the span Cacher.Hit.
Then the total per-job savings from caching is given by:

jobs∑︁
𝑗

𝑄𝑃𝑆 𝑗 ∗ ℎ𝑖𝑡_𝑟𝑎𝑡𝑒 𝑗 ∗ (𝑚𝑖𝑠𝑠_𝑐𝑜𝑠𝑡 𝑗 − ℎ𝑖𝑡_𝑐𝑜𝑠𝑡 𝑗 ) (6)

We validated these numbers through careful data analysis
of the major caching users. Across the entire fleet, response
caching is currently saving millions of cores + HDD ops and
thousands of TPUs.

6.1.2 Request aggregation. Request aggregation is an
optimization for certain workloads which are more efficient
when processing a batch of requests at once. On the client
side, RPC overheads can be amortized across a group of re-
quests. The primary tradeoff is increased RPC latency, as
the client needs to wait for enough requests to form a batch
(up to some deadline). Batch-oriented jobs like logs process-
ing and analytics are often good candidates. The aggregator
module handles the logic of forming batches and splitting
up the batch of responses.

Just like caching, we need to estimate the cost that would
have been incurred if aggregation wasn’t enabled. We es-
timate this using the average cost of a single unbatched
request (aka batch size = 1). However, we cannot rely on
every service to occasionally generate a batch of size 1 for
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this baseline, because this can bias the baseline cost towards
traffic patterns or requests which are less likely to batch.
Therefore, the aggregator module will, from time to time,
select an already uniformly traced request and flush it in
a batch of its own, continuously over time. Using these re-
quests, we can establish an unbiased baseline cost-per-query.
With the BatchedTraceContext API, we can measure the size
and cost of the batch, allowing us to compute the per-job
resource savings:

Savings = Cost with no batching − Cost with batching

=

All batches∑︁
𝑏𝑎𝑡𝑐ℎ

(𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒 ∗ 𝑐𝑜𝑠𝑡baseline − 𝑐𝑜𝑠𝑡batch) (7)

Request aggregation is currently saving O(100k) cores. Fig-
ure 14 shows that the batch size distribution is quite broad.
Interestingly, the most common batch size is actually 1, rep-
resenting 44% of all requests. This indicates that no other
requests were received before the batching timeout expired4.
Naturally, no resource savings are achieved here. But for
the remaining 56%, the average batch size is 23, reflecting
the fact that batch sizes need to be relatively large for the
savings to be significant.

6.2 Finding and removing wasted work
Wasted work in distributed systems has a long history of
investigation across many different contexts, ranging from
MapReduce stragglers [41] to request hedging [17] and more.
In this section, we examine a category of wasted work de-
fined by RPCs which either return errors or empty results.
Figure 2a shows how an error in a leaf service can cause all
the work done up to that point to be wasted.

6.2.1 Search results which are never shown. In web
search, a user query may trigger thousands of features to be
executed. These features return results which are globally
ranked, and only the top N are rendered on the search results
page. Given the number of features and limited space, it is
common for features to have relatively low rendering-to-
triggering ratios while still being profitable, so this ratio
alone is not sufficient to mark a feature as “wasteful”.

But QProf is able to associate these ratios with their tran-
sitive processing cost, allowing us to make statements like
“this feature costs 10 CPUs per RPC and often returns an
error”. Through this lens, we found many features which
often returned not_found errors, in which the accompa-
nying error messages indicated that no results were being
returned at all. We also found many RPCs which returned
suspiciously small response sizes, also a good indicator of
emptiness. QProf measured the total transitive cost of these

4The single-request batches used to measure the baseline cost-per-query
are not included in this analysis, since that behavior is tracing dependent
and thus would introduce a bias.

Figure 14. Distribution of batch sizes. The most common is
size 1 (44%), and the average batch size (for size > 1) is 23.
There is a very long tail of batches above size 100.

features to be O(10k) cores, meaning that all these cores were
being spent to simply generate empty responses! By work-
ing with the feature teams, we turned down these features
altogether to reclaim these resources. This is a novel example
of finding and eliminating redundant work which was not
simply created from request hedging [17] or retries.

6.2.2 Misconfigured RPC deadlines. We found that a
system was wasting TPUs due to misconfigured RPC dead-
lines. This system receives work from a central queue, and
the work items make long-running LLM calls which can take
many minutes. The central queue will automatically retry a
work item if it does not complete within a deadline, but the
initial calls are not canceled. QProf showed that the retry
path consumed more TPUs than the initial calls themselves,
indicating that the current deadlines were far too short. By
doubling the deadlines, we reduced timeouts to nearly zero,
saving thousands of TPUs by eliminating redundant work.

6.2.3 Empty Ads candidates. A team in Ads was spend-
ing O(100k) cores computing sets of promotional ad candi-
dates to present to users. They wanted to understand how
many resources are spent in RPCs which don’t find any
candidates at all, so they instrumented their service with
additional local spans to report a NOT_FOUND error when this
happens. QProf showed that the total cost of computing the
empty set was nearly 30% of their service’s entire CPU foot-
print. This was a trivial code change which shed light on a
significant optimization opportunity.

6.3 Priority inversion
It is standard practice for datacenters to offer different tiers
of compute resources with varying SLOs and prices [11, 30,
39, 42]. For example, jobs which serve user-facing traffic are
highly latency-sensitive and generally need their CPUs to
always be available, while batch processing jobs are typically
throughput-oriented and can afford to wait for spare CPUs
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to become available. Jobs are assigned priorities, where high-
priority jobs can evict low-priority jobs from a machine.
High priority resources accordingly cost more than low-
priority resources. Any resource – not just CPUs, but RAM,
TPUs, disk I/Os, etc – can be allocated and serviced by prior-
ity. In distributed systems, priority inversion happens when
low-priority jobs induce demand on high-priority jobs, thus
consuming expensive resources in service of low-priority
work. In some cases, this is working as designed – e.g. all
MapReduce jobs need to read data from highly reliable low-
level storage systems – but there are many ways to tune the
usage to reduce the inherent inefficiencies. With QProf, we
can easily look for cases of priority inversion.

6.3.1 High-priority disk for batch jobs. One common
anti-pattern is when batch jobs read a lot of data from dis-
tributed storage using high-priority disk requests. High-
priority disk requests have lower latency guarantees since
they are serviced before all other lower priority requests,
but throughput-oriented jobs can generally tolerate slower
reads. To find these cases, we instrumented our central disk
service (using the restricted APIs) so that the cost of disk
operations was annotated in traces. Then, we searched QProf
for “high-priority disk usage in which the RPC stack con-
tains a low-priority job”. This search found dozens of batch
jobs issuing high-priority disk requests. By working with the
respective teams, we were able to reduce the requested disk
priority for many jobs without impacting any of their per-
formance metrics. While the total disk operations remained
the same, this work reduced the overall disk costs charged to
those teams and freed up additional capacity of high-priority
disk for other applications.

6.3.2 Mysterious CPU usage surges. A team running
a high-priority video processing service noticed that their
CPU costs would suddenly increase for a few days, return
to normal, then rise again a few days later. None of their
existing telemetry indicated where the cost was coming from.
QProf identified the origin as a batch job performing several
one-off backfills. This is also a priority inversion problem: a
low-priority job consumed significant resources for a high-
priority service that was not provisioned to handle it. While
standard monitoring telemetry can break down traffic by
request originator, in this case the originator pointed to a
centralized work queuing system, which obscured the true
source of traffic. QProf was able to diagnose this because
services run by the originator were present in the middle of
the RPC callstack. This shows the value of having the full
RPC-level callstacks.

7 Related Work
Distributed traces have been extensively studied for decades,
but the vast majority of prior work focuses on latency opti-
mization [8, 14, 20, 21, 27, 31, 36, 37]. However, using traces
for cost analysis has received much less attention.
Prior to QProf, there were two ways to measure transi-

tive cost at Google. The primary way is by attaching tags
to RPCs describing a feature (e.g. “maps_ui=v2”). This gets
propagated down the RPC chain, and the background CPU
profiler can automatically measure total cost for this tag
across all services. While this is easy, every feature needs its
own separate tags which creates engineering toil to build and
maintain. Engineers must specify data retention policies for
the metrics and tags they want to monitor. Tag propagation
can be expensive for downstream services, and hierarchical
cost breakdowns cannot be provided with tags. The other
way is to manually instrument the code to record query cost
at every hop and either propagate that data back up the RPC
chain or send it to another dedicated cost tracking service for
analysis. As discussed in Section 4.2, this is prone to coverage
gaps and requires opt-in from all downstream services.

Transitive Resource Accounting (TRA) [7] is conceptually
similar to QProf. It also attaches cost-per-query to Canopy
traces [27] and aggregates the data offline to produce pro-
files which can be used for capacity planning, performance
optimization, and even power analysis [22]. However, TRA’s
implementation differs substantially from QProf. Most im-
portantly, TRA does not use lightweight tracing to reduce
overhead; instead, it builds models based on historical data
for each service to estimate the tracing overhead, which it
subtracts from the measured cost. In our experience, such
post-hoc corrections may work on a small number of ser-
vices, but they are very challenging to deploy to the entire
fleet given the huge diversity of behavior. In addition, this
does not account for observer effects (Section 3.3). TRA does
not discuss how its CPU data is captured, but contempora-
neous work on transitive power analysis suggests that TRA
measures CPU by instrumenting request handlers within
each application [22]. As we discussed in Section 4.2, any
approach which requires extensive manual instrumentation
or adoption of a new API is very difficult to enforce at scale.
In contrast, QProf uses skeletal tracing to eliminate most
sources of overhead/observer effects and ambient per-query
profiling to support all applications.

Many tracing systems can be combined with background
CPU profilers to enhance debuggability. Grafana, Elastic,
Datadog, and Polar all offer the ability to join traces with
per-query CPU profiles [12, 16, 19, 23]. Most such integra-
tions work by tagging CPU profiles with trace_ids to enable
a separate lookup for profiles for a specific request. As dis-
cussed earlier, this tends to balloon the size of the database by
defeating callstack compression, and it requires a large join
between two huge datasets at query time. This is why QProf
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directly writes CPU usage data into the traces instead. These
integrations are also generally geared towards interactive
debugging of exemplar slow requests, rather than providing
an aggregated view of cost for every service in a datacenter.
These existing solutions also do not consider observer effects
or tracing-induced overheads.
Canopy [27] has extensive support for custom trace pro-

cessing and different execution models, but to the best of
our knowledge, it does not support a trace-wide “verbosity
control” that could reduce the data collected to lower run-
time overhead. In contrast, QProf relies on skeletal tracing
to automatically acquire accurate cost profiles for all C++
and Java services (comprising nearly all CPU cost), while
addressing essentially all of the major observer effects that
tracing can induce.
The problem of how to represent DAGs in tracing has

been studied extensively as well. Systems like X-Trace and
Canopy support DAGs by recording events instead of spans,
and events can naturally have multiple causal parents [20,
27]. Pivot Tracing introduced the concept of a “happens-
before join” relational operator, in which users can query
a distributed trace based on causal relationships [31]. The
Mystery Machine builds a model of request execution by
formulating and rejecting a large number of hypotheses
about causal relationships based on a massive set of event
logs [14]. OpenTelemetry supports multi-parent spans by
logically linking spans from different traces together [15],
with batch operations being represented as new root spans
linked to all the traces of their requests. But this past work
focuses only on how to represent a batch in a trace. To the
best of our knowledge, we are the first to explore how to
properly sample batched operations for cost profiles, as well
as propose a solution for attributing cost of batches to the
batched requests in aggregate.
Wasted work goes hand-in-hand with building reliable,

scalable distributed systems, and there is a rich history of
research into mitigating waste in many forms. In MapRe-
duce systems, many papers have tackled the problem of
straggler mitigation through backup tasks which trade off
duplicated work for lower latency [5, 6, 18, 41]. There has
been much practical and theoretical work exploring tradeoffs
between redundant work and latency in large-scale systems
[17, 32, 33, 38, 40]. Others have analyzed the costs of metasta-
bility in datacenters like retry storms, cascading failures, and
overload [10, 13, 26]. We build on this history of systems
research by going beyond modeling techniques and building
a general-purpose profiler which can quantify the real cost
of wasted/redundant work. QProf is a tool which realizes
the vision of finding the “room-at-the-top” [29].
OpenTelemetry [15] standardized the concept of “bag-

gage”, which is essentially metadata that travels with an
RPC. This baggage can be used to store information like
the request initiator, chargeback user, or application-defined
tags like the name of a feature being executed. Coupled with

a user-space CPU profiler, this also supports measurement
of transitive costs. However, this approach has two primary
limitations: 1) all metadata must be propagated on the wire,
increasing network costs for all downstream RPCs, and 2)
the cardinality of the metadata is often limited because each
service needs to keep track of resource usage for every combi-
nation of metadata values in memory. QProf supports similar
tagging concepts, but since it writes data to traces instead of
propagating data down the wire, it has no such cardinality
limits and it does not increase on-the-wire costs.
Google-Wide Profiling (GWP) [35] is a profiling system

deployed at Google which collects performance counter data
from a sample of all machines in the fleet, allowing powerful
analysis of warehouse-scale applications [28]. However, it is
fundamentally focused on profiling a single process at a time,
rather than following the chain of RPCs down a distributed
system. QProf can be thought of as a “GWP-for-RPCs”, in
which entire cloud services are treated as a single “program”.

8 Conclusion
QProf is a tracing-based cost profiler for warehouse-scale
services, providing visibility into transitive cost of complex
cloud services. Through skeletal tracing, an ambient per-
query CPU profiler, and batching APIs, QProf is able to pro-
vide accurate data for thousands of microservices without
any manual instrumentation required. Its design solves the
many subtle problems of using traces for cost profiling. QProf
realizes the vision of a systems profiler which can find the
“room-at-the-top”, which are optimizations that aim to do less
work for the same result. To the best of our knowledge, this
is the first work to discuss the design considerations, deploy-
ment, validation, and usage of such a profiler in warehouse-
scale systems. We have deployed QProf globally in every
service in Google’s fleet and used it for a myriad of use cases,
including cost optimization, capacity planning, regression
detection, and much more. Through its insights, we’ve been
able to save millions of CPUs, thousands of TPUs, countless
disk operations, and more.
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