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Abstract

Observability is crucial for diagnosing and troubleshooting
cloud systems as they grow in scale and complexity. How-
ever, telemetry data are often stored and processed in siloed
systems, leading to high latency, redundant data movement,
and low operational efficiency. To address these challenges,
we present DiTing, an observability framework that unifies
the storage and processing of heterogeneous telemetry data,
including logs, metrics, and traces. The key idea of DiTing
is to harvest underutilized cloud resources for cost-effective
processing while relying on centralized storage systems for
reliable data persistence and failover. We have deployed
DiTing in production at scale, and DiTing can achieve sub-
second data ingestion, high-throughput query processing,
and up to 65x lower CapEx than existing solutions.

1 Introduction

Modern cloud computing has been advancing in scale (e.g.,
globally distributed data centers) [7, 11, 2], heterogeneity
(e.g., diverse workloads and new hardware) [19, 37, 31], and
disaggregation (i.e., compute-to-storage architectures) [45,
29]. As cloud systems evolve, software bugs [30, 42], per-
formance issues [44, 28], and hardware failures [24, 23, 21]
have become more prevalent and harder to diagnose.

Observability via telemetry is crucial for diagnosing and
troubleshooting cloud systems. Typical telemetry data in-
clude traces [38], logs [20], and metrics [33]. Specifically,
traces provide detailed information about execution, logs
record events that occur during execution, and metrics sum-
marize quantitative measurements of system behavior.

These three types of telemetry are complementary and of-
ten used together for diagnosis. For example, consider a site
reliability engineer (SRE) investigating a performance issue
such as slow I/Os in a cloud virtual disk. The SRE may first
be alerted by abnormal metrics. The SRE then examines end-
to-end traces (e.g., from the user’s VM to the physical disks)
to narrow down the problematic component. Finally, after lo-
cating a likely culprit (e.g., a misbehaving switch), the SRE
can cross-check device logs to determine the root cause and
apply a fix.

*Corresponding author: Erci Xu <jostep90@ gmail.com>.

2 Shanghai Jiao Tong University

The example highlights the need for multiple perspectives
on observability, yet it also reveals a bleak reality. In to-
day’s cloud environments, SREs often have to use multiple
systems with different query languages and manually corre-
late data sources with custom scripts for a single investiga-
tion. This friction stems from the fact that telemetry datasets
are typically stored and processed in separate infrastructures,
such as Dapper [38] for traces, LogStore [20] for logs, and
Prometheus [33] for metrics. Such siloing not only creates
operational barriers for SREs but can also degrade perfor-
mance due to high latency and excessive data transfer.

It is therefore tempting to host and process different types
of telemetry data in a single system. Such a #rinity of logs,
traces, and metrics would eliminate much of the manual ef-
fort and allow users to query telemetry with a holistic view
of an incident. Inspired by this vision, we explored several
paths toward unified observability.

We first unified query processing while leaving data in
their original storage systems, for example by adopting a
data-lake approach (e.g., Iceberg [5] and Delta Lake [17]).
While this provides a unified interface without moving
the data, it falls short in performance because the dif-
ferent types of telemetry remain scattered, incurring sub-
stantial data-transfer overhead. Second, hyperscalers (e.g.,
Kraken [26], Monarch [15], and Scuba [14]) have built in-
memory NewSQL databases to enable fast queries. Although
these systems deliver strong performance by keeping pro-
cessing in memory, they are impractical for us: the total cost
of ownership (TCO) is prohibitively high given the volume
of logs and traces that would need to be processed and stored
in memory. Finally, we attempted to build our observability
framework on an open-source OLAP system, ClickHouse,
and managed to deploy it on around 600 physical nodes.
However, when scaling to serve the entire cloud, CPU and
memory quickly became bottlenecks. Simply provisioning
more CPU and memory would increase infrastructure CapEx
by more than 20%.

Our initial explorations, though unsuccessful, led to sev-
eral observations. First, when building a centralized system
to unify observability, the main bottleneck is not storage ca-
pacity but limited CPU and memory for processing. Sec-
ond, as a cloud vendor, our server fleet is often underuti-
lized, leaving substantial resources available for harvesting.
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Figure 1: Overview of our cloud architecture (§2.1).

However, a fully harvested design is infeasible because end
nodes may become unavailable during traffic bursts or fail-
ures. Third, telemetry queries exhibit strong temporal lo-
cality (i.e., most queries target recently generated data) and
spatial locality (i.e., processing queries close to where the
data are generated to minimize data transfer).

Based on these lessons, we propose DiTing, an observ-
ability infrastructure that unifies the storage and processing
of heterogeneous telemetry data. DiTing is a hybrid query
framework that combines AZ-level centralized services with
node-level resource harvesting. DiTing has three layers:
a global layer that serves as the entry point for SREs, an
availability-zone (AZ) layer that provides centralized stor-
age and fallback execution, and a node layer that processes
queries using harvested resources. On top of this architec-
ture, DiTing incorporates a set of optimizations, including
multi-level indexing and pre-aggregation.

Our evaluation shows that DiTing achieves sub-second
data ingestion, 2K QPS using a single CPU core, and 3-65x
lower capital expenditure (CapEx) than existing solutions.
DiTing has been deployed at production scale, serving mil-
lions of servers with millions of QPS and storing up to hun-
dreds of PiB of data.

2 Background
2.1 Our Cloud Architecture

Our cloud offers various services such as computing (e.g.,
virtual machines), storage (e.g., object storage), and SaaS
(e.g., MySQL). At a high level, our cloud spans the globe.
Each region consists of multiple availability zones (AZs),
and each AZ is a separate data center with multiple clusters.

In Figure 1, we highlight the compute-to-storage architec-
ture across clusters. The computing layer consists of phys-
ical servers that provide a variety of services, such as con-
tainers, serverless functions, and bare-metal instances. The
interface layer comprises clients in the compute-node hyper-
visor which receives users’ requests (to remote storage) and
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Figure 2: An example metric record (§2.2).

packages them into network packets. The function layer con-
sists of servers that process incoming requests and interact
with the persistence layer to store or retrieve data. The per-
sistence layer is a distributed storage system. The network
between the interface and function layers is inter-cluster,
whereas the network between the function and persistence
layers is intra-cluster.

2.2 Metrics

Metrics record quantitative measurements of a system, such
as health, performance, and behavior. A metric typically
includes a name, a set of labels, and one or more val-
ues. The name specifies the type of measurement (e.g.,
CPU utilization), and labels encode contextual information
such as location (e.g., CPU #1 on a node with IP address
192.154.123.77). Values form a time series (e.g., 60% at
00:10). Due to their simplicity and broad coverage, met-
rics often serve as the first-line signal for detecting system
anomalies in the field.

Metrics do not consume an exceedingly large amount of
storage. As of today, the total compressed size of stored
metrics in our cloud is only several PB. However, metrics are
often challenging to query. Besides common metrics, each
service may export its own attributes, resulting in a high-
dimensional space (i.e., many distinct metric types, such as
CPU, memory, and NIC utilization). Moreover, users often
query across multiple dimensions and over long time ranges
(hours to days), which requires scanning and aggregating
substantial amounts of data. Therefore, maintaining high
queries per second (QPS) at low latency for metric work-
loads remains challenging.

2.3 Logs

Logging records events across the software, hardware, and
network stack. A log entry typically contains a timestamp,
a severity level (e.g., INFO or CRITICAL), and a message.
In Figure 3, we show an example log entry from a network
library. Traditionally, logs are unstructured, but we have re-
cently adopted structured logging (e.g., JSON) to facilitate
parsing and querying.

In our cloud, logs are widely used for debugging and trou-
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[2024-10-09 09:51:08] [INFO] [127114] [x.c:218] { "time™"2024-10-09 09:51:08",
"level":"INFO",
"pid™:"127114",

Segment=...

[2024-10-09 09:51:08] [ERR] [127115] [y.c:1324]
This:0x9bc045...

"message":"This:0x9bc045..."

UnStructured Log Structured Log

Figure 3: An example log record (§2.3).
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Figure 4: An example chain of trace records (§2.4).

bleshooting. In practice, system reliability engineers (SREs)
are often first alerted by abnormal metrics and then inspect
logs to identify the root cause. Log volume is large: the daily
ingestion rate is at the PB scale, and the total stored log data
reaches hundreds of PB. Note that most logs are generated
by users and thus cannot be discarded.

2.4 Traces

In contrast to point-in-time event records such as logs, trac-
ing provides a fine-grained view of system behavior by
recording sequences of events together with timing informa-
tion. For example, Figure 4 shows a trace of a function call
that triggers three sub-procedures. An end-to-end trace con-
sists of multiple spans, each representing a procedure (e.g.,
Functions A, B, and C).

In our cloud, we primarily use tracing to understand com-
plex call relationships within and across services. Trace
data are typically large, with PB-scale daily ingestion, and
the total stored volume has reached nearly one hundred
PB. To minimize overhead on critical components, we often
use static instrumentation (i.e., embedding tracing APIs into
source code) to collect traces, making them schema-based.
Trace queries usually have low QPS (e.g., tens per second),
are range-based (e.g., querying traces within a time window),
and focus on short intervals (e.g., up to 30 minutes).

3 Motivation
3.1 A Day in SRE’s Life

Maintaining high observability in the cloud is crucial but
challenging. Unlike single nodes or small clusters, diag-
nosing bugs in a geo-distributed service can span multiple
layers (e.g., interface and persistence) and involve different
clusters (e.g., compute and storage), protocols (e.g., TCP
and RDMA), and types of telemetry (e.g., logs, metrics, and
traces). Next, we use a recent real-world case for demonstra-
tion (with certain details redacted for confidentiality).

Liam is an SRE on our Elastic Block Storage (EBS) team.
He receives an alert from the metrics monitoring system in-
dicating a surge of slow requests in a cluster hosting over
4,000 virtual disks. The slowness is worsening and may trig-
ger failures (e.g., I/O hangs), potentially impacting several
large customers and thousands of smaller ones.

Liam first double-checks the metrics by logging into the
monitoring service (@) in Figure 5). After confirming se-
vere latency degradation in virtual disks (@), he scans other
metrics (e.g., network throughput and disk IOPS) and finds
that cluster-level metrics remain normal, but the top-of-rack
switch reports CRC errors (€). To further narrow down the
culprit, he switches to the tracing service to follow the re-
quest path along the network topology (@) and cross-checks
logs from each component (@). Finally, he identifies a BGP
down event on a second-layer switch (i.e., PSW), caused by
a power failure (@). He then applies a hotfix to the PSW to
prevent escalation (@).

This incident highlights the complexity of debugging in
the cloud. SREs often need to correlate telemetry sources—
metrics, logs, and traces—across layers and clusters to con-
firm symptoms, delineate the blast radius, and identify the
root cause. While SREs can develop scripts to assist anal-
ysis, these scripts are often ad hoc and hard to reuse across
different incidents.

3.2 Why Not Use or Adapt Existing Solutions?

Ideally, SREs would like a unified system that handles both
the processing and storage of telemetry data from different
sources. With such a system, SREs would no longer need
to switch between observability platforms (e.g., Prometheus
and Monarch) and correlate results using ad hoc scripts.
Moreover, integrating processing with persistence can re-
duce data-transfer overhead, enabling better query perfor-
mance and storage efficiency. Next, we discuss why existing
solutions are infeasible to port to our cloud. In particular, we
describe a failed attempt in which we deployed more than
600 nodes but could not scale further.

Unifying computation only. One intuitive approach is to
adopt a data lake solution (e.g., Iceberg [5], Hive [40],
Hudi [4], and Doris [3]). This approach keeps different data
sources (e.g., logs, traces, and metrics) in their original sys-
tems while providing a unified processing interface (e.g., via
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Figure 5: A Day in SRE’s Life.(§3.1).

Apache Spark). While this is inexpensive to implement be-
cause it largely reuses existing ingestion and storage infras-
tructure, it can lead to high query latency. For example, a
typical diagnosis in our cloud may require scanning more
than 100 GB of data, which can take tens of seconds (or even
minutes) due to network transfers [18]—far slower than the
sub-second latency that SREs expect.

Unified storage in memory. For high performance, an al-
ternative is to adopt an in-memory solution, which is com-
mon among hyperscalers (e.g., Scuba [14] and Kraken [26]
at Meta, and Google’s Monarch [15]). These systems are es-
sentially in-memory time-series databases and primarily tar-
get metric workloads. On the one hand, they provide fast
queries and low ingestion latency (e.g., hundreds of mil-
liseconds in Kraken/Monarch). On the other hand, they are
prohibitively expensive at our scale, especially when stor-
ing hundreds of PB of telemetry data. Therefore, we do not
adopt an in-memory-only design.

ClickHouse: a failed attempt. The above analysis led
us to build an OLAP-based solution on top of a set of
geo-distributed dedicated clusters, aiming to unify process-
ing and storage with high performance. We chose Click-
House [35], an open-source OLAP system with strong com-
munity support, and started building the service in 2022. At
that time, we scaled the deployment to eight clusters across
multiple availability zones (AZs), totaling more than 600
nodes (detailed node configuration is listed in §5). The sys-
tem stored about 8 PB of observability data, including traces
and metrics from multiple services.

When attempting to scale ClickHouse further, we encoun-

tered several critical challenges. First, ClickHouse bottle-
necks when hosting more than one million partitions for
a single service [1]; monitoring data from many compo-
nents across a large fleet can easily exceed this limit. Sec-
ond, ClickHouse’s memory usage grows with the number of
columns. Many of our servers produce metric data with thou-
sands of columns, and the per-node memory usage in several
clusters reached around 85%, even causing out-of-memory
(OOM) events when scanning large amounts of data. These
issues indicate that the main constraints are CPU and mem-
ory rather than storage capacity. Simply provisioning more
CPU and memory is not feasible: our estimates suggest that
doing so would account for more than 20% of the cloud in-
frastructure CapEx.

Alternative-1: a cloud-backed system. One possibility is
to use a cloud database (e.g., Snowflake [22] or Amazon
Redshift [25]) and adopt a serverless computing model. This
disaggregates compute and storage, allowing us to elastically
allocate CPU and memory while using object storage as the
backend. In principle, this can improve cost efficiency by re-
ducing over-provisioning. However, it introduces a circular
dependency (i.e., relying on the cloud to monitor the cloud)
and is therefore not feasible in practice.

Alternative-2: harvesting the cloud. Clouds often have
abundant idle resources, which makes harvesting appear at-
tractive. In this approach, we push queries to the nodes
where observability data are generated and use on-node re-
sources (e.g., CPU and disk) for processing and temporary
storage, reducing both data transfer and CapEx. However,
end nodes are not always available (e.g., node crashes or in-

2504 20th USENIX Symposium on Operating Systems Design and Implementation

USENIX Association



Global [ Global Meta Service ]
Global Root
[ Global Config Service ]

I v

Availability

Zone one Roo [ Zone Meta Service ]

[ Zone Config Service ]

Node Leaf

Node Storage e Data Collector

OIOIIE) Write ¢ Query

Figure 6: Overview of DiTing (§4.1).

sufficient resources during traffic bursts). Worse, failures and
busy periods are often exactly when SREs need observability
the most. Moreover, unlike centralized storage where data
can be replicated easily, end nodes are more susceptible to
data loss due to disk failures or software-induced corruption.

4 DiTing

Key idea. We now present the key idea behind DiTing,
a unified framework for processing and storing telemetry
data at cloud scale. Our failed attempt to scale a centralized
ClickHouse deployment, together with the limitations of re-
lying solely on idle end-node resources, motivates a hybrid
design that combines a centralized system with node-level
resource harvesting. We refer to this design as Central-Node
Collaboration (CNC). After receiving a query, CNC first at-
tempts to push it down to the relevant nodes for in-situ pro-
cessing. If this fails (e.g., due to node crashes), CNC falls
back to the centralized system to execute the query.

Benefits. CNC leverages both spatial and temporal local-
ity in observability workloads. Spatially, it pushes queries to
the nodes where the target data are generated. Temporally,
SREs most often query recently generated data (e.g., from
the last hour or week). CNC therefore keeps recent data
on nodes and periodically uploads them to the centralized
system for long-term storage. As a result, most queries can
be served in situ using harvested resources (e.g., CPU and
memory), reducing data transfer overhead and infrastructure
CapEx. Meanwhile, the centralized system provides durable
storage and serves as a reliable fallback when target nodes
are unreachable, improving availability.

4.1 Architecture.

These benefits lead to two design goals: (1) accurate query
pushdown and (2) minimizing the use of centralized re-
sources for query processing. To achieve these goals,

DiTing adopts a three-layer architecture consisting of the
Global, Availability Zone (AZ), and Node layers, as shown
in Figure 6. Note that DiTing serves multiple cloud services
(e.g., Elastic Block Service, Object Store Service, and Elas-
tic Compute Service) using the same set of clusters, rather
than maintaining service-specific dedicated fleets; this also
enables cross-service debugging.

Global. This layer serves as the entry point for queries.
Requests that do not specify a target AZ are sent to Global
Root, which locates the corresponding AZs for execution. To
sustain high QPS, Global Root neither processes queries nor
stores data; it only forwards requests. Routing relies on the
Global Meta Service, which maintains mappings (e.g., from
a virtual disk ID to the physical nodes and disks that store its
data). DiTing also uses the Global Config Service to man-
age configurations such as node-level resource limits and the
upload interval for node telemetry to AZ-level centralized
storage. To balance load and avoid a single point of failure,
we deploy multiple Global Root instances across AZs.

AZ. In this layer, DiTing maintains an AZ-level central-
ized system, typically consisting of 20-100 dedicated phys-
ical machines for query processing and observability-data
storage. All nodes share the same configuration. The system
usually includes three dedicated zone-root nodes that form a
Raft group for high availability. The remaining nodes act as
zone-mixer and zone-leaf nodes, which are interchangeable.
Upon receiving queries from the global layer, DiTing builds
a query tree, partitions the query via zone-root and zone-
mixer (i.e., non-leaf) nodes, and pushes sub-queries down
to node-level leaf nodes for execution. If pushdown fails
(e.g., due to an error or timeout), DiTing falls back to ex-
ecuting the query on an AZ-level leaf node. Periodically, the
AZ layer receives observability data uploaded from underly-
ing nodes for long-term persistence. These data are stored
on non-root nodes (i.e., zone-mixer and zone-leaf nodes).
For higher reliability, DiTing can optionally store an ad-
ditional copy in the Object Store Service (OSS) within the
same AZ. To support different deployment scenarios, the AZ
layer manages metadata and configuration through the AZ
Metadata Manager and the AZ Configuration Manager.

Node. Subject to the resource limits enforced by the Global
or AZ layer, DiTing harvests idle resources on each node
to execute pushed-down queries. Typically, after queries
are split and scheduled by the upper layers, sub-queries are
pushed down to the node layer for processing. Each node
also runs an agent, called the Data Collector, which col-
lects observability data including metrics, traces, and logs.
DiTing caches recently ingested data, persists it locally on
harvested disks, and periodically uploads it to the AZ layer.

4.2 Data Model: co-Log

co-Log format. We now describe DiTing’s data format.
For metrics, traces, and logs, we use a unified format called
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co-Log. To provide a familiar and simple query interface,
DiTing supports standard SQL; therefore, telemetry data are
organized as relational tables.

* Metrics. We adopt a multi-value model in which each
timestamp is associated with multiple measurements. In a
metric table, the first column is the timestamp, and the sec-
ond column stores labels, i.e., location information (e.g.,
IP address, hostname, and cluster ID) of the node produc-
ing the data. Columns 3 onward store different measure-
ment types (e.g., CPU and memory utilization). A node
typically reports 10K—20K metric types. Every 15 sec-
onds, a new row is appended.

* Traces. Traces are stored as spans. In a trace table, the
first column is the span ID, the second is the timestamp,
the third is the parent span ID, the fourth is the trace ID
(assigned by the root span), and the last column is the span
duration. Each span inserts one row. In Figure 4, there
would be four tables corresponding to the root, A, B, and
C spans.

* Logs. Logs are stored as table entries. Columns include
timestamp, location (as in metrics), log severity level, and
message body.

Each table is stored as a co-Log file. Similar to Par-
quet [41] and ORC [6], co-Log uses a PAX (partition-
attributes-across) layout: it splits a co-Log file into fixed-size
row groups, each containing multiple columns, resulting in
a hybrid of row and columnar storage. Each column is fur-
ther divided into pages to facilitate lookup. To avoid ambi-
guity in query results [15], we enforce schemas for metrics
and traces. For logs, DiTing allows users to specify regular
expressions or rules to extract structured fields from unstruc-
tured log messages.

We also extend co-Log to store metadata. In DiTing,
metadata map telemetry data to their physical locations, en-
abling accurate query pushdown. co-Log stores metadata in
a header and a footer: the header records file size and com-
pression type, and the footer stores indexing information at
multiple granularities (file, row group, column, and page).

co-Log features. Beyond standard columnar-storage fea-
tures, co-Log is tailored to observability workloads. First,
SRE queries heavily depend on temporal and spatial at-
tributes. For example, when debugging performance issues,
SREs often correlate metrics, traces, and logs within a spe-
cific time range and location (see §3.1). Hence, co-Log in-
dexes temporal and spatial fields by default during ingestion.

Second, our dataset exhibits a wide-table pattern: while

Feature

Mixed row and

column storage

Multiple compression support
Column-based encoding
Column-based indexing
Temporal and spatial indexing
Split data and indexes
Random-accessible metadata
CRC checking

ACID transaction
Multi-granularity

column compression

11 | Complex data types

co-Log

\

O| 00 IO\ | W

)

RN R AN R AN AN EN N
NN EANE IR TR R IRNENEN BN [

S RS A RN ENESENENENEN

Table 1: Comparison between co-Log and parquet/ORC.
P refers to parquet and O refers to ORC (§4.2).

the number of columns can be very large (up to tens of
thousands), most queries touch only a small subset (typi-
cally around ten columns). Moreover, the hot columns can
change over time (e.g., focusing on IOPS and latency dur-
ing peak events and shifting to failure-related signals during
normal periods). To support efficient indexing and adapt to
such changes, co-Log stores multi-level indexes (file, row
group, column, and page) together in the file footer. For the
same reason, schema access is highly skewed and random,
with a small set of columns being queried frequently. Un-
like Parquet/ORC, we therefore avoid using ProtoBuf [13]
or Thrift [39] for metadata serialization; instead, we use a
raw format to enable faster access. The larger metadata size
is acceptable in our high-speed datacenter networks.

Third, to accommodate frequent hardware changes and
software upgrades, co-Log supports schema evolution (e.g.,
adding new columns) without breaking existing queries. For
reliability, we also enforce CRC checking (Table 1, row 8)
on both metadata and data to detect silent corruption.

co-Log intentionally omits several features to reduce com-
plexity and overhead. For example, it does not provide
strong ACID guarantees (Table 1, row 9), since teleme-
try workloads can tolerate short-term unavailability and mi-
nor inconsistencies. We also do not implement “multi-
granularity”’column-level compression: given modern high-
capacity SSDs, we trade space for query performance. Fi-
nally, we do not support complex types (e.g., arrays and
maps), which are rarely needed for observability and incur
high processing overhead.

4.3 Optimizing Querying

Procedure. We now walk through the query execution
flow in DiTing. SREs can either send a query to a global
root for cross-AZ lookup or directly to a target AZ. After re-
ceiving the query, the zone root in the corresponding AZ first

2506 20th USENIX Symposium on Operating Systems Design and Implementation

USENIX Association



estimates the load (i.e., how many nodes the query should be
pushed to), builds a query tree, and asks zone mixers to iden-
tify the specific nodes that hold the target data. DiTing then
pushes sub-queries down to these nodes, which execute them
using harvested CPU and memory. If pushdown fails (e.g.,
due to inaccessible nodes or timeouts), DiTing reroutes the
query to an AZ-level zone-leaf node for execution. In pro-
duction, only about 1% of queries fall back to zone-leaf ex-
ecution. Finally, the zone root aggregates the results and re-
turns them to the user. Next, we highlight key optimizations.

Building the query tree. After receiving a query (either
forwarded by the global root or submitted directly by an
SRE), DiTing constructs a zone-level query tree consisting
of three node types: root, mixer (internal), and leaf. Two
key parameters are the tree height and the fan-out. Prior
work proposes heuristic policies for choosing these param-
eters. For example, Monarch [15] uses a fixed height of 3,
whereas Kraken [26] dynamically adjusts fan-out to balance
parallelism (higher fan-out) against straggler impact (i.e., by
lowering fan-out).

A recent study [35] shows that query latency, while largely
insensitive to fan-out, scales logarithmically with the number
of leaf nodes involved. Based on this insight, DiTing first
determines whether a query requires aggregation. If so (e.g.,
an AZ-level aggregation), and the query needs to be pushed
to N nodes, DiTing sets the fan-out to min(XN, 1000). Oth-
erwise (e.g., scan queries), it sets the fan-out to N. This is
because, unlike Monarch and Kraken, DiTing must support
aggregation-heavy queries that span multiple telemetry types
(logs, traces, and metrics) and potentially involve millions of
nodes. Such queries can impose substantial aggregation load
on mixer nodes; we therefore cap fan-out at 1000.

Query pushdown. Pushing query processing to where the
target data reside is a classic approach. Prior systems such
as Monarch [15] reuse schema fields (e.g., location) to se-
lect target nodes by matching them against query predicates.
They also employ Bloom-filter-like indexes (e.g., Monarch’s
Field Hints Index (FHI) [15]) to speed up target selection.
DiTing does not follow this practice due to precision re-
quirements. If a query is pushed to the wrong nodes (e.g.,
due to Bloom-filter false positives), the resulting latency
penalty and traffic amplification are significant and unac-
ceptable at scale. Instead, DiTing achieves accurate query
pushdown by aligning its hierarchy (global, AZ, and node)
with the cloud’s physical infrastructure (region, AZ, cluster,
and node; see §2.1). Each node has an IP address, and its
hostname encodes the cluster name. DiTing therefore uses
IP and cluster information, together with metadata, to pre-
cisely locate target data. For example, hardware components
(e.g., NICs and SSDs) have fixed physical locations (e.g., in-
stalled on a specific node). For logical entities (e.g., a virtual
disk in EBS), DiTing maintains mapping tables (e.g., from
a virtual-disk ID to the physical nodes and disks that store

its data) and periodically refreshes these mappings from the
corresponding services (e.g., EBS block masters).

Query pushdown is not always successful because target
nodes may be temporarily unavailable (e.g., due to network
partitions or traffic bursts). DiTing therefore provides three
fallbacks. First, if a node is deemed unavailable before push-
down (e.g., missing heartbeats), DiTing directly executes the
query on AZ-level leaf nodes. Second, if a node becomes
unavailable after pushdown, a configurable timeout triggers
rerouting to AZ-level leaf nodes. Third, if a node is respon-
sive but overloaded, DiTing switches the node to a fetch-
only mode (Figure 6), where the node returns only the latest
data and AZ-level leaf nodes complete the computation.

Metadata pushdown. DiTing stores metadata at the
global and AZ layers to enable query pushdown. However,
node-level execution may still require metadata for joins and
filters. For example, a query may join disk traces with disk
metadata (e.g., user ID) that would otherwise reside at the
global or AZ layer, forcing additional round trips and in-
creasing latency and network overhead.

To avoid this, DiTing slices metadata by node IP and
pushes the relevant partitions down to nodes. We first al-
low users to declare which metadata fields can be associ-
ated with nodes. DiTing then combines these metadata with
the physical-location table to construct a spatial partition-
ing scheme, partitions the metadata accordingly, and pushes
each partition to the corresponding nodes. This reduces
query latency by 33% and lowers node-side CPU utilization
from about 45% to 16%, while incurring only a small addi-
tional memory overhead (a few MB per node).

Limiting node-level resource usage. DiTing harvestsidle
node resources for query processing and temporary stor-
age, which requires resource management to avoid interfer-
ing with tenant workloads. DiTing therefore enforces user-
configurable limits (set at the global and AZ layers) on CPU,
memory, and disk usage. To tolerate traffic bursts, users can
also specify a short grace period during which resource usage
may exceed the thresholds. Severe or sustained limit viola-
tions trigger termination of the node-level DiTing agent.

4.4 Optimizing Ingestion

Procedure. All types of observability data—metrics,
traces, and logs—are generated on end nodes and format-
ted as co-Log files. Node-level agents insert metric entries
by computing the corresponding statistics every 15 seconds
(e.g., average or maximum). Trace and log entries are ap-
pended upon function calls and log events. Periodically,
node-level agents merge co-Log files and upload them to the
AZ layer for persistence. Optionally, the AZ layer can also
send a copy of the uploaded data to the object store service
for higher reliability.

Node-level in-memory buffer. User access exhibits strong
temporal locality: most queries target recently generated
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Figure 8: co-Log file layout (§4.4).

data. We therefore implement a fixed-size, node-level in-
memory buffer to cache the latest data, prioritizing low la-
tency and low cost. AZ-level leaf nodes do not maintain such
a buffer because temporal/spatial locality are weaker there.
Surprisingly, for a server that produces 20K distinct met-
rics (an extreme case), a 900 MiB per-node buffer achieves
cache hits for over 99.9% of queries. Even on nodes with
fewer idle resources, we find that a 100 MiB buffer is suffi-
cient to reach a hit ratio of around 90%. This effectively pro-
vides an in-memory-database experience for most queries.

Pre-aggregation for metrics. Beyond short-term monitor-
ing, SREs often query metrics over long time ranges (e.g.,
weeks or months) to understand trends. Returning raw 15-
second-granularity data would incur high storage and pro-
cessing overhead while providing limited additional insight.
For example, querying a VM’s CPU utilization over the past
30 days at 15-second granularity yields 172,800 points, plac-
ing a heavy burden on node resources and network traffic.
DiTing therefore supports pre-aggregation for metrics, com-
puting aggregates such as average, sum, max, and min at
coarser granularities (e.g., 1 minute, 5 minutes, and 1 hour).
This optimization applies only to metrics.

File merge. InDiTing, because end nodes periodically up-
load co-Log files to the AZ layer (every 1 minute by de-
fault), the AZ layer must provide durable storage for a mas-
sive number of co-Log files (e.g., billions). This creates a
substantial maintenance burden. However, we cannot sim-
ply merge all files into large ones, because doing so would
erase spatial information (i.e., metadata used to enable ac-
curate query pushdown). DiTing therefore employs a two-
step merging strategy. First, we merge row groups (Figure 8)
from files produced by the same server, and attach the server
IP to each row group’s metadata. Next, we merge row groups
from servers in the same cluster into a single co-Log file, sort
the row groups by IP address, and append cluster information
and an IP-to-zone map to the file footer. This design also
guides the folder structure in Figure 8: the directory struc-
ture is flat, and the file layout and naming conventions are
explicit and easy to manage.

4.5 Consistency, Integrity, and Availability

We intentionally do not build DiTing as a database because
supporting transactions (i.e., strong ACID guarantees) is too

costly and unnecessary for telemetry workloads. Neverthe-
less, DiTing employs several mechanisms to improve con-
sistency, integrity, and availability.

Consistency. We make several observations. First, most
observability data are append-only and produced by a single
writer (i.e., the per-node agent). Second, data are replicated
by being uploaded from the node layer to the AZ layer and
then backed up to the object store. Third, SREs do not di-
rectly query nodes: if pushdown fails, DiTing reroutes the
query to AZ-level leaf nodes. This avoids consistency issues
caused by multiple clients reading from and writing to differ-
ent replicas. Finally, in observability scenarios, results from
node-level and AZ-level execution may differ slightly due to
freshness. DiTing estimates this potential staleness from the
query results and notifies users, who can optionally re-run
the query against the centralized copy.

Based on these observations, DiTing adopts a simplified
Raft-like protocol for each replicated unit spanning node
storage, AZ storage, and object-store storage. For example,
with 1K nodes, we form 1K independent Raft groups. The
key idea is to always treat the node as the leader (i.e., no
leader election as in standard Raft): because each node is the
sole writer, if it goes down, no new telemetry data will arrive
for that group. SREs can still query replicas in the AZ layer
or object store. This design substantially simplifies engineer-
ing and operations, which is critical at DiTing’s scale.

Integrity. DiTing uses CRC to verify data integrity from
generation, through network transmission, to persistence on
disk. We learned two lessons in practice. First, we still need
to periodically scrub data and cross-check against the ob-
ject store to detect corruption. At hundreds of PB (or more),
bit flips are inevitable. Second, when computing CRCs over
nested data blocks, we leverage the compositional properties
of CRC (i.e., combining precomputed CRCs for sub-blocks)
to avoid repeated reads and recomputation. This reduces
overhead and helps detect corruption that might otherwise
be missed due to inconsistent results across repeated reads.

Availability. The two replicas in DiTing (node-level and
AZ-level) already provide approximately nine nines of avail-
ability based on our failure-rate analysis. With an additional
backup in the object store, DiTing can provide roughly
twelve nines. Note that the object store is an independent
service rather than a third DiTing replica tier. It is also more
cost-effective than other storage options (e.g., EBS and cloud
databases), which helps meet our CapEx requirements.

5 Evaluation

We organize our evaluation into three parts. First, we evalu-
ate DiTing on a microbenchmark, focusing on query latency
and queries per second (QPS). Second, we present deploy-
ment statistics from DiTing’s large-scale production rollout.
Finally, we compare capital expenditure (CapEx) against ex-
isting solutions.
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Figure 9: The performance of DiTing on various circumstances. (§5.1)

5.1 Microbenchmark

We evaluate DiTing using a microbenchmark that issues
queries over metrics, logs, traces, a mixture of all three, and
metadata. We additionally run failover experiments to assess
DiTing’s robustness under node unavailability.

Metrics. We construct the metrics microbenchmark as fol-
lows. First, we use real-world production metrics from an
80-server cluster in our object store service. For each query,
we randomly select 12 fields from a table with more than
1,000 fields. This matches field-access statistics in produc-
tion: on average, a query touches 11.2 fields, and no more
than 1% of all fields are accessed by any single query.

Second, we query metrics over a range of time windows:
the most recent 5 minutes, 1 hour, 3 hours, 1 day, 7 days, and
30 days. This reflects common SRE workflows, where recent
data are used for real-time monitoring and historical data
are used for trend analysis. For long-range queries, DiTing
serves data pre-aggregated at S-minute or 1-hour granularity.

Third, we set the benchmark concurrency to 400, simu-
lating 400 SREs continuously issuing queries to the cluster.
We compare against ClickHouse, deployed on an 18-node
cluster where each node has 96 CPU cores, 256 GB RAM,
12 x 14TB QLC SSDs, and 2 x 1 TB PMEM devices. In
contrast, the AZ-level DiTing deployment uses three nodes,
each with 64 CPU cores, 128 GB RAM, and 12 x 3.5TB
QLC SSDs.

Figure 9(a) reports query latency and QPS for DiTing and
a centralized-only variant of DiTing when targeting a single
server. For 5-minute, 1-hour, and 3-hour windows, metrics
are not pre-aggregated. At around 1K QPS, DiTing achieves
about 0.2s latency, whereas the centralized-only variant is

15min | 1h 3h 1d 7d

Latency | In 1.01 1.09 | 1.22 | 1.14 | 1.05
(s) Out | 954 | 9.68 | 9.66 | 9.07 | 9.71
QPS In 333 313 | 279 | 304 | 320
Out | 160 | 17.2 | 17.5 | 19.3 | 16.0

Table 2: Comparison between queries in and out of cache.

7-82x slower. The gap widens for longer time ranges (e.g.,
0.2s vs. 18.1s) because DiTing can pre-aggregate metrics
on nodes and thus reduce processing overhead. Somewhat
surprisingly, the centralized-only variant may even fail to re-
turn results for 30-day queries due to out-of-memory (OOM)
errors. Note that we do not enable pre-aggregation in the
centralized-only variant because it would introduce addi-
tional CPU overhead and write latency.

When extending the target from a single IP to an entire
cluster, Figure 9(b) shows consistent results, although la-
tency may increase under high QPS due to higher network
traffic. Moreover, Figure 9(c) shows that DiTing reaches
about 1,500 QPS while using only one CPU core in our
microbenchmark. Even on low-resource machines with a
300 MB memory limit, DiTing can achieve similar QPS in
many cases.

Table 2 further compares DiTing with and without the in-
memory cache under a concurrency of 400. The results high-
light the importance of caching recent metric data in mem-
ory, since metrics require high-QPS reads. Without caching,
leaf nodes cannot sustain such high-rate disk reads, lead-
ing to substantial performance degradation and potentially
affecting system stability.

We further scale metric queries to the region and global
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levels. Specifically, we randomly select 10 fields from the
same table but target (i) one region of the object store ser-
vice (~20K nodes) and (ii) multiple regions (~60K nodes).
Figure 9(d) shows that even at these scales, latency increases
only modestly to about 0.5s and 0.8s, respectively. This
demonstrates the effectiveness of query pushdown.

Traces. Trace workloads typically have fewer columns but
many more rows (with millisecond-level granularity). To
evaluate trace queries, we use production trace data from
an Elastic Block Service (EBS) server and issue queries that
read 10 columns sampled from different column ranges. As
shown in Figure 9(e), latency increases linearly with the
amount of data read, indicating that DiTing scales well for
trace workloads.

Logs. Compared to metrics and traces, logs have much
larger volume. Due to their unstructured nature, logs are of-
ten inspected manually and thus have a lower query rate. Re-
call that we adopt schema-on-read for logs, converting them
to the unified format only at query time; we therefore focus
on the throughput of reading and filtering.

We use production log data and apply a 30% selectivity
filter, meaning that out of every 100 lines read, 30 lines are
returned. We query 6, 10, and 15 fields over log datasets
ranging from 10K to 250K rows. Figure 9(f) shows that pro-
cessing time grows linearly with the amount of data scanned.

Trinity. A key feature of DiTing is the ability to query

and correlate metrics, traces, and logs in a single request.

We construct a trinity microbenchmark that follows produc-

tion field-access patterns and includes three scales (small,

medium, and large):

* Metric table: ~500 columns, one row every 15s. Small
(last 5 min), medium (last 30 min), large (last 1 h).

* Trace table: ~30 columns, ~2K rows every 15s. Small
(65K rows), medium (210K rows), large (460K rows).

* Log table: ~20 columns, ~25 rows every 15s. Small
(4.5K rows), medium (5K rows), large (5.5K rows).
Under this setup, each query first retrieves server CPU

usage, then joins with a trace table for a cloud component,
and finally joins with the component’s error logs on the
time field. Figure 9(g) shows that latency increases with the
amount of queried data; most of the time is spent retrieving
trace data due to its larger volume.

Failover. Node-level leaf nodes may be unavailable during
failures or traffic bursts. To evaluate robustness, we select a
200-node cluster and vary the fraction of unavailable node-
level leaf nodes from 0% to 100% in a single-threaded setup.
We query metrics over the most recent 1-hour window. Fig-
ure 9(h) shows that latency increases gradually as node un-
availability increases.

Metadata. Metadata in DiTing map logical entities and
fields to physical locations. To evaluate metadata lookup, we
query all virtual disks (VDs) subscribed by a major customer.

Il A-PSO I A-P99 B-P50 B-P99

15.7% 1747MiB 17.7GiB 24K 0.44  0.01

1432MiB
11.2GiB

CPU  Memory  Disk Metric Read Read
Usage Usage Usage Fields QPS IOPS

Figure 10: Deployment statistics of DiTing.
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Figure 11: The performance of DiTing on production
environments, compared with solution A. (§5.2)

These VDs (about 430K) are distributed across regions and
AZs. We then query the total traffic for these VDs. With-
out metadata, the query would need to scan the entire dataset
(~1.4PiB) to locate the disks, taking tens of minutes. With
metadata-assisted pushdown, the query completes in 2 s.

5.2 Deployment Statistics

At the time of writing, we have deployed DiTing for mul-
tiple services (e.g., OSS and EBS) on more than one mil-
lion nodes across multiple regions worldwide. Next, we re-
port deployment statistics for two services in a single region.
Service A emits a typical metrics workload (about 10K met-
rics per node), whereas Service B emits a larger workload
(about 20K metrics per node). The statistics are collected
from more than 300 clusters and 36K nodes. The AZ-level
monitoring data stored in this region reach about 600 TB.
Our AZ-level nodes serve about 1,200 QPS on average, and
node-level leaf agents collectively serve about 40K QPS.
Figure 10 summarizes node-level overhead (CPU, memory,
and disk consumed by DiTing) and per-node QPS, reported
at the 50th and 99th percentiles.

Overall, the node-level resource overhead of DiTing re-
mains low. On average, DiTing consumes GB-scale mem-
ory per node (about 0.5% of total DRAM), uses fewer than
2% of CPU cores, and requires only 10-20 GB of local disk
for short-term persistence. Even for Service B, our imple-
mentation occupies only about 0.55% of memory and 7% of
the system disk on average. However, when amortized over
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Figure 12: CapEx comparison of DiTing, Solution A,
and Solution B.

a large fleet (36K nodes across Services A and B), the ag-
gregate memory footprint reaches about 34 TB. This large
distributed cache is a key reason for DiTing’s low query la-
tency, resembling the behavior of a distributed in-memory
database. At the global scale, DiTing runs on millions of
nodes and stores tens to hundreds of PiB of compressed data.

Figure 11 further compares DiTing with Solution A
in production. Solution A is a classic time-series high-
performance DB developed by our company (serving a wide
range of users for over a decade). We run experiments on
a small deployment (50 nodes) and a large deployment (400
nodes), varying concurrency from 16 to 800. Each experi-
ment queries a single metric over the most recent 1.5 hours.
As shown in the figure, DiTing improves QPS by 4-9x
while reducing latency to 1/10-1/4 of Solution A.

5.3 CapEx Analysis

We compare the CapEx of DiTing against two baselines,
anonymized as Solution A and Solution B. Solution A corre-
sponds to the system used in the deployment study above,
and Solution B is our internal distributed logging service
with EB-scale capacity. Both represent state-of-the-art pro-
duction systems and provide Prometheus-like functionality.
We choose internal services as baselines because we can
obtain detailed CapEx numbers that have been strictly au-
dited by our finance department. Due to confidentiality con-
straints, we cannot disclose absolute costs. Instead, we re-
port normalized comparisons to highlight DiTing’s CapEx
reduction in the field.

We categorize CapEx into two types, following common
accounting practice: Type I (persistence) and Type 11 (in-
gestion). Type I captures long-term storage costs. DiTing
primarily relies on the Object Store Service (OSS), built on
top of our internal distributed file system. Both Solution A
and Solution B use the same underlying file system directly.
Thus, the three systems have similar cost per stored GB.
Even so, DiTing incurs only about 1/180 and 1/6 of the
Type I cost compared to Solutions A and B, respectively.
This reduction comes from DiTing’s multi-value data model
and the co-Log format (see §4.2), which efficiently stores

and queries high-cardinality, high-dimensional metrics.

Type II captures ingestion cost and can be decomposed
into three factors: (1) Physical cost, including hardware de-
preciation, power, and datacenter (IDC) expenses; (2) Sell-
ing rate, defined as the fraction of provisioned resources that
are actually subscribed/serving; and (3) Other overheads, in-
cluding software licensing and additional infrastructure fees.
We summarize this as:

PHYSICAL COST

TYPE-II COST =
( SELLING RATE

) X (14 OTHER).

Note that DiTing does not attribute Type II cost to harvested
node resources, since those nodes are already paid for by
the services. Hence, DiTing mainly incurs Type II cost in
the centralized (AZ-level) cluster. Overall, DiTing reduces
Type II cost by about 17.6x and 2.4x compared to Solu-
tions A and B, respectively. In total, DiTing achieves about
65x and 3x CapEx reduction relative to Solutions A and B.

6 Lessons Learned

Unifying is not equal to identical handling. In hindsight,
“unified” does not mean ‘“handled identically.” Although
DiTing uses one storage format (co-Log) and one process-
ing interface to cover metrics, traces, and logs, each data type
still needs its own engineering focus.

For traces, the biggest operational lesson is that the SDK
matters as much as the backend. If the instrumentation is
unstable or too heavyweight, the system fails exactly when
it is needed most: abnormal paths are often rare, time sensi-
tive, and the first to be dropped under pressure. For metrics,
high cardinality and long-range queries are the primary cost
driver. We repeatedly hit cases where adding a few high-
cardinality dimensions (or expanding a monitoring scope)
silently multiplied storage footprint and query cost. Our ex-
perience suggests the only sustainable approach is to contin-
uously watch growth signals and proactively apply summa-
rization (e.g., pre-aggregation) and retention controls. For
logs, we learned to optimize for lossless and fast ingestion
first. Heavy preprocessing (parsing, extraction, normaliza-
tion) is best treated as a best-effort or asynchronous step.
Keeping the write path simple makes the system far more
robust under bursty incidents.

Stability comes first. DiTing relies on a per-node agent
for data collection, local persistence, pushdown execution,
and metadata handling. This consolidation improves locality
and reduces CapEx, but it also enlarges the blast radius. A
regression in the agent can affect an entire fleet within hours.

Operationally, the most effective measures were not so-
phisticated algorithms, but disciplined rollout and guardrails.
For example, we implemented canary releases with clear
success criteria, staged expansion across clusters/regions,
and automated rollback when key SLOs regress. We also
found it necessary to bake ‘“self-protection” into the agent
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and the control plane—rate limits, circuit breakers, back-
pressure, and load shedding—because at cloud scale, rare
corner cases happen daily, if not hourly. Finally, we inten-
tionally keep the consistency design simple (our Raft-like
variant with a fixed leader) so that failure behavior is always
predictable and easy to operate.

CapEx! CapEx! CapEx! Our early prototypes focused
on making a centralized DiTing work for more services and
more data types, because that was the fastest way to validate
functionality. As deployment scaled, we learned the hard
way that a centralized architecture has a steep cost curve for
telemetry: ingestion grows continuously, and a design that
looks “reasonable per node” can become unsustainable once
multiplied by millions of machines.

Two practical lessons stood out. First, cost regressions
often come from small, local changes: adding an index, in-
creasing a sampling rate, enabling a new dimension, or ex-
tending retention by a few days. Each change is easy to jus-
tify in isolation, but the fleet-wide effect can be enormous.
Second, the only way to keep costs under control is to make
them visible and reviewable. In our deployment process, ev-
ery major feature must come with an explicit cost model
(e.g., added bytes per node per day, incremental write am-
plification, and extra CPU for ingestion/query), and we rou-
tinely run “what-if” analyses during design reviews.

This is also why the final architecture embraces Central—
Node Collaboration: we use harvested resources to flatten
the steady-state cost curve, while keeping the AZ-level cen-
tralized clusters as a bounded, reliable fallback. In practice,
treating cost to serve as a continuous optimization target—
alongside latency and availability—was essential to making
DiTing viable at cloud scale.

7 Related Work

TSDB. Time-series databases (TSDBs), such as
OpenTSDB [12], BlueFlood [32], KairosDB [10],
Graphite [8], InfluxDB [9], and Prometheus [33], are
designed for storing and querying time-series data and are
therefore widely used as building blocks for observabil-
ity. However, traditional TSDBs primarily optimize for
time-partitioned access and often provide limited support
for spatial attributes (e.g., region/AZ/cluster/node) that are
fundamental in cloud telemetry. At large scale, this mis-
match can lead to skewed placements and I/O hotspots (e.g.,
many operators concurrently scanning recent windows for
the same AZ or service). Recent in-memory TSDBs, such
as Scuba [14], Kraken [26], and Monarch [15], demonstrate
that real-time querying can scale to very large datasets
with low latency, but their in-memory designs make them
expensive to operate at the hundreds-of-PB scale.

OLAP. Online analytical processing (OLAP) systems,
such as Druid [43], ClickHouse [35], and Napa [16], provide
fast interactive analytics and are widely adopted in practice.

Their columnar storage and vectorized execution are a good
fit for many observability queries (e.g., scans with filters and
aggregations). However, in cloud observability deployments,
OLAP systems can become cost-inefficient due to high CPU
and memory consumption, especially for wide tables, high-
cardinality dimensions, and massive partition counts. More-
over, many existing deployments target PB-scale datasets,
whereas cloud-scale observability can accumulate data at the
EB scale, making the “scale-up more clusters” approach fi-
nancially and operationally challenging.

SQL Engines. Modern SQL engines, such as Impala [27],
Presto [36], and F1 Query [34], commonly adopt a storage—
compute disaggregated architecture and provide full SQL
support over large datasets. This model is attractive for
flexibility and ecosystem integration. However, complex
joins and global aggregations typically require runtime data
reshuffling (e.g., repartitioning/shuffles), which can intro-
duce substantial network overhead and sensitivity to strag-
glers. These characteristics make it difficult to achieve
predictable low-latency, high-QPS performance for global
observability, where queries frequently target “recent win-
dows” and must remain responsive during incidents.

Cloud-native Data Warehouses. Cloud data warehouses,
such as Snowflake [22] and Redshift [25], move the ware-
house stack to managed cloud infrastructure to gain elastic-
ity and simplified operations. To mitigate write throughput
and query latency challenges, these systems often incorpo-
rate intermediate caching/buffering layers and rely on object
storage as the durable backend. Nevertheless, they may incur
additional data redundancy (e.g., multiple copies for perfor-
mance) and provide limited flexibility for real-time observ-
ability analysis under heavy ingestion. Moreover, using a
managed cloud warehouse as the foundation of observability
introduces a circular dependency: the cloud service is relied
upon to monitor itself, complicating failure diagnosis.

8 Conclusion

The complexity of modern cloud environments calls for a
unified observability infrastructure. DiTing leverages un-
derutilized resources and a layered architecture to streamline
telemetry processing and storage. Beyond improving perfor-
mance and reducing cost, DiTing also enhances reliability
and scalability for cloud-scale observability.
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