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Abstract
Maintaining low tail latency is crucial for cloud storage
services. In ALIBABA CLOUD, our Elastic Block Storage
(EBS), like many others, adopts layers of load balancing to
avoid hot-spot I/Os, a dominant contributor to tail latency.

However, in the field, EBS has still been suffering from
tail latency spikes. Through extensive analysis of produc-
tion workloads, we have identified the root cause: the work-
load bursts caused by a small group of Virtual Disks (VDs),
which fundamentally influence the tail latency of the entire
cluster. We hence propose a lightweight dual-bucket throt-
tling mechanism to effectively mitigate the issue while main-
taining fairness. In addition, we discover that, even under
underloaded scenarios, the tail latency remains suboptimal
due to the event-loop thread model. We propose a priority-
based scheduling mechanism to separate I/O-related tasks
from I/O-unrelated ones. Our evaluation shows that the pro-
posed mechanisms can reduce the tail latency by up to 97%
in burst and 43% in underloaded scenarios. Our mechanisms
have been deployed across dozens of clusters for more than
three months, and have served hundreds of trillions of I/O
requests. They reduce the P99999 tail latency of steady seg-
ments by 59.7% under burst scenarios and of all I/Os by 22%
in underloaded scenarios.

1 Introduction
Elastic Block Storage (EBS) plays an essential role in today’s
cloud ecosystem. Formatted as Virtual Disks (VDs) to Vir-
tual Machines (VMs), EBS has been supporting workloads
from single-server databases to large-scale data analytics.

The high-performance nature of these applications has
placed demanding requirements on EBS. Hence, many cloud
vendors, including Azure [5], AWS [2], and us at ALIBABA
CLOUD, choose the compute-to-storage disaggregation ar-
chitecture for building EBS. Under this setup, the com-
pute cluster—which accommodates the nodes for hosting the
VMs—does not store data. Rather, it interconnects through
the datacenter network to a backend storage cluster which
typically includes two sets of servers, proxy servers (for ad-
dress translation) and storage servers (for data persistence).
This architecture allows a VD to be served across nodes in
the storage backend, providing a highly scalable throughput.
Moreover, this disaggregated setup also allows the compute
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Figure 1: Tail latency in a Cluster.

and storage clusters to evolve independently, enabling quick
adoption of new technologies (e.g., RDMA [16]).

Still, a performance challenge remains: the tail latency.
Figure 1 shows that in a representative cluster, the tail la-
tency can reach up to 109ms at the P99999 level. One ma-
jor and common contributor to tail latency is the queued-up
I/O requests caused by hot-spot accessing. In the field, we
have constantly observed similar patterns in EBS where only
a small proportion (0.1% to 11.6%) of the VDs in an EBS
cluster are frequently accessed. To mitigate this issue, we
equip EBS with multiple layers of load balancing strategies
at VD, compute node and storage node levels.

Unfortunately, simply balancing the load is not enough.
In the field, we have been witnessing tail latency spikes (de-
fined as I/O latency exceeding 10ms, and multiple spikes
occurring during a 10-minute window are treated as one).
For example, over one week of monitoring on around 100
randomly selected EBS clusters has reported a total of 649
tail latency spikes, and the most severely hit EBS cluster has
experienced 289 spikes. The situation will further deterio-
rate during representative online events like shopping festi-
vals where nearly all clusters used by the promoters endure
constant tail latency spikes during peak hours.

Interestingly, detailed profiling reveals that the culprit is
not the ineffective load balancing. Instead, it is the sheer
volume of I/O requests from a few VDs within a short period
that overwhelms the entire cluster. Due to the load balancing,
such a burst ironically floods almost all storage nodes within
the cluster and subsequently causes tail latency spikes. This
overly concentrated I/O access pattern driven by VDs owned
by a small group of users (a.k.a., major clients) is fairly com-



mon. For example, more than 51% of VDs are possessed by
the top 3 major clients in each cluster. More importantly,
while it is acceptable for the major clients to experience a
longer latency since they initiated the burst, the minor clients
that are co-located with the major ones, should not be but in
fact are severely impacted by worsening tail latency.

Initially, we intended to address this issue by strictly cap-
ping the throughput on VDs owned by the major clients.
However, this approach, while effective for reducing bursts,
backfires as it severely impacts the bandwidth utilization dur-
ing underloaded periods (i.e., the majority of the time). Sta-
tistically, by throttling the throughput of each major client to
60 MBps, the EBS would suffer 27% utilization deteriora-
tion.

By revisiting the EBS stack and burst traces, we discover
that the underlying storage layer can tolerate temporary I/O
spikes. Moreover, the bursts driven by major clients are usu-
ally short-lived (i.e., mostly tens of milliseconds) and only
target a small portion of the Logical Block Address (LBA).
Therefore, we should, instead of capping all major clients’
traffic, identify and throttle hot segments (i.e., partitions of
the VDs) in a burst. The remaining “steady” segments can
proceed as usual or even preempt bandwidth resources from
the hot ones to offset impacts from the burst.

Based on this key idea, we use a theoretical model to ac-
curately characterize the available bandwidth for “steady”
segments under various load conditions. Based on this es-
timation, we propose a dual-bucket throttling mechanism,
to reduce the tail latency of steady segments during bursts.
At a high level, the mechanism works by setting up two to-
ken buckets in each proxy server and refilling the buckets at
a fixed rate on an interval basis (every 10ms in our case).
The segment can issue an I/O after obtaining a token from
the buckets. The main bucket is up for grabs for all seg-
ments, while the cheque bucket is only accessible to steady
ones. The goal of the cheque bucket is to allow temporary
I/O bursts (i.e., at most one interval) and preserve the band-
width for steady segments.

Although the overall latency in Figure 1 remains relatively
low under underloaded scenarios, our breakdown analysis re-
vealed that the proxy layer still dominates the tail latency,
contributing over 49.2% to the end-to-end latency — far
exceeding the expected lightweight role of a proxy server.
We found that the event-based scheduling framework (i.e.,
libevent, a common library for event-driven programming)
can significantly postpone the processing of I/O requests
due to delayed reception of new I/O requests and inefficient
scheduling of tasks on the critical path.

We hence develop a priority-based task scheduler to fur-
ther categorize the tasks into I/O-related and I/O-unrelated
tasks, and allocate them to corresponding queues. The I/O-
related tasks are always processed first. In contrast, the pro-
cessing of I/O-unrelated tasks is delayed until all I/O-related
ones are processed, and will be interrupted if the overall ex-

ecution time exceeds a timeout (10us by default).
We extensively evaluate our proposed solutions by com-

bining comprehensive microbenchmarks, real-world traces,
and large-scale deployments across diverse setups. In pro-
duction, dual-bucket throttling and the priority-based task
scheduler reduce P99999 tail latency by 59.7% in burst sce-
narios and 22% in underloaded scenarios.

Our contributions are as follows:
• We have identified the simultaneous overload by major

clients as the main contributor to the tail latency spikes
in EBS. We have proposed a dual-bucket throttling mech-
anism to alleviate the tail latency spikes for minor clients.

• We have revealed that the existing event-based scheduling
framework, even with thread splitting, can still suffer from
suboptimal tail latency under underloaded scenarios. We
further developed a priority-based task scheduler to sched-
ule I/O-related and I/O-unrelated tasks separately.

• We have deployed both mechanisms at scale across dozens
of clusters, serving hundreds of trillions of I/O requests,
where they cut steady-segment P99999 tail latency by
59.7% in bursts and of all I/Os by 22% in underloaded
scenarios.

• We have released production I/O traces of typical burst
scenarios collected from ALIBABA CLOUD EBS at
https://tianchi.aliyun.com/dataset/219284 to
benefit future research and optimizations on related topics.
The rest of the paper is organized as follows. We introduce

the background of EBS in §2. Then, we move on to analyze
the symptoms, root causes and the (unsuccessful) simple
fixes of latency spikes under both burst and underloaded sce-
narios in §3. We present the design and implementation of
our proposed dual-bucket throttling and priority-based task
scheduler in §4 and extensively evaluate both strategies in
§5. We end this paper with a discussion on related work and
a short conclusion.

2 Background
2.1 Elastic Block Storage (EBS) Architecture

Overview. Similar to block store services by other vendors
(e.g., Azure and AWS [11, 2]), our EBS service at ALIBABA
CLOUD also follows the compute-storage disaggregation, to
allow flexible and scalable deployment and management.
Figure 2 highlights the three-layer architecture of EBS, in-
cluding the compute, proxy, and storage layer.
Compute Layer. In EBS, the compute side consists of mul-
tiple compute clusters. Each cluster can have tens to hun-
dreds of compute nodes*. Each compute node hosts one or
more virtual machines (VMs) and each VM can be attached
to one or more virtual disks (VDs). Inside a VD, its Logical

*To avoid ambiguity, throughout this paper, we use the term node (e.g.,
compute and storage node) to refer to the physical machine, and server to
the software process (e.g., proxy server) running on the node.
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Figure 2: EBS Architecture Overview.

Block Address (LBA) space is split into a series of fixed-size
(32 GiB by default) segments, namely the numbered blocks
in Figure 2.

Under the disaggregation setup, when a VM issues I/Os
to a VD, all requests will be first processed by the storage
client running inside the hypervisor. The storage client adds
the packet headers to the requests and further forwards them
to the backend via the network (a.k.a., the 1st hop).

Proxy Layer. The storage backend includes two layers, the
proxy and storage. In our EBS, the storage layer is essen-
tially an append-only distributed file system. The key func-
tionality of the proxy layer is to translate the block-based
semantics of VD’s requests to the file semantics of the un-
derlying storage layer. Additionally, the proxy servers in this
layer also perform garbage collection, indexing for reads,
data scrubbing, and many other necessary tasks.

To efficiently orchestrate the various tasks listed above,
the proxy servers adopt an event-driven thread model to re-
duce context switching and scheduling overhead. Under this
model, each proxy server runs an infinite event loop, and
adds the pending tasks (e.g., incoming I/Os and scheduled
garbage collection) to a single queue. The tasks are then ex-
ecuted in a FIFO fashion, a common practice in large-scale
systems, such as Demikernel [30], IX [8] and mTCP [19].

Storage Layer. At a high level, the underlying distributed
file system (DFS) is similar to HDFS. It provides data per-
sistence and retrieval service with the append-only file ab-
straction. In addition, it offers reliability support via data
redundancy including either three-way replication or erasure
coding. Note that, our distributed file system also has a set
of metadata servers (like namenode in HDFS) and multiple
data servers (i.e., datanode in HDFS). While each (physi-
cal) storage node hosts one proxy server and one data server,
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Figure 3: Breakdown of the 99.999th percentile tail latency
under burst and underloaded workloads.

we do not enforce the strong locality in transferring data be-
tween the two processes. Instead, a proxy server only com-
municates with the data server via an intra-cluster network
(named as the 2nd hop, see Figure 2).

2.2 Load Balancing in EBS
Achieving a balanced load distribution is crucial for improv-
ing the overall performance and, especially, the tail latency.
To reach this goal, first, the Storage Client (on the compute
node) is equipped with multiple hyper threads (e.g., 4-8) to
handle VDs’ requests in a round-robin fashion, avoiding the
storage client being drained by a single VD. Furthermore,
along the stack, it is obvious that the requests from VDs are
shuffled among the proxy servers, thereby making the proxy
server an ideal place for performing load balancing. Cur-
rently, at the proxy layer, EBS mainly employs three strate-
gies including segmentation, allocation and migration. In
particular, VDs of each client are evenly distributed across
clusters within an availability zone during allocation, pre-
venting over-concentration on any single cluster.
Segmentation. Recall that a VD’s LBA is divided into a se-
ries of fixed-size segments, and the proxy server operates at
the segment level. Thus, a VD is handled by different proxy
servers. However, such granularity is not enough for balanc-
ing the load. One major shortcoming is that the burst I/Os of-
ten tend to concentrate on a short range of LBA (i.e., several
MiBs) which is much smaller than the default segment size
(i.e., 32 GiB). If we adjust the segment size to more closely
align with the MiB-level of typical hot spots, the overhead of
metadata can increase by three orders of magnitude or more,
severely stressing the metadata servers.

Therefore, we choose to first divide the entire LBA space
into 2-MiB data blocks and then place them into the 32-GiB
segments in a round-robin manner. For example, if a VD’s
capacity is 320 GiB (i.e., 10 segments), then the first segment
will contain the 2-MiB data blocks from LBA 0-2 MiB, 20-
22 MiB, and so on. This way, the hot spots are much more
likely to be distributed across different proxy servers, thus
improving the load balancing.
Allocation. EBS further integrates a series of strategies to
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optimize the resource allocation. First, a user can subscribe
multiple VDs (for different VMs) and they may tend to have
similar access patterns. Therefore, we will scatter such VDs
across different EBS clusters to alleviate the potential load
imbalance. Second, similarly, on the storage end, EBS en-
forces the segments from a VD to be distributed across at
least 4 different proxy servers.
Migration. Besides static measures like segmentation and
allocation, EBS also supports dynamic load balancing via
intra-/inter-cluster segment migrations. While both types of
migrations follow similar procedures (i.e., stop I/Os on the
source server, copy the metadata, and resume I/Os on the
destination one), the inter-cluster migration incurs additional
overheads due to the cross-cluster traffic and longer trans-
ferring time (e.g., 20 minutes for inter-cluster migration).
Therefore, we only migrate segments to a different cluster
when the load imbalance persists on the existing one for a
certain period of time (i.e., 10 minutes at the moment).

3 Motivation
3.1 What Went Wrong?
Due to the consequential impacts on Service Level Objec-
tives (i.e., user experiences), handling high tail latency has
always been a priority of maintaining cloud services [6]. Pre-
vious work has shown a major cause of high tail latency
to be I/O bursts [7]. With different levels of load balanc-
ing mechanisms in EBS enabled (see §2), one question in-
evitably arises: do the layered load balancing mechanisms
successfully defend against the long tail latency in EBS?

The short answer, unfortunately, is no. In production, we
have still been experiencing frequent occurrences of tail la-
tency spikes. In Figure 1, we demonstrate various levels of
tail (from P99 to P99999)† I/O latency in an EBS cluster for
nearly an hour. We can see that both read and write have suf-
fered multiple tail latency spikes where P99999 metrics can
reach up to 109 milliseconds. Our monitoring further shows
that such spikes not only frequently occur but also can be
widely spread across EBS clusters. We collected the latency
statistics of I/O requests from around 100 clusters in a re-
cent week, and we recorded 649 tail latency spikes. 289 of
them even occurred in the same cluster. Furthermore, during

†P99999 tail latency is a standard metric closely monitored by major
cloud services [3, 31].
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Figure 5: Cluster- and node-level views of a workload burst.

shopping festivals and other special events, nearly all clus-
ters serving these events constantly endure I/O bursts during
peak hours.

To pinpoint the culprit, we start by profiling the distri-
bution of the latency spikes by EBS components. In EBS,
an I/O has to go through the storage client, the 1st hop net-
work, the proxy server, the 2nd hop network, and finally the
storage server (see Figure 2). In Figure 3, we present the
breakdown under P99999 tail latency, where the network la-
tency encompasses both the wire transmission delay and the
time the packet waits in the NIC receive buffer before be-
ing consumed by the application. We discover that, for both
read and write, the proxy server is the dominant contribu-
tor. To understand the root cause, we further cross check the
software/hardware logs and the traffic monitoring data. The
reason, instead of malfunctioning software/hardware compo-
nents, remains to be the workload bursts.

Initially, we hypothesize that the load balancing mecha-
nisms in EBS are suboptimal. To verify this, we examine
the distribution of workload across proxy servers in EBS
clusters. The results, however, do not support this hypoth-
esis. We use the coefficient of variation (CV) – defined as
the standard deviation divided by the mean of the request ar-
rival rate among proxy servers in a cluster – as our metric for
evaluating load balance. As shown in Figure 4, the CV av-
erages 0.12 and oscillates between 0.08 and 0.18 over time,
with similar results observed across other clusters. These
results indicate that the load is well balanced, and are also
comparable to prior reports from large-scale production sys-
tems [14, 12]. This very effectiveness rules out imbalance
as the main culprit of the latency spikes; instead, the more
plausible explanation is that the workload bursts are so se-
vere that they overwhelm the layers of load balancing, caus-
ing requests to accumulate and spikes in latency.

Symptom. Figure 5 gives both a macroscopic and micro-
scopic view of a burst scenario in an EBS cluster. On the left,
we can see the cluster-wide normalized load during the burst,
and on the right, we present the load patterns on 9 randomly
selected servers (out of nearly 100) within the same cluster.
Figure 6 shows, without imposing a bandwidth cap on proxy
servers, the end-to-end latency increases dramatically. The
root cause is that the storage layer has limited serving ca-
pacity. Issuing excessive requests can introduce super-linear
waiting time. Based on evaluations and field experiences,
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Figure 6: With the gradual increase of load in a proxy
server, the end-to-end latency increases super-linearly, mak-
ing throttling necessary.

we set the maximum limit to 1.2GBps (100% load in Fig-
ure 5.) The figures clearly show that all servers follow the
very pattern the cluster experiences, indicating that the load
balancing mechanisms are functioning as intended. It is sim-
ply that the burst workload has driven servers in the cluster
to be overloaded (i.e., across the 100% load line), rendering
long queueing delays (i.e., tail latency spikes).
Root causes. Surprisingly, this phenomenon is not caused
by many users collectively, but by just a few major clients—
sometimes even one. Field statistics show that, among the
randomly sampled 20 EBS clusters, the top user can con-
tribute up to 95% of the total traffic in a cluster and the
top three, on average, account for 63%. This is inherent to
multi-tenant clouds, where a small number of major clients
inevitably account for the majority of resources.

Such dominance prevails not just in the burst scenario but
widely in the production environment. Major clients (i.e.,
top three) own 51% of the total VDs in the cluster. This sit-
uation easily allows the traffic patterns of major clients to
impact those of the cluster. And, with the load balancing
mechanisms in place, the overwhelming traffic from the ma-
jor clients’ VDs can lead to an all-server overload, causing
the simultaneous spikes shown in Figure 5.

Note that, even within major clients’ VDs, the skewness
is considerable. We compute the CV of all segments’ load
from the top 3 major clients in different clusters. The CV
could be up to 553 and the average value is 47.7, showing
great load variance of segments in different VDs.
Impact and Simple Fixes. Now, with a series of research
questions (RQs), we intend to explore the rationale, the con-
sequences, and the potential solutions.

RQ1: Why is this phenomenon bound to happen? To avoid
over-concentration of traffic, we have already distributed
VDs from major clients across different servers and clusters.
Yet, the sheer volume of requests nevertheless drives all re-
lated servers (and the cluster) to be overloaded. Note that,
enforcing a more stringent distribution policy, say setting the
maximum number of VDs a client can own in a cluster, can
be challenging due to the limited number of clusters in an
availability zone. In addition, while certain “bursty” traf-

fic is foreseeable before events like shopping festivals, the
individual suddenness remains. Therefore, it is difficult to
predict and (re)allocate resources in advance. RQ2: Do the
impacts only affect the major clients? A naı̈ve opinion is that
the latency spikes are acceptable since it is the major clients
who flooded the clusters in the first place. Unfortunately, the
reality is that the latency spikes are not limited to the major
clients. In fact, while the major clients are certain to take
severe hits, the latency spikes also exist among the minors,
with a 20× tail latency increase for I/Os of the “innocent”
users.
RQ3: Why not limit the traffic from compute ends? One
straightforward solution is to directly limit the traffic inside
the storage client. Obviously, placing a limit on the band-
width of major clients can alleviate the latency spikes. How-
ever, setting an appropriate threshold is challenging. On the
one hand, a fixed limit can lead to either resource under-
utilization (for being too strict) or ineffectiveness (for being
too generous). For example, if we set the bandwidth limit
of a major client to 60 MBps, the proxy server, on aver-
age, leaves 27% headroom left unused. On the other hand,
if we dynamically adjust the threshold, it would require a
near real-time monitoring and feedback mechanism given
that bursts are short-lived (typically last ten to hundreds of
milliseconds, though some extend to tens of seconds). This
is undesirable in practice as accurately adjusting dynamic
thresholds requires frequent interactions among all (tens of
thousands) VMs employing the same proxy server cluster.
Similarly, imposing stricter per-client VD caps would di-
rectly reduce the amount of sellable storage capacity, neg-
atively impacting revenue—an unacceptable trade-off for a
commercial cloud service.
RQ4: Why not migrating the hot traffic on storage ends? Al-
ternatively, one might suggest adopting a reactive approach
by migrating the hot traffic to other clusters. The rationale
is that, while a burst may easily flood the current cluster, it
is unlikely such a workload would push all the clusters in
an availability zone to their limits. Therefore, migrating the
hot traffic to cold clusters seems promising. Yet, in practice,
the bursts are both short-lived and unpredictable, thereby
making the migration—which usually takes 20 minutes—
infeasible.

Key Takeaways. In shared storage systems, load bal-
ancing spreads localized bursts cluster-wide, amplifying
rather than mitigating tail-latency degradation. Static
rate caps can curb bursts but waste capacity under nor-
mal load. This calls for a mechanism that protects minor
clients’ tail latency during overload without sacrificing
cluster utilization in the common case.

3.2 Underloaded Scenario
Symptom. Now, with the burst scenario exposed, a follow-
up question ensues: do I/Os during normal (i.e., under-
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loaded) periods also suffer abnormal tail latency? This ques-
tion motivates a closer look at Figure 1. At first glance, the
real-world statistics suggest not. Indeed, in stark contrast to
the bursts, the tail latency metrics under normal I/O pressures
are relatively low, only 1.34ms and 3.7ms on average for P99
and P99999, respectively.

However, a closer look at the breakdown of the tail latency
indicates otherwise. The breakdown of the P99999 latency
for read and write under normal I/O pressures in Figure 3
shows that the proxy server processing contributes signifi-
cantly to the tail latency. In other words, simply because
having an overall latency lower than that under the burst does
not mean that the tail latency is well tamed.
Root Causes. The per-I/O tracing leads us to conclude that
the fundamental event-based thread model is the culprit for
the high tail latency. As shown in Figure 7, in the proxy
server, each thread runs in the run-to-completion mode, and
each processing is enveloped in an individual task and as-
signed into a task queue for FIFO scheduling. Although the
proxy server is designed to serve I/O requests from clients,
it also needs a large number of assistant tasks to keep the en-
tire proxy server running healthily. For example, monitoring
and statistic tasks are necessary for the operation and trou-
bleshooting; the index compact task is necessary for keeping
the block offset table concise, optimizing memory usage and
processing performance. Therefore, even if there is no ex-
cessive amount of requests, such a model will postpone the
processing of I/O requests owing to the execution of other
I/O-unrelated tasks at the front of the task queue.
Limitations of intuitive and existing solutions. One “band-
aid” solution is to assign additional computing resources,
dedicating separate cores for task processing. This alloca-
tion initially showed promise by improving task processing
efficiency. By diverting unrelated tasks (i.e., the tasks en-
closed by the dashed box in Figure 7) from the I/O thread to
other processing units, the I/O thread could complete its cur-
rent loop processing more swiftly, facilitating quicker tran-
sitions to the next loop for efficient I/O handling. However,
this approach has its limitations. While the majority of tasks
could be offloaded successfully, some tasks remained inher-

ently tied to the I/O processing logic, sharing critical data
structures. Attempting to separate these tasks led to data con-
tention issues, resulting in performance degradation rather
than improvement.

Additionally, existing work primarily focuses on optimiz-
ing the user-level thread model [20, 26, 25], which requires
significant architectural changes to the code, making it diffi-
cult to quickly address our issues. On the other hand, user-
level thread scheduling introduces additional overhead com-
pared to event-based thread models, and may also require
specialized hardware support [25], making them hard to de-
ploy at scale.

Key Takeaways. Even in the underloaded scenario, tail
latency remains problematic. In event-loop architectures,
I/O-related and I/O-unrelated tasks inevitably share the
same thread and are processed in batches. This batched
execution delays newly arrived I/O requests even when
overall utilization is low. This calls for a scheduling
mechanism that minimizes the latency impact on I/O-
related tasks while ensuring I/O-unrelated tasks still ex-
ecute reliably.

4 Design

4.1 Design Goals

Goal-1: practical and lightweight. The previous analy-
sis shows that the tail latency is not well optimized under
both burst and underloaded scenarios. Our earlier latency
breakdowns have suggested that the hardware has also con-
tributed significantly to the tail latency. While we notice that
recent advancements in hardware (e.g., 2×200Gbps RDMA
and ZNS NVMe) have offered better guarantees on tail la-
tency, we, as a cloud vendor, can hardly depend on hardware
upgrades to alleviate the tail latency. Apart from being unfa-
vorable to the CapEx due to the large number of deployed
servers, this can also incur huge engineering effort since
a complete overhaul of certain parts or the entire software
stack is often needed for fully utilizing the new hardware.
Therefore, we aim to propose solutions that do not require
extensive restructuring of the system architecture and only
touch the necessary parts of the data path.

Goal-2: effective and fair. Obviously, our solutions need
to be effective in reducing the tail latency in both burst and
underloaded scenarios. Our discussion on the simple fixes
has shown that certain methods can indeed reduce the tail
latency but at the cost of introducing side effects. Again, as a
cloud vendor, we emphasize the fairness and thus expect that
our approaches, if not beneficial to all clients, would at least
not worsen the experiences (i.e., Service Level Objectives,
SLOs).
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4.2 Handling Burst Scenario

Observation. In § 3, we have shown that limiting I/O rates
on major clients is suboptimal in that it would backfire on
the utilization of the proxy server on average. This motivates
us to revisit the field traces and leads to the following obser-
vations.

• I/O carries different service guarantees in EBS. When a
virtual disk is created, users are provisioned with a base-
line level of throughput/IOPS, which defines the SLA-
bound base I/O that must be satisfied in terms of avail-
able bandwidth. Demand beyond this baseline is treated
as burst I/O and is served on a best-effort basis with-
out explicit guarantees. Under high load, our goal is to
sustain throughput while protecting SLA-bound base I/O
from burst interference.

• Not all segments of the major clients under bursts are hot.
In fact, most of them are not. As aforementioned, the av-
erage CV of segments in the same VD is 47.7, revealing
a weak correlation among those segments. Therefore, in-
stead of throttling the entire client, we should operate at a
finer granularity, i.e., segment-level.

• The underlying DFS can tolerate I/O bursts, at least for
a short period of time. Recall that the bandwidth of a
proxy server is limited to 1.2 GBps to avoid overload-
ing the DFS. This strict limit is set to reserve enough
resources for handling extremely high background loads
(e.g., GC). However, temporarily exceeding this limit dur-
ing low background loads would not cause a severe perfor-
mance penalty.

• The bursts are short-lived. We have profiled the burst du-
rations and found that the majority of the bursts last less
than 100ms with a few exceptional cases persisting over a
few seconds.

Key idea. The observations above motivate a key idea: in-
stead of throttling hot segments from major clients during
bursts, we let steady segments overdraw tokens, which si-
multaneously preserves overall resource utilization and en-
sures that minor clients’ I/O demands are not disrupted.
Moreover, by estimating the actual available resources, we
can compensate the steady segments with dedicated tokens

to issue more requests. Furthermore, we only perform over-
drawing during the first time window of the burst. Now, our
challenges boil down to three parts, as illustrated in Figure 8.
First, build a segment-level monitor to identify hot segments.
Second, estimate the available bandwidth to determine how
much can be overdrawn. Finally, use the available band-
width to allow steady segments to overdraw tokens, while
maintaining sufficient resources for the DFS and the hot seg-
ments.
Segment-level I/O rate monitoring. To achieve a finer
granularity of rate limiting, we first need to accurately moni-
tor the I/O rate on a segment level. To achieve this, we calcu-
late the I/O request rate of each segment under a fixed inter-
val T (10ms in production). If the volume of requests served
by a segment in the current interval exceeds the predefined
threshold R, this segment is labeled as a “hot segment”. Oth-
erwise, this segment is categorized as a “steady segment”. To
mitigate the impact of network jitter and ensure the stability
of segment categorization, the system tracks the last time a
segment was marked as a “hot segment”. A segment is des-
ignated as steady only if its request rate remains below R for
at least N intervals (N × T ).
Available bandwidth estimation. Since the background
workload is dynamic, we estimate the available bandwidth
by modeling a proxy server as an M/M/1 queue [21], where
requests arrive at rate λ and the server processes them at rate
µ. The expected I/O latency at percentile p is (full derivation
in Appendix A):

wp = α
ln(1− p)

µ− λ
(1)

where α is a correction factor (α=8000 in production)
to account for the deviation from ideal exponential distri-
butions. In practice, directly measuring P99999 latency re-
quires minutes of samples, so we instead monitor P95 la-
tency over short intervals. Since Equation (1) establishes a
deterministic mapping between any percentile latency and
the system load (µ − λ), observing wP95 over a short win-
dow suffices to infer the current load and predict the P99999
tail latency. As shown in Figure 6, with µ=2130Mbps
and different background loads (GC=300/600Mbps), Equa-
tion (1) precisely matches actual measurements. By rear-
ranging Equation (1), the residual serving capacity can be
obtained from the monitored wp. Subtracting a safety head-
room hp yields the estimated available bandwidth:

δp = α
ln(1− p)

wp
− hp (2)

where hp=330Mbps is a headroom that absorbs both model
error and prevents unacceptably high latency.

During runtime, by monitoring the P95 latency of recent
I/Os, we can directly calculate the available bandwidth δp for
overdrawing with Equation (2).



Dual-bucket throttling. To enable the steady segments to
overdraw tokens, we introduce a dual-bucket mechanism.
The first bucket, called the main bucket, functions as usual
and is shared by all segments. The size of the main bucket
is equal to the total tokens issued in an interval. The second
bucket, called the cheque bucket, is only accessible to the
steady segments. The size of the cheque token bucket is dy-
namically set based on the detected bandwidth over a recent
period.

In practice, the initialization process fills both buckets
with tokens to full capacity. Under normal pressure, all
segments are “steady” and consume tokens from the main
bucket. Every interval, the proxy server first refills the main
bucket. Then, if the cheque bucket is not full, the main
bucket will give enough tokens to fulfill the cheque bucket
before serving the real I/O requests.

When a burst occurs, the monitor would identify and mark
the hot segments. And, the main bucket would be (presum-
ably) quickly drained by the hot segments. Now, the steady
segments can consume tokens from the cheque bucket and
hot ones are thereby throttled. After the periodic interval T ,
the proxy server would refill the cheque bucket with δpT ,
and fill the main bucket with the remaining tokens.

Now, if the burst diminishes, the hot segments would be
marked as steady in the next interval. And, all things go
back to normal as the steady segments can grab 100% of
the tokens. Both buckets would be full again in the next in-
terval(s). If the burst persists, the remaining hot segments
would continue to consume tokens from the main bucket
while the steady can draw tokens from both.

The key of dual-bucket throttling is to reduce the impact of
bursts on the steady segments. Therefore, the cheque bucket
allows the steady segments to get tokens even when the main
bucket is depleted. Yet, such an overdraw mechanism does
not last as the underlying DFS would eventually be over-
saturated. Therefore, we only allow overdrawing for an in-
terval. This mechanism helps to throttle the hot segments’
I/O rate by forcing them to only consume tokens from the
main bucket.

Configuration parameters. The success of dual-bucket
throttling depends on two key parameters: the span of the
interval and the size of the cheque bucket. First, the span
of the interval should be long enough to endure most burst
scenarios while short enough to avoid over-saturation of the
DFS. Based on the fact that the average duration of bursts is
hundreds of milliseconds, we set the interval T to be 10ms
to timely react to the occurrence of bursts.

Second, the size of the cheque bucket should be set to a
value that can allow the steady segments to overdraw enough
tokens to avoid most tail latency spikes. Meanwhile, having
an overly large cheque bucket would backfire by worsening
the tail latency for the hot segments. Based on field statistics,
we set the size as 20% which can also be adjusted on-the-fly.
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Figure 9: Priority-based task scheduling.

4.3 Handling Underloaded Scenario

Root causes. The latency breakdown indicates that simply
shifting some tasks (e.g., GC, snapshot and index compact)
has limited effectiveness. The reasons are two-fold. First,
the proxy server runs the event-loop model, similar to com-
mon practices [30], in the idle mode and thus the pending
requests in the rx buffer are not handled in a timely fashion.
Second, while all client I/Os are processed in the frontend as
tasks, not all tasks are directly related to I/O processing. In
fact, the I/O-unrelated tasks (including monitoring, statistics
and dump) can delay I/O processing. Hence, our target is
to prioritize the I/O-related tasks and minimize the rx buffer
waiting time.

Priority-based task scheduling. Figure 9 shows that, for the
frontend event loop, we further enforce the following three
policies in the task scheduling:

• High priority first. We have set up two queues for I/O-
related and I/O-unrelated tasks. The I/O-related task queue
includes journal cache lookup, compressing the write re-
quests and decompressing messages in processing read re-
quests. The I/O-unrelated task queue includes I/O thread
monitoring, resource statistics, dump operations and oth-
ers. During each loop, the proxy server now always starts
with the execution of I/O-related tasks and will not process
the I/O-unrelated tasks until all enqueued I/O-related tasks
are done.

• Fixed span for I/O-unrelated tasks. To prevent new I/O-
related tasks (pending in the rx buffer) from waiting too
long, we introduce a loop timeout LT . This timeout caps
only the execution of I/O-unrelated tasks: if I/O-related
tasks exceed LT , their execution is not interrupted; the
timeout only prevents subsequent I/O-unrelated tasks from
running in the current loop.

• Frequent rx buffer check. To promptly receive and enqueue
the I/O-related tasks for timely execution, we check the rx
buffer at the beginning of every loop as long as the I/O-
related queue is empty.

Preventing I/O-unrelated tasks from starving. Directly
serving I/O-related tasks in a strict priority way may per-
sistently delay the execution of I/O-unrelated tasks, caus-
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Figure 10: Tail latency of innocent I/O requests under burst background workload with various 4KB read/write requests.
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Figure 11: Tail latency of write requests under 200MBps background workload with various 4KB read/write requests.

ing starvation in high workload scenarios. Although this
starvation does not interfere with I/O processing, it would
lead to critical system crash risks (e.g., eternal delay of
the health check would trigger the proxy service master to
force this proxy server to shut down). To solve this prob-
lem, we further optimize the static LT to a dynamic value.
DLT = max{αTIO, LT}, where TIO is the processing
time consumed by all I/O-related tasks in the current loop,
and α is a parameter (α > 1).

Configuration parameters. The setting of LT is a trade-off
between the performance and cost. Lower LT allows I/O-
related tasks to be executed more promptly, but introduces
higher looping overhead at the same time. We set LT =
10us in practice to achieve a sweet spot.

Through comprehensive experiments, we set α = 1.2
in practice, which provides about 20% CPU cycles for
I/O-unrelated tasks in each loop. This mechanism makes
sure there are enough time slots for the processing of I/O-
unrelated tasks, eliminating starvation risks. Through long-
term observation in the testing cluster, no starvation of I/O-
unrelated tasks is observed.

An example. Figure 9 illustrates the task processing in
the frontend event loop, where upper case letters denote
I/O-related tasks and lower case letters denote I/O-unrelated
tasks. The trailing number indicates the processing time in
microseconds. (e.g., A3 means an I/O-related task A takes
3us to finish).

At initialization, assume there are three tasks in both

the I/O-related queue (A3, B3 and C3) and the I/O-
unrelated queue (a3, b2 and c2). In the first loop, the
proxy server would not poll the rx buffer as the I/O-related
queue is not empty. Instead, the proxy server directly
processes A3, B3 and C3 (total 9us). As 9us <
DLT=max{1.2×9, 10}=10.8us, the server continues to
process a3 before timing out at 12us. b2 and c2 are deferred
to subsequent loops.

In the second loop, the I/O-related queue is empty, so
the server first polls the rx buffer (D5, taking 5us), gener-
ating new I/O-related tasks E3, F3 and I/O-unrelated tasks
d3, e3. After processing E3 and F3, the total execution
time reaches 11us (5+3+3), exceeding the static LT . If
directly employing this static LT , all I/O-unrelated tasks
would miss this loop. However, with starvation prevention,
DLT=max{1.2×11, 10}=13.2us, so b2 is still executed in
this loop. c2, d3 and e3 are deferred.

In the third loop, with no pending I/O tasks or buffered
requests, the server processes the remaining c2, d3 and e3.

5 Evaluation
5.1 Setup
We use the same setup of our production environment. In to-
tal, we use 8 compute nodes and 16 storage nodes (running
12 proxy servers, 3 proxy metadata servers and 1 adminis-
trator node). They all are of the same hardware configura-
tion including a 32-core Intel Xeon 2.30 GHz CPU, 192 GB
memory and 2×25 Gbps NIC, except each storage node has
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Figure 12: Tail latency of write requests under 200MBps background workload with various 4KB read/write requests.
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Figure 13: Tail latency of innocent I/O requests under burst background workload with various 4KB read/write requests.

12 PCI-e Gen3 8TB enterprise-level NVMe SSDs. More-
over, each storage node runs a proxy server process. Both the
1st and 2nd hop network are 2×25 Gbps Ethernet. We use
FIO to generate I/Os in the microbenchmarks and replay the
traces from the production environment in the macrobench-
marks.

5.2 Microbenchmark

Burst scenario. We first generate a set of continuous burst
scenarios. All compute nodes would generate I/O requests
saturating the entire proxy layer. The I/O size and read/write
component ratio differ in different experiments. Addition-
ally, we set 20% of segments as “hot” and they contribute
80% of the overall load, simulating the typical patterns of
major clients. The remaining 80% of segments are always
steady and they contribute 20% of the load.

We first fix the I/O size to 4KB (the dominant I/O size in
production) and vary the percentage of write/read requests
(100%/0%, 75%/25%, 50%/50% and 25%/75%) to construct
synthetic workloads. As shown in Figure 10, for steady seg-
ments, the P99 tail latency of the proxy server decreases by
up to 96% compared with the baseline. P99999 tail latency
decreases by up to 83%, indicating that dual-bucket throt-
tling overcomes the key issue in the burst scenario. Besides,
our measurements on hot segments demonstrate the tail la-
tency of hot segments does not endure a significant increase.
Figures are not included in this paper owing to the space
limit.

We further test its performance under larger I/O sizes
(varying from 8KB to 64KB) with mixed read/write ra-
tio (50%/50%). Results are shown in Figure 18 in Ap-
pendix B. With dual-bucket throttling, the P99999 tail la-
tency decreases by 92% to 97% under different I/O sizes.
Notice that, with the increase in I/O request size, the per-
formance of dual-bucket throttling is better. The reason is
that larger I/O requests are prone to introduce severe bursts.
With the increase in I/O size, the performance improvements
introduced by the dual-bucket throttling become much more
significant. This is because the impacts grow larger with in-
creasing I/O sizes. Dual-bucket throttling can significantly
prevent hot segments from influencing steady segments, re-
sulting in better tail latency reduction.

Underloaded scenario. In this microbenchmark, all com-
pute nodes generate steady traffic keeping the load of each
proxy server at 200MBps, a typical underloaded scenario
(i.e., 16.7% of traffic threshold). The workloads are com-
posed of 4KB I/O requests with various read/write ratios. As
aforementioned, a non-negligible proportion of the read I/O
requests tail latency in the underloaded scenario is inevitable
due to intrinsic hardware processing delay. Therefore, we fo-
cus on demonstrating the performance of write I/O requests.
Figure 12 illustrates the results. In various read/write ratios,
the tail latency of write requests is reduced by up to 63% and
37%, compared with the baseline and the thread split mech-
anism, respectively.

Similarly, we further conduct this microbenchmark with
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Figure 14: Tail latency of requests under burst scenarios in
production.

various I/O sizes (8KB-64KB) with 50% to 50% read/write
ratio. With priority-based task scheduling, the tail latency
is reduced by up to 55% compared with only employing the
thread split design, as shown in Figure 19 in Appendix B.

5.3 Storage Cluster Performance
We further evaluate the improvements under both mecha-
nisms from the storage cluster perspective. The experiment
settings in this subsection are the same as in §5.2.
Burst scenario. The performance of 4KB I/O requests is
shown in Figure 13. The tail latency introduced by the entire
storage cluster is split into three parts: (1) the proxy layer
processing latency, (2) the second hop network latency and
(3) the storage layer latency. In baseline, the proxy layer
latency contributes 98% to the entire P99999 latency. The
dual-bucket throttling decreases the overall P99999 latency
by 85% compared with baseline.

Similarly, we conduct further experiments to evaluate the
performance of different I/O sizes (varying from 8KB to
64KB) with mixed read/write ratio (50%/50%). Figure 20
in Appendix B represents tail latency results under various
I/O request sizes. Tail latency is reduced by 77% to 86%
compared with baseline.
Underloaded scenario. The tail latency of write requests
under 4KB underloaded scenario is shown in Figure 11.
Priority-based task scheduler decreases the overall P99999
latency by 43% and 22% compared with baseline and the
thread split mechanism, respectively. Under various I/O re-
quest sizes (varying from 8KB to 64KB), as shown in Fig-
ure 21 in Appendix B, tail latency is reduced by up to 66%
and 37% compared with different alternatives, respectively.

5.4 Production Trace Performance
We record traces from in-production storage clusters, includ-
ing both burst and underloaded scenarios. By replaying these
traces at the per-I/O granularity, we can precisely evaluate
the performance of our solution under real scenarios.
Burst scenario. We select one typical trace representing
typical burst scenarios we encountered in production. The
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Figure 15: Tail latency of write requests under different un-
derloaded scenarios in production.

trace is recorded in the cluster where major clients possess
I/O-intensive tasks, introducing frequent traffic bursts in the
entire cluster (called the I/O-intensive trace). As shown in
Figure 14a and Figure 14b, dual-bucket throttling decreases
the P99999 tail latency of innocent I/O requests by 71%.
Underloaded scenario. To validate the generality of our
mechanism’s effectiveness, we select two traces representing
various levels of underloaded scenarios from real production.
Specifically, two traces cover the average load of 200MBps
and 300MBps, respectively. The results are shown in Fig-
ure 15. With priority-based task scheduling, the tail latency
of write requests decreases by up to 14% and 13% compared
with baseline, respectively.

5.5 Benefit of Deployment
Both mechanisms in this paper have been deployed in
our production, covering dozens of clusters across multiple
availability zones, spanning hundreds of proxy servers with
diverse hardware configurations, and have served hundreds
of trillions of I/O requests. We are rolling out the full de-
ployment of both mechanisms.
Burst scenario. Figure 16a shows a representative burst traf-
fic pattern around 14:00 on the same weekday, where a sud-
den burst consistently appeared across multiple weeks. Fig-
ure 16b represents steady segment latency at this time point,
showing that enabling our mechanism reduces tail latency by
59.7% for innocent I/O requests.
Underloaded scenario. We conducted an A/B test within a
single cluster. Specifically, we randomly selected two proxy
nodes and monitored tail latency. Figure 17 shows a week-
long time series of P99999 latency. At the beginning of
Thursday, we enabled our priority-based task scheduler on
one node while leaving the other unchanged. Prior to acti-
vation, both nodes exhibited nearly identical latency trends;
once the scheduler was enabled, a 22% reduction in P99999
latency was observed, confirming the effectiveness of the
mechanism in underloaded conditions.

6 Related Work
Building cloud block store. As a cornerstone for cloud
computing, there is a spate of work discussing the design
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Figure 16: Representative traffic pattern and the correspond-
ing P99999 latency differences.

and implementation of cloud block store from both indus-
try, such as Microsoft Azure [5], Amazon EBS [2], Google
Persistent Disk [4], Alibaba Elastic Block Storage [1] and
academia, including Salus [29], Ursa [22], and LSVD [17].
Our paper differs from the above as we emphasize improv-
ing the tail latency of EBS, instead of designing a full-stack
cloud block store. Therefore, we focus on analyzing the root
causes behind the tail latency (especially under layers of load
balancing), and propose corresponding solutions to alleviate
the issue in a lightweight, effective and fair manner.
Improving tail latency. Tail latency under underloaded sce-
narios has been extensively studied across clusters [10, 13,
34] and datacenter networks [32] to cloud services [28].
Among these, the most relevant body of work lies in single-
node designs [33, 18, 20, 26, 15, 25, 27, 9]. Shenango [25]
addresses tail latency across applications through load bal-
ancing and dynamic core reallocation. Shinjuku [20] lever-
ages Dune virtualization to realize fine-grained preemptive
CPU scheduling at microsecond timescales. Zygos [26] re-
duces short-task tail latency by approximating a centralized
queue, albeit at the cost of higher overhead. However, these
systems rely on intrusive runtimes, virtualization, or heavy
synchronization, which limit deployability. Our work in the
underload scenario focuses on mitigating tail latency induced
by intra-application task interleaving, while remaining sim-
ple and deployable.

In contrast, little prior work has systematically addressed
tail latency under workload bursts from major clients. Our
work fills this gap by analyzing burst-induced tail latency
and proposing a lightweight mechanism specifically tailored
for this scenario.

7 Potential Limitations
Unique workload patterns. Our work is based on the anal-
ysis of the production workloads of ALIBABA CLOUD. Un-
fortunately, while there is a small set of block store datasets
available publicly [24, 23], we are unable to verify the exis-
tence of major clients’ bursts because we are unable to cor-
relate the workload pressure with the client’s identity. How-
ever, we believe this phenomenon is not unique. First, based
on the large number of users (i.e., millions of VDs deployed)
and widespread major clients’ bursts, we are convinced that
this phenomenon is indeed representative. In addition, the
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Figure 17: Week-long A/B test in an underloaded cluster.
Two nodes from the same cluster were monitored for end-
to-end latency; at the dashed line, the priority-based sched-
uler was enabled on one node, while the other remained un-
changed.

root causes of such bursts are often correlated with certain
events such as shopping festivals (e.g., Black Friday shop-
ping) or new product releases where both are common in
various cloud environments. As mentioned in § 1, we have
released production I/O traces of classic burst scenarios to
motivate future work in this direction.

Solutions are only applicable to ALIBABA CLOUD stack.
In this paper, for high practicality, we intentionally build our
solutions based on our EBS stack and refrain from funda-
mentally refactoring our stack. A possible outcome is that
both the dual-bucket throttling and priority-based schedul-
ing mechanism may not be directly applicable to other open-
source or proprietary systems. However, we argue that our
solutions reflect the general principles in overcoming the tail
latency caused by workload bursts and inefficient handling
of I/O tasks. In addition, due to the lightweight nature of our
solutions, we believe that they can be easily adapted to other
systems with minor engineering efforts.

8 Conclusion
In this paper, we systematically revisited a pressing issue in
our cloud block store system, high tail latency. We first iden-
tify the root causes of suboptimal tail latency in production—
despite the presence of multiple layers of load balancing—to
be workload bursts caused by major clients and the ineffi-
cient event-loop thread model. We then propose dual-bucket
throttling and priority-based scheduling, to mitigate the is-
sue. Results in production show that the proposed mecha-
nisms, while simple and lightweight, can significantly reduce
the tail latency in varying scenarios.
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APPENDIX
Appendices are supporting material that has not been peer-
reviewed.

A M/M/1 Model Derivation
The process of a proxy server can be abstracted as a single-
server queueing model [21]. In the M/M/1 model, requests
arrive at rate λ (following a Poisson process) and the server
processes them at rate µ (exponentially distributed). The to-
tal I/O latency W (including both queuing time and service
time) follows an Exponential distribution. The M/M/1 queue
has the following characteristics:

• The probability density function (PDF) of service time
(i.e., the processing latency of a single I/O in Proxy Layer
and Storage Layer) is:

fs(t) = µe−µt, t ≥ 0 (3)

• The PDF of inter-arrival time of two adjacent I/Os is:

fa(t) = λe−λt, t ≥ 0 (4)

The overall waiting time (i.e., I/O latency) w in the system
is the time from I/O arrival to completion, including both
waiting in the queue and service time. The PDF for the I/O
latency fW (w) can be calculated as:

fW (w) = λe−λw

(
1− λ

µ

)
e−(µ−λ)w, w ≥ 0 (5)

The cumulative distribution function (CDF) FW (w) of the
I/O latency is:

FW (w) = 1− e−(µ−λ)w (6)

As a result, the expected I/O latency for any percentile (p)
can be calculated as:

wp = α
ln(1− p)

µ− λ
(7)

where α is a correction factor to account for the deviation
from ideal exponential distributions in practice.

B Supplementary evaluations
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Figure 18: Tail latency of innocent I/O requests under burst background workload with various 8-64KB read/write requests.
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Figure 19: Tail latency of write requests under 200MBps background workload with various 8-64KB read/write requests.
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Figure 20: Tail latency of innocent I/O requests under burst background workload with various 8-64KB read/write requests.
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Figure 21: Tail latency of write requests under 200MBps background workload with various 8-64KB read/write requests.
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