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Abstract
We explore the performance improvements for a production
Elastic Block Storage (EBS) service at Alibaba, which serves
millions of users and virtual disks daily. Despite various load
balancing measures, Alibaba EBS still faces frequent perfor-
mance variations or even occasional Service Level Objective
(SLO) violations. Our trace analysis reveals that the exist-
ing scheduling mechanism in Alibaba EBS, which adopts a
common practice of focusing on load balancing alone, is
insufficient for mitigating tail latency due to negligence
of correlated I/O workloads, reliance on fixed scheduling
frequencies, and insufficient input metrics for scheduling
decisions. We present Omar, a novel hybrid proactive and
reactive scheduling framework that enables dynamic, fine-
grained scheduling. Evaluation on production-scale testbeds
shows that Omar reduces 64 KiB tail latency by up to 52.2%
and the number of scheduling operations by 44.6% compared
to the baseline scheduler, while incurring limited overhead.

CCS Concepts: • Information systems→ Storage man-
agement; Cloud based storage.

Keywords: Compute-Storage Disaggregation, Elastic Block
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1 Introduction
Cloud computing relies heavily on robust, high-performance
storage solutions, with Elastic Block Storage (EBS) serving as
a cornerstone for providing virtual machines (VMs) with scal-
able block-level storage volumes called virtual disks (VDs). In
this work, we present an in-depth study of the Alibaba EBS
service that serves millions of users and VDs daily. Similar
to industry implementations such as AWS [2] and Azure [4],
Alibaba EBS employs a compute-to-storage disaggregation
architecture, where a set of blockservers process block I/O
requests for VDs and transmit user data into storage back-
ends (see §2.1 for details), and a few blockmasters manage
metadata and perform traffic scheduling and load balancing.
Each VD’s logical block address is partitioned into fixed-size
segments. This segmentation technique, a common practice
in cloud storage systems [1, 3, 5, 41], can effectively achieve
load balancing and alleviate I/O hotspots.

Despite various load balancing measures being deployed,
Alibaba EBS, which adopts a heuristic-based scheduler (re-
ferred to as Original), experiences significant performance
challenges, or even occasionally violates the Service Level
Objective (SLO), in the face of high variability in real-world
workloads. The Original scheduler monitors the average
write traffic of each blockserver and migrates segments from
overloaded blockservers to underloaded ones. While the
Original scheduler has maintained a fairly good balance
across blockservers, our trace analysis (§3) reveals that sub-
stantial latency skewness still exists, with P50 latency vary-
ing by up to 4× across blockservers and frequent tail latency
(P999) spikes appearing up to 5× than normal.

We observe that achieving load balancing alone is insuffi-
cient for mitigating tail latency in Alibaba EBS. We identify
three major root causes for such performance challenges
faced in Alibaba EBS. First, the Original scheduler employs
a random segment placement approach that neglects cor-
related traffic patterns (e.g., from VDs owned by the same
user and VD lifespans). Second, it adopts a fixed schedul-
ing frequency, which cannot adapt to workload variations.
Third, it focuses solely on minimizing the write Coefficient
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Figure 1. Overview of the Alibaba EBS architecture (§2.1).

of Variation (CoV) [10], yet read traffic imbalance can further
exacerbate write I/O performance degradation.
Although several studies [17, 23, 29, 37, 39, 44] have ad-

dressed similar tail latency issues, they are unsuitable for
Alibaba EBS due to various limitations, including imprecise
prediction of traffic bursts [29, 39], lack of real-time response
[17, 23], focusing solely on single metrics like CoV [37], and
neglecting the overhead of migrating segments [44].
Based on the above motivations, we propose Omar, a

novel segment scheduler with the primary goal of mitigat-
ing tail latency in EBS by combining proactive and reac-
tive strategies to achieve fine-grained scheduling decisions.
Omar comprises three main components: First, we develop
a “resonance” allocator to identify segments with correlated
traffic using the Pearson Correlation Coefficient (PCC) and
proactively (re-)distribute them among blockservers. Second,
Omar filters source/destination blockservers according to
current traffic statistics and employs a score-based algorithm
to select segments for migration. Third, Omar dynamically
adjusts the scheduling frequency based on collected system
performance metrics to explore optimal values.

We evaluate Omar using two testbeds: microbenchmarks
with 11 blockservers and macrobenchmarks with 50 block-
servers. We compare Omar against other candidates by re-
playing field I/O traces from 1000 high-loaded VDs. We show
that Omar reduces the 64 KiB (i.e., the most common I/O size
of requests in EBS) tail latency by up to 52.2%, and decreases
the number of schedules by 44.6% with minimal computing
overhead. Additional evaluation results (e.g., impact of vari-
ous I/O sizes, read-to-write ratios, and ablation studies on
each component) further validate the effectiveness, robust-
ness, and scalability of Omar in complex scenarios.
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Figure 2. VD segmentation of Alibaba EBS (§2.1).

We summarize our contributions as follows:
• We analyze field traces and identify the root causes of
performance degradation in our production EBS service,
and provide our learned lessons.
• We propose Omar, a combined proactive and reactive seg-
ment scheduler for EBS that captures various features.
Evaluation shows that Omar outperforms the Original
scheduler by up to 52.2% in tail latency reduction.
• We release our Omar prototype at https://github.com/Mas
ter-Chen-Xin-Qi/EuroSys26_AE, and the production I/O
traces collected from Alibaba EBS at https://tianchi.aliyun
.com/dataset/210122.

2 Background
2.1 Alibaba EBS Architecture
Overview of Alibaba EBS. Alibaba EBS operates as a dis-
aggregated service that separates compute and storage func-
tionalities across three layers, as shown in Figure 1. The
compute layer hosts users’ VMs and processes I/O requests.
When a user subscribes to a VD, the VD is attached to the
user’s VM as a block device. I/O requests issued to the VD are
forwarded by the block client within the VM to the remote
storage backend via the inter-cluster (data center) network.
The proxy layer translates block I/O semantics from block
clients into file semantics, which are transmitted over the
intra-cluster network to the storage layer. Then, the stor-
age layer persists data to the underlying Alibaba distributed
file system, Pangu [28], which ensures data durability and
availability with erasure coding or 3-way replication. The
three-layer EBS architecture is also employed by various ven-
dors (e.g., Azure [13], Tencent [36]) and studied in academic
work [25, 26].
VD segmentation. To mitigate traffic skewness and allevi-
ate hotspots, the EBS service partitions the logical address
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(a) Traffic of VD1 (b) Traffic of VD2

Figure 3. Traffic patterns of two resonant VDs (§3.3).

space of a VD into 32GiB segments and aggregates every four
segments into a 128GiB segment group. It allocates 2MiB data
sectors to segments in a round-robin manner. For example, in
Figure 2, data sectors are numbered starting from 0, with sec-
tors 0, 4, 8, and so forth assigned to Segment 0. Each segment
is managed by a specific blockserver, which can host multi-
ple segments per VD. Also, the EBS service hosts multiple
blockmasters as metadata managers to maintain mappings be-
tween segments and blockservers. The blockmasters collect
real-time heartbeat messages from blockservers to monitor
their health status, and initiate segment migrations in case
of severe load imbalance to ensure high I/O performance.

2.2 Segment Scheduling
The association between a segment and a blockserver is
dynamic and may change under three conditions:
• Blockserver outage. If a blockserver becomes unavail-
able (e.g., due to a crash), the affected segments are mi-
grated to another blockserver to ensure service continuity.
• Traffic skewness. Based on the I/O request distribution,
segments are redistributed to avoid overloading a single
blockserver during workload bursts.
• Scope of impact. Based on the number of segments and
associated VDs per blockserver, segments are migrated to
mitigate the impact on users under blockserver failures.
The migration process between a pair of source and desti-

nation blockservers is orchestrated by a blockmaster’s seg-
ment scheduler and involves three steps. First, the blockmas-
ter initiates a load task on the destination blockserver, which
acquires the segment lock. Second, the destination block-
server loads and reconstructs the index map (i.e., mappings
between segments and files) from the storage layer and seals
files being written by the source blockserver. Third, if I/O
requests are issued to the source blockserver, it returns an
error with the destination blockserver’s address for retries.
Study scope. In this paper, we make the following design
choices. We focus on intra-cluster migrations, each of which
typically completes in tens of milliseconds. Inter-cluster mi-
grations may occur when a cluster’s traffic exceeds a pre-
defined threshold, but they are rare in practice. Also, a prior
study on Alibaba EBS [47] analyzes I/O latency breakdowns

Figure 4. Number of VDs for users in five clusters (§3.3).

and reveals that blockserver stack processing contributes
the largest fraction of the latency of a read/write request,
especially for tail latency (75.4% for writes and 64.6% for
reads [47]). To mitigate tail latency, we focus on performing
scheduling in the proxy layer to address the access overhead
from blockservers to the storage layer.

2.3 Requirements for a Segment Scheduler
In this work, our primary goal is to design a segment sched-
uler that mitigates the tail latency of requests in EBS. Given
the diverse applications served by Alibaba EBS and its de-
ployment across a large number of clusters, the segment
scheduler should adhere to the following design principles:
• Real-time performance. Since EBS is latency-sensitive,
the scheduler should generate migration decisions at the
microsecond level.
• Explainability. The scheduling policy should be trans-
parent and adjustable that can be readily understood and
fine-tuned by administrators. The scheduler should be ex-
tensible with new scheduling objectives to adapt to evolv-
ing EBS requirements.
• Robustness and scalability. The scheduler should per-
form reliably across diverse traffic patterns and scale ef-
fectively with varying cluster sizes.
• Ease of deployment. The scheduler should be adaptable
to various hardware and software environments in differ-
ent EBS clusters.

3 Motivation
In this section, we analyze the limitations of the segment
scheduler (referred to as Original) currently used in Alibaba
EBS, using production traces to highlight key issues and
their root causes. We also evaluate alternative scheduling
approaches and their shortcomings.

3.1 Trace Overview
Our traces consist of two parts. The first part includes per-I/O
traces from VDs across five production clusters in Alibaba
EBS, each with 68 blockservers on average, over a 30-minute
period for trace replay. The write-to-read traffic ratio is ap-
proximately 4.2. The traces capture representative access
patterns (e.g., read/write-dominant, steady/burst), and com-
mon cloud application workloads (e.g., database and big data
analysis). We present detailed trace fields and I/O sizes in §6.
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Figure 5.Write traffic and 4 KiB P99 latency results when resonance
occurs in an EBS cluster (§3.3).

The second part is the VD-level statistics from a 65-day mon-
itoring, including VD-to-user mappings, lifespans of VDs,
and read/write traffic among VDs.

3.2 Issues with the Original Segment Scheduler
As in common practices (e.g., K8s [6], Nginx [7], and TiDB
[9]), the Original segment scheduler prioritizes balancing
traffic skewness, while outages (with a monthly rate of 0.33%)
and adjustments for scope of impact are infrequent. In addi-
tion, it focuses on balancing write traffic since Alibaba EBS
is write-dominant (§3.1) and caches in the compute layer can
effectively absorb read traffic.
The Original scheduler operates as follows. It calculates

the average write throughput 𝑇𝑤 of each blockserver at a
fixed 6-second interval. If max(𝑇𝑤) exceeds a threshold 𝑆

(70% of NIC bandwidth by default), it determines that heavy
traffic exists and further evaluates skewness. It determines
that skewness exists if either the ratio max(𝑇𝑤 )

mean(𝑇𝑤 ) exceeds a
predefined threshold 𝑅 ∈ (1, 1.5) (i.e., hotspot existence) or
min(𝑇𝑤 )
mean(𝑇𝑤 ) falls below 2 − 𝑅 (i.e., resource underutilization).
When skewness is detected, the Original scheduler adopts
a greedy approach to migrate the highest-traffic segment
from the max(𝑇𝑤) blockserver to the min(𝑇𝑤) blockserver,
continuing until no skewness exists. Note that the Original
scheduler always migrates all (instead of partial) segments
of the same VD on the𝑚𝑎𝑥 (𝑇𝑤) blockserver to minimize the
distribution of VDs across blockservers and hence maintain
a consistent scope of impact.
The Original scheduler aims to reduce the Coefficient

of Variation (CoV) of write traffic. However, this greedy ap-
proach, despite achieving balanced blockservers (within 0.1×
deviation), often fails to meet Quality of Service (QoS) re-
quirements, leading to Service Level Objective (SLO) viola-
tions in Alibaba EBS, especially tail latency see §3.3-§3.5 for
reasons). Field statistics reveal significant latency discrepan-
cies, with the 4 KiB P50 latency varying by up to 4× across
blockservers and the P999 I/O latency surging up to 5× above
normal.
Takeaway. This indicates that simply balancing traffic is
not able to guarantee low tail latency. In the following, we
analyze the root causes (RCs) of these issues.

Figure 6. Lifespans of VDs
from five production clusters
within 65 days (§3.3). 74% VDs
live less than one hour.
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3.3 RC 1: Initial Random Placement
Previous VM scheduling studies [11, 21] rely on the central
limit theorem, which assumes independent and identically
distributed traffic across VMs. Thus, Alibaba EBS initially
adopted a random placement strategy for segments across
blockservers. However, VDs owned by the same user often
exhibit correlated traffic due to shared business logics (e.g.,
cross-VD data ingestion). Figure 3 depicts two VDs of the
same user with highly correlated write and read traffic. We
term this phenomenon resonance, defined as the duration
when the correlation coefficient of traffic exceeds 0.7. Fig-
ure 4 shows that large users (owning tens of VDs) constitute
less than 20% of users but account for 80% of VDs, thereby
amplifying the impact of resonant traffic. Collectively, reso-
nant VDs contribute 43.5%-69.4% of total cluster traffic.

The Original scheduler does not address resonance, which
disrupts load balance and causes latency spikes. Figure 5
depicts a resonance event (red dashed line) where write
traffic doubles, leading to 10× increase in the 4 KiB write P99
latency on affected blockservers (e.g., blockserver1). While
unaffected blockservers (e.g., blockserver2) initially show a
stable latency distribution, subsequent segment migrations
due to traffic imbalance cause collateral latency degradation.
Also, the random placement strategy fails to address the

heterogeneity of VD lifespans (i.e., the durations from cre-
ation to destruction). Figure 6 shows that 74% of VDs have
lifespans under one hour (e.g., serverless applications or
spot instances), based on 65 days of data from five clusters.
However, if we take a lifespan snapshot of a cluster every
10 minutes, long-lived VDs (over one day) dominate and
comprise over 90% of active VDs. Migrating short-lived VDs
incurs unnecessary scheduling overhead, so VD lifespans
should be addressed to mitigate scheduling overhead.
Takeaway. Instead of random allocation, the widespread
resonance and short-lived VDs call for a more proactive and
selective scheduling strategy.

3.4 RC 2: Fixed Scheduling Frequency
If we stick to the triggering conditions in §3.2, the EBS service
would face excessive migrations, which degrade both the
performance of blockmasters and the availability across VDs.
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Figure 8. CDF of 𝑊 −𝑅
𝑊 +𝑅 ratios of seg-

ments (§3.5).
Figure 9. Subpar P99 latency performance due to read
traffic imbalance (§3.5).

Figure 10. Results of RMSE prediction
on segment traffic in five clusters (§3.6).

Thus, we cap the scheduling frequency (𝑆𝐹 ) by periodically
(every one second by default) issuing tokens for migration.
Each token allows one segment migration.
Intuitively, one would suggest increasing the scheduling

frequency to aggressively redistribute traffic and hence re-
duce the influence of resonance. We explore this idea by
replaying the analyzed 30-minute production trace on a 14-
node cluster (see Testbeds in §6 for more details) multiple
times with different scheduling frequencies.
Selecting an optimal scheduling frequency is critical yet

challenging. Figure 7 depicts the 4 KiB write latency for vari-
ous scheduling frequencies under the replay. Both P99 and
P999 tail latencies follow a curve, with optimal performance
at 𝑆𝐹=1914. The Original scheduler at 𝑆𝐹=2096 has 26.5%
worse P99 latency. In fact, Figure 7 shows that a conserva-
tive or overly aggressive scheduling frequency can both hurt
tail latency: few schedules cannot mitigate traffic skewness,
while excessive migration introduces momentary service un-
availability. Even if we manage to locate the optimal schedul-
ing frequency (e.g., 𝑆𝐹=1914 in our case), the varying nature
of workloads can make our efforts of exploration futile.
Takeaway. Varying workloads and the non-linear relation-
ship between scheduling frequency and tail latency necessi-
tate a strategy that automatically and dynamically adapts to
current traffic conditions.

3.5 RC 3: Suboptimal Candidate Selection
The Original scheduler also selects suboptimal candidates
(i.e., segments and blockservers) for migration. Recall that
the Original scheduler focuses exclusively on minimizing the
CoV of write traffic, but this objective does not consistently
align with high QoS. Figure 7 shows that the minimum CoV
(at 𝑆𝐹=1219) results in 24.2% worse P99 latency compared to
the optimal point (at 𝑆𝐹=1914). The reason is that the Origi-
nal scheduler overlooks critical metrics (e.g., traffic deviation,
latency, and IOPS) and neglects read traffic balance.
Figure 8 analyzes the traffic ratio 𝑊 −𝑅

𝑊 +𝑅 , where𝑊 and 𝑅

denote the write and read traffic, respectively; we use this
ratio to simplify the handling of𝑊 =0 or 𝑅=0. A positive ratio
(maximum at 1) implies more writes than reads, while a neg-
ative ratio (minimum at -1) implies more reads than writes.
We say that a segment is write-dominant if 𝑊 −𝑅

𝑊 +𝑅 > 1/3, or
read-dominant if 𝑊 −𝑅

𝑊 +𝑅 < −1/3. The figure shows that 76% of

segments are write-dominant, while 8% of segments are read-
dominant. The Original scheduler initially focuses on write
traffic due to the write-intensive nature of EBS and the use of
read caches in the VM file system and blockservers (reducing
the average read latency by 70% for high-performance VDs).
However, imbalanced read traffic degrades performance.

Figure 9 shows that read traffic on some blockservers can
be 2-3× higher than average, based on 240 seconds of data.
While the P50 read latency remains relatively stable (up
to 1.9× above average), the P99 read latency can increase
up to 8×. More importantly, severe read traffic imbalance
exacerbates write latency. While write traffic is relatively
balanced (up to 1.3× above average), the P99 write latency
can reach 9× higher. The reason is that since reads have
much less traffic than writes, the Original scheduler opts
to process read and write requests in the same thread to
optimize resource utilization, and the FIFO thread scheduling
causes CPU contention. In addition, read and write requests
share the same Rx queue of the NIC, leading to contention
for NIC resources. Thus, effective scheduling should consider
both read and write traffic.
Apart from read traffic, there are other factors impact-

ing the candidate selection in the Original scheduler. First,
the Original scheduler migrates all segments of a VD on the
source blockserver to the destination one to reduce the scope
of impact. But this coarse-grained migration can relocate
segments with low traffic, and prolong the inaccessibility
time of the VD. Second, migrating the highest-traffic VD
without considering overloading the destination blockserver
can cause “ping-pong” effects (i.e., segments moved back
and forth), as noted in prior studies [31, 34, 39]. Third, the
Original scheduler only triggers migrations based solely on
blockserver traffic, but ignores resource consumption differ-
ences across traffic types (e.g., kernel/user TCP and RDMA).

Takeaway.Multiple factors affecting the QoS of EBS suggest
that candidate selection should be more inclusive in terms
of diverse traffic types, finer-grained targets, and resource
consumptions on source/destination blockservers.

3.6 Limitations of Alternative Schedulers
Prediction-based schedulers. Load balancers [15, 29, 39,
45] often predict future traffic to enable proactive scheduling.
However, segment-level traffic in the multi-tenant public



EUROSYS ’26, April 27–30, 2026, Edinburgh, Scotland Uk Chen et al.

…BS 1

① Detect ResonanceRaw
Data

VD2

VD1

VD3
VD4

…

Seg N
Seg 1

6s timewindow

Traffic

Latency IOPS

Std…
…

…
…

VD5

VD6

VD7

⑤ Collect Continuous Metrics ⑥ Adjust Scheduling Frequency
𝑆𝐹2 = (𝑆𝐹0+𝛾𝑆𝐹′) + 𝑜𝑝𝑡𝑖𝑚. 𝑢𝑝𝑑𝑎𝑡𝑒(

𝑀1 −𝑀0
𝑆𝐹1 − 𝑆𝐹0

)

Lat.

Schedules

③ Choose BS & Compute Score ④ Schedule r/w Segments
R-dominant W-scored

… …
destination BS

…

source BS

…

…
…

Segs sort
by score

&

VD1 Seg1

VD2 Seg1

VD5 Seg1

VD6 Seg1

BS1

BS2

Positive

Negative

② Distribute Resonance

Split Join

… … …

User VD
Distribution

VD1

VD2

User1

User1

Seg
1-64
Seg
1-32

BS n

4KiB r/w P999 latency𝑀0
scheduling frequency 𝑆𝐹0
10-minute time window

Positive Negative
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cloud EBS is bursty and varying. We consider a commonly
used time-series prediction algorithm, ARIMA [12, 16], and
use a 10-minute training window to predict 1-minute traffic.
We train independent models per segment with parameter
searching for optimal results (note that this is infeasible
in production due to high training overhead and inference
latency). Figure 10 shows that the average Root Mean Square
Error (RMSE) of all clusters exceeds 5 and even reaches 100,
implying low prediction accuracy. As the number of users
increases, the traffic pattern becomes more diversified. This
emphasizes the need for reactive scheduling.

Optimization-based schedulers. Complex models (e.g.,
ML models [30, 40] and Integer Linear Programming solvers
[17, 23]) provide accurate scheduling decisions, but require
tens of seconds or even minutes to compute and hence vio-
late the real-time requirement (§2.3). This delay can render
scheduling decisions obsolete as burst traffic disappears.

CoV-centric schedulers. Prior studies [31, 37] focus on op-
timizing load balancing using CoV on metrics such as traffic
and IOPS via simulations. However, they share the limita-
tions of RC 3 (§3.5) and do not address tail latency, a critical
performance metric in EBS. A recent work [50] optimizes
I/O latency, but it introduces hardware with extra SSDs in-
stalled on blockservers, metadata overhead, and consistency
impacts (i.e., only one copy of data on blockservers before
flushing), thereby increasing system complexity.

Migration-agnostic schedulers. YouTube’s Prequal [44]
prioritizes Requests In Flight (RIF) and latency over load
balancing, but it is unsuitable for EBS. First, Prequal assumes
ephemeral tasks with multiple replica choices and static
placement, while EBS requires dynamic migration of long-
lived segments bound to single blockservers. Second, Prequal
neglects scheduling overhead, which is in contrast critical
for EBS. Third, reliance on instantaneous RIF is infeasible

for EBS due to telemetry fluctuations that risk migration
thrashing. Finally, Prequal requires per-request balancing
and placement, whereas EBS only migrates specific segments
during load skewness.

4 Omar Design
4.1 Design Overview
Our analysis in §3 highlights that the EBS tail latency is influ-
enced by a complex interaction of multiple factors, including
VD resonance, scheduling candidate selection, and sched-
uling frequency. We present Omar, a segment scheduling
framework that combines proactive and reactive strategies to
mitigate the tail latency in EBS. Figure 11 depicts the overall
workflow of Omar, which comprises three core components.
Resonance-based allocator (proactive, §4.2). Omar first
obtains VD-to-user mappings and collects real-time statistics
(e.g., traffic and latency) from all blockservers within the clus-
ter. Then, Omar identifies all resonant VDs under the same
user (①) and distributes their segments across blockservers
(②). Also, Omar co-locates VDs with negative correlations
together to further smooth out potential traffic bursts.
Score-based candidate selector (reactive, §4.3). Instead
of relying on a single metric (i.e., traffic), Omar employs a
score-based approach that selects source and destination
blockservers for segment migration by periodically com-
puting a score (i.e., an estimation of QoS by summarizing
an extensive set of metrics) for each segment (③). It then
performs segment-level migration by scores (④).
Scheduling frequency adjuster (reactive, §4.4). Recall
that the correlation between the scheduling frequency and
tail latency is non-linear (§3.4). Omar collects latency metrics
(e.g., 4 KiB P999 read/write latency) and the number of sched-
ules in fixed time windows (⑤), and uses a gradient descent
method to determine the optimal scheduling frequency (⑥).
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4.2 Resonance-based Allocator
The resonance allocator proactively mitigates traffic bursts
caused by correlated VDs following a three-phase procedure:
evaluate, split, and join.
Evaluate phase. Omar uses Pearson Correlation Coefficient
(PCC) [14], a widely used statistical tool, to identify resonant
VDs. It collects 10-minute read/write traffic data for each VD
from the blockmaster and computes pairwise PCCs for VDs
owned by the same user. We use a PCC threshold 𝑇𝑐𝑐=0.7 as
in prior work [20, 33] to determine whether a pair of VDs
indeed exhibits positively correlated traffic (i.e., resonant).
Split phase. After obtaining pairwise PCCs, Omar con-
structs a graph, termed𝐺𝑝 , based on the correlated VD pairs,
where each node represents a VD and each edge represents
a correlation between two VDs. Since users can run differ-
ent applications simultaneously (e.g., data collection and ML
model training), multiple resonant groups (i.e., connected
components) co-exist in each graph. Omar then identifies all
resonant groups, namely𝐺𝑝𝑐 = {𝐺1

𝑝𝑐 ,𝐺
2
𝑝𝑐 , ...}. As shown in②

of Figure 11, for each resonant group, segments with similar
traffic from each VD are distributed to different blockservers
to prevent hotspots.
Join phase. Interestingly, the VD traffic of the same user
can also be negatively correlated (i.e., PCC < −𝑇𝑐𝑐 ), possibly
due to continuous read and write behaviors of users across
multiple VDs. This renders an opportunity to further off-
set the resonance phenomenon. Similar to positive graph
𝐺𝑝 and groups 𝐺𝑝𝑐 , Omar also constructs a graph 𝐺𝑛 and
identifies groups 𝐺𝑛𝑐 for negatively correlated VDs. In con-
trast, these segments under negative groups are joined on the
same blockserver to smooth out burst traffic. Once resonant
segments are placed, they are bound to their blockservers
(i.e., cannot be migrated) until the resonance groups are
recalculated. Omar only migrates non-resonant segments
(elaborated in §4.3), which greatly reduces the decision space
and improves scheduling efficiency.

4.3 Score-based Candidate Selector
Recall that theOriginal scheduler relies solely on blockserver-
level traffic and migrates all segments of a VD from one
blockserver together. This incurs substantial unnecessary
background traffic and ping-pong effects, leading to high
tail latency. The score-based candidate selector in Omar is
designed to alleviate the above issues by prioritizing seg-
ments for migration based on a comprehensive QoS score.
Omar collects multiple metrics in 6-second time windows,
including segment traffic (𝑡 ), standard deviation of traffic
(𝑠𝑡𝑑), latency (𝑙), and IOPS (𝐼 ), with subscripts 𝑤 and 𝑟 de-
noting write and read operations, respectively. The selection
process involves three steps.
Step 1: Selecting blockserver candidates. Omar catego-
rizes cluster load based on the highest blockserver traffic into
three levels: (i) low (0-300MB/s), (ii) medium (300-800MB/s),

and (iii) high (800-1200MB/s) (note that a single blockserver’s
traffic is capped at 1200MB/s in Alibaba EBS). The low level
indicates sufficient resources, thus migration is not needed.
The medium level indicates that blockservers generally main-
tain adequate throughput, but limited CPU resources may
incur high latency due to varying I/O size distributions (caus-
ing up to 1.9× tail latency variation). Thus, Omar prioritizes
the migration of segments based on both traffic and average
I/O size, calculated as 𝑖𝑜𝑠 = 𝑡

𝐼
. The high level indicates that

the throughput is the primary bottleneck, so Omar prioritizes
the traffic metric exclusively. In summary, Omar determines
the current level based on the highest traffic of all block-
servers. It uses the corresponding dominant metric to rank
and select the top and bottom blockservers as the source and
destination for segment migration, respectively.
Step 2: Selecting segment candidates. For candidate block-
servers, Omar selects segments for migration. Since VDs
have varying lifespans (Figure 12), Omar sets up a multi-level
priority queue to group VDs by lifespan (e.g., 0-30 minutes
and over 30 minutes), prioritizing the scheduling of long-
lived VDs. The selection process is based on the expected
remaining lifespan: given two VDs with lifespans 𝑎 and 𝑏,
we have 𝐸 [𝑋 − 𝑏 |𝑋 > 𝑏] > 𝐸 [𝑋 − 𝑎 |𝑋 > 𝑎]. Lower-priority
(i.e., shorter-lived) segments are considered only if higher-
priority (i.e., longer-lived) segments have all been migrated
and the blockserver remains unbalanced. The rationale is
that short-lived VDs are often bursty, and scheduling them
for migration may cause further imbalance and destabilize
destination blockservers.
Omar prioritizes read-dominant segments over write-

dominant segments due to lower read traffic in Alibaba EBS,
and subsequent scheduling of writes may disrupt the balance
of read traffic. For read traffic, Omar selects segments with
high read-to-write traffic ratios 𝑡𝑟

𝑡𝑤
to limit subsequent write

traffic rescheduling. Omar computes a read traffic score as
follows:

𝑆𝑐𝑜𝑟𝑒𝑟 = 𝛼𝑟 ∗ 𝑡𝑟 − (1 − 𝛼𝑟 ) ∗ 𝑡𝑤, (1)
where 𝛼𝑟 is the weight of read traffic 𝑡𝑟 . For write traffic,
Omar computes a QoS score to evaluate the service quality
of each segment. It uses 𝛼𝑤 to represent the weight on av-
erage write traffic. The formulation of the QoS score can be
summarized as follows:

𝑆𝑐𝑜𝑟𝑒𝑤 =
(𝛼𝑤 ∗ 𝑡𝑤 − (1 − 𝛼𝑤) ∗ 𝑠𝑤) ∗ 𝐼𝑤

𝑙𝑤
, (2)

which incorporates four components: (i) write traffic 𝑡𝑤 ,
which quantifies the resource usage per segment; (ii) stan-
dard deviation of write traffic 𝑠𝑤 , which avoids migrating
bursty segments to prevent post-migration imbalance; (iii)
IOPS 𝐼𝑤 , which reflects I/O throughput; and (iv) latency 𝑙𝑤 ,
which uses the reciprocal of latency per I/O 𝐼𝑤

𝑙𝑤
to prioritize

segments with higher reciprocal (i.e., better service quality).
Segments with higher 𝑆𝑐𝑜𝑟𝑒𝑟 or 𝑆𝑐𝑜𝑟𝑒𝑤 are prioritized for

migration, as they are less likely to incur latency penalties.
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Figure 12. CDF of VD lifespans (§4.3).

Step 3: Concluding scheduling round. After confirm-
ing source/destination blockservers and segment candidates,
Omar determines when to stop migrations (i.e., how many
segments to migrate) in each scheduling round. It employs
thresholds 1+𝑇𝑏 and 1−𝑇𝑏 to assess the balance degree of the
dominant metric 𝐷𝑀 (from Step 1) via ratios max(𝐷𝑀 )

mean(𝐷𝑀 ) and
min(𝐷𝑀 )
mean(𝐷𝑀 ) , respectively. Migration stops when these ratios are
below predefined thresholds. Based on field practice, Omar
applies different balancing standards at varying blockserver
traffic levels. Specifically, when the highest blockserver traf-
fic is below 300MB/s, there would be no migration. When
the highest blockserver traffic lies between 300MB/s and
800MB/s, Omar adopts a loose balance threshold 𝑇𝑏=0.3 to
avoid frequent scheduling, since both hardware and software
resources of each blockserver are fairly abundant. When
the highest blockserver traffic exceeds 800MB/s, Omar uses
𝑇𝑏=0.1 to prevent insufficient throughput resources, while
maintaining blockserver performance.

4.4 Scheduling Frequency Adjuster
The scheduling frequency (𝑆𝐹 ) significantly impacts the I/O
tail latency, but its effect varies with workload dynamics.
Omar dynamically adjusts 𝑆𝐹 based on recent performance
statistics via the scheduler frequency adjustor. Specifically,
Omar configures the monitoring window as 10 minutes since
the cluster traffic is stable at this granularity. Within each
window, Omar collects the number of schedules and the tail
latency metrics (e.g., 4 KiB P999 write/read latency). To de-
termine the optimal 𝑆𝐹 , Omar employs a gradient descent
method by comparing the performance across two consec-
utive windows and estimating the gradient as 𝑔 =

𝑀1−𝑀0
𝑆𝐹1−𝑆𝐹0 ,

where 𝑀0 and 𝑀1 are tail latency metrics and 𝑆𝐹0 and 𝑆𝐹1
are the scheduling frequencies of the two windows. To avoid
local optima during gradient descent calculation, Omar in-
corporates the Adam optimizer [22], which is widely used in
machine learning training, to adjust the first and second mo-
ments of the gradient. The scheduling frequency for the next
window 𝑆𝐹2 is updated as 𝑆𝐹2 = 𝑆𝐹0 + optimizer.update(𝑔).
Omar iterates the optimization process until convergence to
the global optimum.
To control the scheduling frequency, Omar uses a token

bucket approach, as in the Original scheduler, to limit the

maximum number of schedules per second. While the num-
ber of scheduled segments is limited by the current remain-
ing tokens, Omar can borrow additional tokens from future
windows to smooth out bursty traffic. This borrowed por-
tion of scheduling attempts, 𝑆𝐹 ′ , is accounted for in the next
time window, with an associated penalty 𝛾 . The adjusted
scheduling frequency is expressed as: 𝑆𝐹2 = (𝑆𝐹0 + 𝛾𝑆𝐹

′ ) +
optimizer.update(𝑔). This ensures additional tokens are al-
located in subsequent windows. The design leverages our
observation that cluster throughput is fairly stable at the
minimum level, with latency performance primarily driven
by the segment scheduler.

5 Implementation
We implemented Omar with around ∼2500 lines of Python
and C++ code. Omar’s scheduler workflow is completely
decoupled from the current blockmaster process and im-
plemented as a plugin process. Specifically, Omar employs
a shared memory mechanism to collect statistics from the
blockmaster. Segment migrations are triggered using RPC
calls after each scheduling decision. This design enables
seamless integration into existing EBS systems and facili-
tates porting Omar to other systems with similar issues.
Data collection. Omar obtains and updates the VD-to-user
mappings from VM subscription managers in the compute
layer. Segment metrics, such as traffic and latency, are col-
lected every second from all blockservers within a cluster.
Due to memory constraints, we only keep track of the his-
torical metrics in a 10-minute time window.
Parameter configuration. The weights of 𝛼𝑟 and 𝛼𝑤 in the
score-based candidate selector (§4.3) are set to 0.7. As for
the Adam optimizer, we set the learning rate 𝑙𝑟 to 0.001, the
exponential decay rate for the first moment estimates 𝛽1 to
0.9, and the exponential decay rate for the second moment
estimates 𝛽2 to 0.999, consistent with Pytorch defaults [8].

6 Evaluation
We evaluate Omar to answer the following questions:
• Does Omar outperform existing schedulers across various
write ratios and numbers of VDs? (§6.1)
• Does Omar achieve better performance in large-scale de-
ployment? (§6.2)
• How do Omar’s individual components and parameters
affect its performance? (§6.3)

Traces. We collect 30-minute I/O traces from 1000 high-
loaded VDs running different applications in Alibaba EBS.
Each entry includes five fields: VD, I/O type, Offset, Length,
and Timestamp. The traces cover various workload patterns,
including traffic bursts and write-/read-dominant VDs. We
provide evaluation results for the most dominant I/O size:
64 KiB (56.0%). Other sizes, such as 4 KiB (7.3%) and 16KiB
(2.6%), show similar results. We also control the workload
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pattern by selecting VDs to form different write ratios rang-
ing from 0 to 1 in increments of 0.1.
Testbeds. For microbenchmarks, we use 8 compute nodes
and 14 storage nodes (11 blockservers and 3 blockmasters).
For macrobenchmarks, we use 40 compute nodes and 53
storage nodes (50 blockservers and 3 blockmasters), a typi-
cal production cluster setup. Each frontend compute node
has 128GB DRAM and an Intel(R) Xeon(R) Platinum 8331C
CPU (2.50 GHz), and each blockserver has 128GB DRAM, an
Intel(R) Xeon(R) Silver 4114 CPU (2.20GHz), and a 25Gbps
NIC. All experiments, except for macrobenchmarks (§6.2),
use the microbenchmark setup.
Metrics.We evaluate Omar using the following metrics:
• E2E latency presents the fullstack end-to-end I/O request
latency from the proxy to the storage layer, including the
network and queuing delays.
• CoV quantifies load balancing across blockservers. We
record the CoV of read/write traffic per scheduling interval
and obtain the average over a 30-minute trace replay.
• Number of schedules is the total count of issued segment
migrations. For schedulers with similar performance, the
one with fewer schedules is preferred, as each migration
incurs potential failures and segment unavailability.
• VD per blockserver (VN) records the number of unavailable
VDs upon blockserver failures. During trace replay, we
record the VN at 6-second intervals, and calculate the
average and P95 VN over a 30-minute replay. A lower value
indicates fewer affected VDs and higher system availability
under blockserver outages.

Baselines.We compare Omar against the following:
• GreedySpill (GS) [32] is a file-system load balancer. While
it is not designed for EBS, we adapt it for EBS by splitting
the highest-traffic blockserver’s load to neighbors.
• Lunule [39] balances metadata in Ceph clusters us-
ing linear regression for traffic prediction. We adapt
it for EBS by calculating and redirecting segments for
source/destination blockservers based on predictions.
• WPM [31] considers both traffic and VD distribution to
control the scope of impact. We adapt it for EBS by consid-
ering the top 0.1% segments with the highest write traffic
and computing scores based on the throughput and num-
ber of segments for each blockserver to trigger scheduling.
• Original schedulers include three variants, namely Original
(currently used in deployment), T-Std (which extends Orig-
inal to account for write-traffic standard deviation), and
T-Std-Rw (which extends T-Std by evaluating both write
and read traffic).
• Throttle is a non-scheduling strategy that caps write traffic
at the block client, simulated by redistributing excess I/Os
to other timestamps on the same blockserver with trace
reorganization.
• UpperBound (UB) represents the ideal case with traces re-
organized for even read/write traffic distribution across

blockservers (i.e., each blockserver receives the same
amount of reads/writes at all times). UB approximates
DiffForward [50], which only balances write traffic with
extra SSDs but not the same read/write traffic over time.
Note that DiffForward is impractical since it requires a
fundamental overhaul on hardware, software, and relia-
bility modeling. Nevertheless, including UB enables us to
examine the difference between Omar and the ideal case.

6.1 Microbenchmarks
Overall performance. Figure 13 presents the 64KiB P95,
P999, and P9999 E2E latency with write ratios ranging from 0
(read-only) to 1 (write-only). Omar shows 22.5%/23.3% lower
read/write latency performance than UB, and is the best
of the rest. Specifically, Throttle shows up to 2.1× higher
P999 latency than Omar due to severe skewness (Figure 14b)
since Throttle only caps traffic per blockserver without bal-
ancing. WPM incurs up to 40.3%/37.1% higher read/write
P999 latency than Omar, as it focuses on write CoV and
the scope of impact rather than latency. Similarly, GS only
splits the extra traffic of the most-loaded blockserver to the
peers, thereby creating new hotspots. Lunule underperforms
by 37.8%/30.7% in read/write P999 latency, highlighting the
difficulty of accurately predicting traffic patterns.
While T-Std improves upon these methods by incorpo-

rating multiple metrics, it still trails Omar by 28.8%/22.8%
on average. T-Std-Rw shows better performance on P9999
latency than other candidates since it takes both traffic into
consideration, but still shows 17.8%/15.9% worse read/write
latency than Omar. In general, Omar outperforms Origi-
nal in P9999 read/write latency by up to 41.8%/48.8%. Even
when the traffic is write-dominant (i.e., a write ratio above
0.5), Omar still outperforms Original (38.5%/30.7% better in
read/write latency). In addition, we observe that Omar raises
the machine CPU utilization by around 1.5% on average due
to an improved scheduling strategy.

VN. Figure 14a shows that Omar has 10.3%/10.2% higher
average/P95 VN than Original, indicating a slight increase
in the scope of impact. The reason is that Omar schedules at
the segment granularity, which may spread more VDs across
more blockservers to reduce schedules. Both Throttle and UB
maintain initial VN (no migrations), while other candidates
have comparable VN to Omar.

CoV. Figure 14b presents the CoV across write ratios. Throt-
tle shows the worst CoV for both reads and writes due to no
migration, while UB achieves near-zero CoV with already
balanced traces. GS, WPM, Lunule, T-Std, and Original are
suboptimal since they do not address read traffic. T-Std-Rw,
at a write ratio of 0.8, achieves a 25.5% lower write CoV than
Omar. However, a lower CoV does not ensure improved per-
formance. In fact, its P999 latency is 23.9% higher. Overall,
Omar achieves up to 37.7%/30.4% improvement on read/write
CoV than Original.
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(a) 64 KiB P95 read (left) and write (right) E2E latency. Omar achieves up to 23.4%/19.8% improvement on read/write compared to Original.

(b) 64 KiB P999 read (left) and write (right) E2E latency. Omar achieves up to 52.2%/47.4% improvement on read/write compared to Original.

(c) 64 KiB P9999 read (left) and write (right) E2E latency. Omar achieves up to 41.8%/48.0% improvement on read/write compared to Original.

Figure 13. 64 KiB P95, P999, and P9999 E2E latency for different write ratios (§6.1).

(a) Average (left) and P95 (right) VN. Omar exhibits only up to 10.3% and 10.2% more average/P95 VN compared to Original.

(b) Read (left) and Write (left) CoV. Omar achieves up to 37.7%/30.4% less read/write CoV compared to Original.

(c) Number of schedules. Omar achieves up to 44.6% less schedules compared to Original when the write ratio is above 0.5.

Figure 14. Average/P95 VN, read/write CoV, and number of schedules for different write ratios (§6.1).

Number of schedules. Figure 14c shows that Omar triggers
26.2%-48.5% fewer schedules than Original for write ratios
above 0.5. The reason is that Omar distributes correlated
segments proactively and schedules segments with stable
statistics (e.g., lower standard deviation of traffic). As the
write ratio increases, the number of schedules of WPM in-
creases since it tends to schedule write-dominant segments.
For write ratios below 0.5, most candidates rarely schedule
any segment as the predefined write traffic threshold is diffi-
cult to reach (§3.2). Although T-Std-Rw schedules read traffic,
it results in 46.8% more schedules than Omar. Throttle and
UB are excluded as they do not migrate any segments.

Number of VDs. We use 160-200 high-loaded VDs with
6130-7334 segments to verify Omar’s scalability. Each VD
has 1.17 TiB of data on average. Each blockserver receives
an average traffic of 55.6%-81.3% of the traffic threshold. As
a result, Omar achieves up to 37.8%/31.6% improvements
on 64KiB read/write tail E2E latency compared to Original
(Figure 15). T-Std-Rw shows drastically varying performance
(e.g., high performance for 160 VDs, but low performance for
190 VDs) due to insufficient prior information like resonance,
IOPS, and latency.
Production trace replay. We also evaluate Omar on I/O
traces collected from three days, labelled as light (533.6MB/s
write traffic per blockserver), moderate (611.6MB/s, the
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(a) 64 KiB P95 read (left) and write (right) E2E latency.

(b) 64 KiB P999 read (left) and write (right) E2E latency.

(c) 64 KiB P9999 read (left) and write (right) E2E latency.

Figure 15. 64 KiB P95, P999, and P9999 E2E latency for a different
number of VDs (§6.1).

Figure 16. 64KiB P95 read (left) and write (right) E2E latency in
three days (§6.1). Omar achieves up to 30%/60% performance improve-
ment on read/write compared to Original.

most common production scenario), and heavy (702.4MB/s).
Throttle and UB are excluded from our evaluation since they
rely on trace reordering. Figure 16 shows that Omar achieves
up to 30%/60% performance improvement in read/write
64 KiB P95 E2E latency compared to Original, validating
Omar’s robustness in production settings. Also, Omar out-
performs other candidates, most notably under moderate
traffic. The reason is that, in low traffic, hardware resources
are sufficient to handle I/O requests and scheduling plays a
less important role. In contrast, the heavy traffic can drain
the resources on most blockservers, thereby reducing the
benefits of migration.

6.2 Macrobenchmarks
We evaluate Omar on a cluster of 50 blockservers, including
600 high-loaded VDs with 28,732 segments, representing a
standard production-scale configuration. As shown in Fig-
ure 17, Omar demonstrates clear advantages over all base-
lines. GS underperforms Omar by 51.2% on 64 KiB P9999 E2E
latency. Similarly, WPM trails Omar by up to 42.1% due to
excessive scheduling at each interval, deviating significantly
from the optimal point of the performance curve described
in §3.4. Lunule performs even worse than in its microbench-
mark results, as the mixed I/O patterns in the macro-scale
setup make traffic prediction more difficult. Even though

(a) 64 KiB P95 read (left) and write (right) E2E latency.

(b) 64 KiB P999 read (left) and write (right) E2E latency.

(c) 64 KiB P9999 read (left) and write (right) E2E latency.

Figure 17. 64 KiB P95, P999, and P9999 E2E latency of 600 VDs in
a 50 blockservers cluster (§6.2).

Figure 18. 64KiB P95 write
E2E latency with various res-
onance ratios (§6.3).

①

②

③

Figure 19. Time overhead of differ-
ent schedulers (§6.3).Omar is decom-
posed into three parts.

T-Std and T-Std-Rw outperform other candidates, they are
still 30.0% worse than Omar in P9999 E2E latency. Compared
to Original, Omar reduces the 64 KiB read/write P95 latency
by 10.7%/14.2%, P999 latency by 27.1%/25.8%, and P9999 la-
tency by 28.7%/32.1%. These results further demonstrate the
effectiveness of Omar’s three-level scheduling design, which
leverages runtime statistics to improve scheduling decisions.

6.3 Omar Deep Dive
We take a closer look at the effectiveness and parameter
sensitivity in Omar’s design.
Resonance ratio. The resonance ratio is defined as the
proportion of VDs from the same user, a key criterion that
affects Omar’s performance. Figure 18 presents the 64KiB
P95 E2E write latency of Original and Omar with a resonance
ratio ranging from 0 to 0.5 (results are similar for read). As a
result, Omar reduces E2E latency by 11.5%-36.4% compared
to Original. Even when the resonance ratio is zero (i.e., all
VDs are from independent users), Omar still outperforms
Original with the help of the score-based candidate selector
and the frequency adjuster.
Overhead. Figure 19 shows the time needed tomake schedul-
ing decisions for each scheduler when replaying the same I/O
traces. The time varies significantly when handling bursty
traffic, as the number of segments requiring scheduling dif-
fers. For Omar, we decompose the total overhead into three
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Figure 20. 64 KiB P95 read (left) and write (right) E2E latency under
random placement and different PCC thresholds (§6.3).

Figure 21. Parameter sensitivity study (§6.3). The higher the value,
the better the performance.

parts corresponding to the three components in §4.1. The
resonance-based allocator (①) and frequency adjuster (②) op-
erate at hourly and minute-level intervals, respectively, and
hence incur negligible overhead. In contrast, the score-based
candidate selector (③) runs at second-level intervals, and
contributes a more noticeable overhead of 0.14 s. Neverthe-
less, the average overhead for all schedulers remains within
around 0.25 s, which adheres to the real-time performance
requirement in scheduling design (§2.3).
PCC threshold. We evaluate Omar under different PCC
thresholds along with a random placement baseline (i.e.,
randomly distributing 20% of segments while constraining
them to their blockservers). As shown in Figure 20, random
shows the worst 64 KiB P95 latency performance since it does
not consider the resonance feature. PCC=0.3 and PCC=0.5
demonstrate 10.7%-18.5% worse performance compared to
Omar, primarily due to their distribution of non-resonance
segments. PCC=0.9 also exhibits 8.4% worse than Omar, as
it excessively restricts the opportunity to exploit resonance.
Parameter sensitivity. Omar primarily relies on two pa-
rameters: 𝛼𝑟 and 𝛼𝑤 . By iterating through different values,
we further study parameter sensitivity and plot the perfor-
mance heatmap in Figure 21. Note that we normalize the
results based on the best-performing cell. As a result, E2E
tails remain rather stable conditioned on different parameter

Figure 22. 64 KiB P95, P999, and P9999 E2E latency with and with-
out the frequency adjuster (§6.3).

(a) 64 KiB P95 read (left) and write (right) E2E latency.

(b) 64 KiB P999 read (left) and write (right) E2E latency.

(c) 64 KiB P9999 read (left) and write (right) E2E latency.

Figure 23. 64KiB P95, P999, and P9999 E2E latency of various
segment scores (§6.3). Omar achieves up to 15.3%/33.9% improvement
on read/write compared to others.

choices. For the number of schedules, the impact of vary-
ing 𝛼𝑤 is more pronounced. The reason is that a small 𝛼𝑤
may drive Omar to schedule segments with more stable but
milder traffic, thereby increasing the number of schedules.
Conversely, a larger 𝛼𝑤 only considers the traffic without
the stability information, causing the “ping-pong” effect.

Frequency adjuster.We evaluate Omar with and without
the scheduling frequency adjuster (FA). As shown in Fig-
ure 22, we replay the same trace for both scenarios. Omar
with FA achieves up to 25.0%/43.9% improvement on 64 KiB
read/write P95 E2E latency, and outperforms in P999 and
P9999 latencies compared to Omar without FA. This demon-
strates the effectiveness of dynamically adjusting the sched-
uling frequency to optimize latency performance.

Different segment scores.We conduct an ablation study
to evaluate the effectiveness of each component in Omar’s
score-based candidate selector with them enabled/disabled.
We evaluate Omar and its variants with different scoring
metrics: T (only traffic), T-Std (traffic and std), T-Std-Lat
(traffic, std, and latency), and T-Std-Iops (traffic, std, and
IOPS). As shown in Figure 23, T-Std-Lat shows the worst per-
formance in all percentile latencies, since the latency metric
may change drastically over time, where Omar includes IOPS
to smooth over latency. In general, Omar demonstrates clear
performance improvement over other schedulers, achieving
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Figure 24. 64 KiB P95 read (left) and write (right) E2E latency for
different hardware settings (§6.3).

Table 1. Key configurable parameters of Omar (§7).

Parameter Meaning

𝑇𝑐𝑐 Threshold of the PCC correlation to determine
resonance (§4.2).

𝑇𝑝𝑡1 Throughput threshold for low level scheduling
(§4.3).

𝑇𝑝𝑡2 Throughput threshold for high level scheduling
(§4.3).

𝐿 Lifespan threshold for the priority queue (§4.3).

up to 15.3%/33.9% improvement on 64KiB read/write E2E
tail latency.
Generalization. We adopt two main machine architectures
in the deployed clusters of blockservers: x86 (90%) and ARM
(10%). We evaluate Omar on both architectures by sampling
a 12-blockserver cluster from each, and compare the results
under two different hardware settings by replaying the same
I/O trace. As shown in Figure 24, Omar achieves the best
performance on both architectures (up to 21.3%/7.7% im-
provement on 64 KiB read/write P95 E2E latency compared
to Original), justifying Omar’s robustness across hardware.

7 Discussion
Hard-coded parameters. Table 1 presents Omar’s key con-
figurable parameters. We elaborate on our parameter tuning
strategy as follows. 𝑇𝑐𝑐 is configured to 0.7 to optimize tail
latency performance (Figure 20).𝑇𝑝𝑡1 is set to 300MB/s since
it is the average throughput of all deployed EBS clusters, and
𝑇𝑝𝑡2 is set to 800MB/s since it is 80% of the traffic control
limit of a blockserver. 𝐿 is set to 1 hour because 70% of short-
lived VDs are deleted within this duration (Figure 12). Omar
can adapt to different deployment scenarios (e.g., hardware
upgrades) through a grid-based parameter search approach.
Deployment experience.We have deployed Omar in a pro-
duction Alibaba EBS cluster for a month, and plan to gradu-
ally scale out to all clusters. We observe improvements on tail
latency performance and system stability (i.e., fewer sched-
ules). We elaborate on our deployment experience for Omar
as follows. First, even if the average traffic at the minute
level seems balanced, the burst traffic imbalances at the mil-
lisecond level can result in varying CPU utilization and QoS
queuing delays. We plan to collect fine-grained information
of burst traffic and distribute them accordingly. Second, slow

I/Os (e.g., end-to-end latency exceeding 1 s) can occur due
to abnormal distributed file system behaviours and slow seg-
ment loading. Thus, we have implemented inspection logic
before segment scheduling, including status verification of
the distributed file system, to mitigate slow I/O occurrences.

8 Related Work
Cloud block storage. Several studies have advanced the
design and performance of cloud block storage systems.
Lithium [19] and LSVD [18] propose a log-structured VD
design to improve block I/O performance for virtualization
workloads running in clouds. SepBIT [38] implements an op-
timized data placement algorithm to mitigate write amplifica-
tion in EBS. URSA [48] proposes a hybrid block store for effi-
cient cloud services. Calcspar [49] proposes a contract-aware
mechanism to mitigate latency spikes under constrained
IOPS budgets in Amazon’s EBS. Zhang et al. [47] present
the evolution of Alibaba’s EBS over the years. Shu et al. [35]
propose a burstable I/O scheduler to address inter- and intra-
thread load balancing within EBS compute nodes. Wu et
al. [43] investigate traffic skewness across EBS stacks. In
contrast to these studies that address complete EBS system
designs, Omar focuses on the traffic scheduling problem
within EBS.
Load balancing. Prior studies address load balancing in
EBS. WPM [31] schedules high-traffic segments for EBS load
balancing. Li et al. [27] analyze load balancing challenges
in EBS systems. DiffForward [50] differentiates burst write
traffic at the forwarding layer and adopts a decentralized
distributed log store for load balancing. VDMig [45] predicts
short-term burst traffic in VDs for scheduling. Load imbal-
ance is also prevalent in emerging applications, such as large
language model (LLM) serving systems [24, 42, 46].
However, these approaches have limitations. WPM [31]

is evaluated by simulations only without considering real-
world I/O performance, and fails to consider read traffic in
its design. DiffForward [27] is limited in three aspects: (i)
mitigating burst writes only (but not burst reads), (ii) relying
on hardware-dependent implementation with significant I/O
stack modifications, and (iii) lacking data durability guaran-
tees during blockserver failures. VDMig [45] works at the VD
granularity and cannot be readily extended for fine-grained
segment-level traffic prediction. Omar optimizes both read
and write I/Os with minimal overhead.

9 Conclusion
This paper introduces Omar, a proactive and reactive mixed
scheduler for Alibaba EBS. The design of Omar focuses pri-
marily on three components: the resonance-based alloca-
tor, the score-based candidate selector, and the scheduling
frequency adjuster. Extensive evaluations show that Omar
achieves high robustness and scalability, effectively decreases
the tail latency, and reduces the number of schedules.
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A Artifact Appendix
A.1 Abstract
Omar is a novel proactive and reactive mixed scheduler for
cloud block storage. It employs a resonance-based allocator,
a score-based candidate selector, and a scheduling frequency
adjuster for tail latency performance improvement.

A.2 Hosting
The artifact source code is available on GitHub at https://gi
thub.com/Master-Chen-Xin-Qi/EuroSys26_AE. The dataset
can be accessed through the Alibaba Tianchi platform at ht
tps://tianchi.aliyun.com/dataset/210122. The packaged code
and data files are available on Zenodo at https://zenodo.org
/records/17197572.

A.3 Content
This artifact includes the prototype implementation of Omar,
and the source code to reproduce the main results shown in
the paper. For each figure, we provide data files and Python
scripts to reproduce its result. In addition, the artifact in-
cludes block I/O traces collected from 1,000 VDs in Alibaba
EBS. Please refer to the README.md file in the repository
for more details.

A.4 Hardware Dependencies
As Omar is a scheduling framework designed for production
EBS systems, it requires approximately 10 compute nodes, 10
blockservers, 1 blockmaster, and 10 storage nodes to conduct
minimal tests.

A.5 Software Dependencies
Omar cooperates with the block client in compute layer,
the entire EBS stack, and the underlying distributed file
system. We decouple Omar from the blockmasters as an
independent process to enhance portability and facilitate
deployment across different environments. Please refer to
the README.md file in the repository for more details on
Omar’s adaptation.

B Technical Supplement
B.1 I/O Size Distribution
As shown in Figure 25, we present the top five I/O sizes
(i.e., 4 KiB, 8 KiB, 16 KiB, 64 KiB, and 128KiB) probability
distribution of the collected I/O traces. The 64KiB I/O size
is the most common, accounting for 56.0% of the total I/O
records. The 4 KiB and 16 KiB I/O sizes account for 7.3% and
2.6% of the total I/O records, while 8 KiB and 128KiB I/O
sizes account for 2.1% and 10.9%, respectively.
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Figure 25. Distribution of the
top five I/O sizes in the collected
I/O traces (§B.1).
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Figure 26. Number of segments
in each cluster from three re-
gions (§B.2).

Algorithm 1: Omar scheduling procedure.
Input: All blockservers 𝐵𝑆𝑠 , read and write traffic of

blockservers 𝐵𝑆𝑡 = {𝐵𝑆𝑟 , 𝐵𝑆𝑤}, VD traffic 𝑉𝐷𝑢 of
the same user 𝑢, all segments 𝑆𝑒𝑔𝑠 .

Output: Scheduling decisions of segments 𝐷𝑒𝑐 .
1 // Step1: Find resonant VDs at hourly intervals
2 𝑐𝑜𝑟𝑟𝑤, 𝑐𝑜𝑟𝑟𝑟 ← 𝑃𝑒𝑎𝑟𝑠𝑜𝑛𝐶𝑜𝑟𝑟 (𝑉𝐷𝑢 )
3 for 𝑐𝑜𝑟𝑟 in [𝑐𝑜𝑟𝑟𝑤 , 𝑐𝑜𝑟𝑟𝑟 ] do
4 𝐺𝑝 ,𝐺𝑛 ← 𝐵𝑢𝑖𝑙𝑑𝐺𝑟𝑎𝑝ℎ(𝑐𝑜𝑟𝑟 )
5 𝐺𝑝𝑐 ,𝐺𝑛𝑐 ← 𝐹𝑖𝑛𝑑𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 (𝐺𝑝 ,𝐺𝑛)
6 for group 𝑔𝑝 in 𝐺𝑝𝑐 do
7 for segment 𝑠𝑝 in 𝑔𝑝 do
8 𝐷𝑒𝑐.𝑎𝑝𝑝𝑒𝑛𝑑 (𝑆𝑝𝑙𝑖𝑡 (𝑠𝑝 , 𝐵𝑆𝑠))

9 for group 𝑔𝑛 in 𝐺𝑛𝑐 do
10 for segment 𝑠𝑛 in 𝑔𝑛 do
11 𝐷𝑒𝑐.𝑎𝑝𝑝𝑒𝑛𝑑 (𝑀𝑒𝑟𝑔𝑒 (𝑠𝑛, 𝐵𝑆𝑠))

12 // Step2: Choose BS and segments at second intervals
13 for 𝐼𝑂𝑡 in [𝑟𝑒𝑎𝑑,𝑤𝑟𝑖𝑡𝑒] do
14 while !𝐵𝑎𝑙𝑎𝑛𝑐𝑒 (𝐵𝑆𝑡 , 𝐼𝑂𝑡 ) do
15 𝐵𝑆𝑚𝑖𝑛, 𝐵𝑆𝑚𝑎𝑥 ← 𝐹𝑖𝑛𝑑𝑀𝑖𝑛𝑀𝑎𝑥 (𝐵𝑆𝑡 , 𝐼𝑂𝑡 )
16 𝑠𝑒𝑔𝑠 ← 𝐶𝑜𝑚𝑝𝑢𝑡𝑒𝑆𝑒𝑔𝑆𝑐𝑜𝑟𝑒 (𝐵𝑆𝑚𝑎𝑥 , 𝐼𝑂𝑡 )
17 𝐷𝑒𝑐.𝑎𝑝𝑝𝑒𝑛𝑑 (𝑀𝑖𝑔𝑟𝑎𝑡𝑒 (𝑚𝑎𝑥 (𝑠𝑒𝑔𝑠 ), 𝐵𝑆𝑚𝑖𝑛, 𝐵𝑆𝑚𝑎𝑥 ))

18 // Step3: Adjust scheduling frequency at minute
intervals

19 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 = 𝐴𝑑𝑎𝑚𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 (𝑙𝑟 = 0.001, 𝛽1 = 0.9, 𝛽2 =
0.999)

20 𝑀0, 𝑀1 ← 𝐶𝑜𝑙𝑙𝑒𝑐𝑡𝑀𝑒𝑡𝑟𝑖𝑐𝑠 (𝑆𝑒𝑔𝑠)
21 𝑆𝐹0, 𝑆𝐹1 ← 𝐶𝑜𝑙𝑙𝑒𝑐𝑡𝑆𝑐ℎ𝑒𝑑𝐹𝑟𝑒𝑞(𝑆𝑒𝑔𝑠)
22 𝑔 =

𝑀1−𝑀0
𝑆𝐹1−𝑆𝐹0

23 𝑆𝐹2 = 𝑆𝐹0 + 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 .𝑢𝑝𝑑𝑎𝑡𝑒 (𝑔)
24 return 𝐷𝑒𝑐

B.2 Segment Distribution
Figure 26 presents the number of segments in each cluster
from three main EBS regions (each with hundreds of clus-
ters). The number of segments varies significantly across
different clusters, ranging from a few hundred to several
thousand. This highly skewed distribution of segments ne-
cessitates designing a scheduler with enhanced scalability
and robustness.

https://github.com/Master-Chen-Xin-Qi/EuroSys26_AE
https://github.com/Master-Chen-Xin-Qi/EuroSys26_AE
https://tianchi.aliyun.com/dataset/210122
https://tianchi.aliyun.com/dataset/210122
https://zenodo.org/records/17197572
https://zenodo.org/records/17197572
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B.3 Proof of Lifespan Estimation
We provide a proof of the lifespan estimation discussed in
§4.3.

Theorem B.1. For any 𝑎 < 𝑏 following the lifespan CDF in
Figure 12, we have 𝐸 [𝑋 − 𝑏 | 𝑋 > 𝑏] > 𝐸 [𝑋 − 𝑎 | 𝑋 > 𝑎].

Proof. 𝐸 [𝑋 −𝑏 |𝑋 > 𝑏] > 𝐸 [𝑋 −𝑎 |𝑋 > 𝑎] =
∫ ∞
𝑏
(𝑥−𝑏 ) 𝑓 (𝑥 )𝑑𝑥
𝑃 (𝑋>𝑏 ) −∫ ∞

𝑎
(𝑥−𝑎) 𝑓 (𝑥 )𝑑𝑥
𝑃 (𝑋>𝑎) =

𝑃 (𝑋>𝑎)
∫ ∞
𝑏
(𝑥−𝑏 ) 𝑓 (𝑥 )𝑑𝑥−𝑃 (𝑋>𝑏 )

∫ ∞
𝑎
(𝑥−𝑎) 𝑓 (𝑥 )𝑑𝑥

𝑃 (𝑋>𝑏 )𝑃 (𝑋>𝑎)

Since: 𝑃 (𝑋>𝑎)
𝑃 (𝑋>𝑏 ) =

1−𝑃 (𝑋<=𝑎)
1−𝑃 (𝑋<=𝑏 ) >

∫ ∞
𝑎
(𝑥−𝑎) 𝑓 (𝑥 )𝑑𝑥∫ ∞

𝑏
(𝑥−𝑏 ) 𝑓 (𝑥 )𝑑𝑥

Therefore: 𝑃 (𝑋>𝑎)
∫ ∞
𝑏
(𝑥−𝑏 ) 𝑓 (𝑥 )𝑑𝑥−𝑃 (𝑋>𝑏 )

∫ ∞
𝑎
(𝑥−𝑎) 𝑓 (𝑥 )𝑑𝑥

𝑃 (𝑋>𝑏 )𝑃 (𝑋>𝑎) >

0
Thus, we conclude: 𝐸 [𝑋 −𝑏 |𝑋 > 𝑏] > 𝐸 [𝑋 −𝑎 |𝑋 > 𝑎] □

B.4 Put it All Together
Algorithm 1 outlines the pseudocode for Omar’s complete
scheduling process. Omar first proactively detects the reso-
nant VD groups belonging to the same user. It distributes the
resonant segments across different blockservers and consol-
idates the negatively correlated segments within the same
blockserver (lines 1-11). Subsequently, Omar evaluates the
balance state among blockservers under the current traffic
conditions, prioritizing read before write. Then it schedules
segments according to their score (lines 12-17). Finally, it
fine-tunes the scheduling frequency by using the Adam op-
timizer based on the collected performance metrics (lines
18-23), and returns the migration decisions. Note that the
number of schedules in each round is constrained by the
current scheduling frequency.
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