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Abstract
Handling out-of-space errors remains a persistent challenge
for data-intensive applications, often resulting in applica-
tion crashes and misleading error messages. We present a
study showing how applications react poorly to space ex-
haustion across diverse storage systems, revealing long error
chains and inconsistent behavior. Motivated by the study
and the dynamic, multi-tenant nature of modern storage
infrastructures, we introduce Overdraft, a system that de-
tects, manages, and mitigates storage capacity violations
through dynamic space reallocation. Our eBPF-based proto-
type demonstrates low overhead and seamless integration
with local and distributed file systems, enabling efficient
thin provisioning while avoiding the reliability pitfalls of
out-of-space conditions.

1 Introduction
Writing correct data-intensive programs remains a chal-
lenge in the modern datacenter. Such programs, including
databases [6, 9, 29, 32, 47], distributed storage systems [7, 22,
36], key-value stores [1, 11, 14, 35], and search engines [17,
26, 43], not only must support a wide range of functional-
ity, but also need to handle any and all errors that might
occur during execution. As many previous studies have
shown [12, 19, 28, 33, 34, 40, 49], correctly handling errors
during runtime is hard – and even the most well-tested of
applications do not handle the wide range of possible errors
correctly [19, 21].

One particularly vexing error family to handle arises when
an application runs out of storage space. The classic error in
this domain is ENOSPC (“There is no free space remaining
on the file system containing the file”) but also includes
other related errors that can arise (e.g., EDQUOT – “The
user’s quota of disk blocks on the file system containing the
file is exhausted”). These errors are challenging to handle
because they can arise at any time – any operation that needs
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additional disk space to complete can trigger them – and
that worse, as there is no space left, correct remediation is
challenging or impossible.

In this paper, we first perform a study to demonstrate the
complications of handling this family of errors. Specifically,
we study how two applications (a database – CouchDB, and
a object-store client – SwiftClient) running on an array of
storage systems (Ext4, ZFS, CephFS, Swift) react when the
storage system runs out of space. By controlling storage
capacity carefully and triggering limit violations systemati-
cally, we can determine which errors manifest under space
constraint, and further see how these applications react in
the presence of such errors.
Our findings are as follows. First, when running out of

space, we find that applications often fail, and worse, re-
port error messages that are confusing or misleading. For
example, CouchDB reports errors such as “couchdb.NoNode
ReacheableException”, “internal_server_error” or “Database
does not exist”, none of which are appropriate given the
error injected. Moreover, we find that a root cause of this
confusion is the incredibly long error chain that is common
in these types of applications. Finally, there is a general lack
of consistency in which specific errors are triggered and thus
an increase in complexity in error handling is required.
We next observe that in the datacenter, running out of

space is a problem that can, in many cases, be avoided al-
together, due to the abundance of availability of storage.
As opposed to the classic single-machine single-user envi-
ronment, data-intensive applications often run in shared,
multi-tenant environments (e.g., the cloud or other virtual-
ized infrastructures); thus, either before or when a disk-space
limitation is reached, additional storage can be requested
and made available, avoiding the hard-to-handle ENOSPC
and related problems described above.
Based on the observation, we introduce Overdraft, a sys-

tem to track space usage underneath such applications and
dynamically adjust space needs (within prespecified limits) to
avoid confusing out-of-space issues in the general case. Over-
draft includes a detector to track the storage usage and detect
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capacity violations in three modes each with different trade-
offs. Once a violation is detected, a policy maker specifies the
handling policies which may either use unallocated space or
borrow unused quota from other tenants to improve overall
utilization. Finally, based on the policies, a capacity extender
uses system-specific plugins to extend storage capacity and
thus handle violations gracefully. Our preliminary prototype
is promising: the eBPF-based ENOSPC detector incurs little
overhead, and the plugins for local file systems and CephFS
can extend the persistent volume without disrupting the ap-
plication container. Overdraft can thus enable applications
be configured to run with minimal storage requirements –
avoiding the potential costs of overprovisioning – while also
avoiding the usual penalties of such thin provisioning, i.e.,
confusing errors, crashes, and downtime.

2 Understanding ENOSPC Issues

Study Methodology. As shown in Table 2 and Table 3, our
study involves four representative storage systems with dif-
ferent multi-tenancy features and two popular applications.
We build a 3-stage workflow to apply concurrent workload
operations, control write sizes carefully to trigger violations,
and collect logs for postmortem diagnosis.

Observations. Table 1 shows a few examples of errors across
system layers. We summarize general observations below:
First, capacity limit violations can crash applications with

various types of error messages, many of which are not help-
ful. For example, when running YCSB on CouchDB with a
limited persistent volume, the workloads may crash with an
exception “couchdb.NoNode ReacheableException”. Simi-
larly, accessing CouchDB via HTTP may trigger “internal_
server_error” or “Database does not exist” errors,
which might be confusing to the end users.

Second, there is a deep error propagation chain across lev-
els, and different low-level errors may lead to the same user
messages. For example, an ENOSPC error returned by a write
system call may lead to an “no match of right hand value
{error,enospc}” error in the BEAM [37] VM of CouchDB,
which may eventually lead to a (confusing) error message at
the user interface (e.g., “internal_server_ error”).
Third, low-level errors are informative, but they are not

always consistent across systems. As shown in Table 4, we
observed ten POSIX errors in total. Both Ext4 (E) and ZFS
(Z) may generate an ENOSPC error when the capacity limit is
violated, but CephFS (C) with quota support may generate an
EDQUOT error instead. Moreover, neither ENOSPC nor EDQUOT
may be triggered when Swift’s quota limit is violated.
In addition, we observed one interesting issue in Swift’s

quota mechanism: Regular users may exceed their quota limits
(temporarily). This is likely due to the eventual consistency
model used in Swift object store, which may lead to stale stor-
age status on the OpenStack controller. Overall, our study

Figure 1. Overview of Overdraft
suggests the complications of managing storage infrastruc-
tures and calls for fine-grained error detection and capacity
control in multi-tenant environment.
3 How to Handle ENOSPC
3.1 Design Overview
Based on the observations (§2), we introduce Overdraft,
a framework to address capacity violations gracefully in
multi-tenant storage infrastructure. As shown in Figure 1,
the framework consists of three main components as follows:
ENOSPC Detector. To address the capacity violations, it
is necessary to identify the potential issue first. To this end,
ENOSPC Detector includes three detection modes with dif-
ferent tradeoffs. First, the Reactive Mode monitors the return
values of write-related system calls in the target system via
eBPF [16] and detect relevant low-level errors reactively
when they occur. Once detected, it sends a signal to the next
component (Policy Maker) for handling. Note that different
sets of low-level errors need to be captured for different stor-
age systems as revealed by our study (Table 4). Also, other
metadata (e.g., timestamp, process ID, syscall parameters)
can be recorded for building prediction models.
Second, the Proactive Mode tracks the capacity usage of

the target system and raises a signal proactively when a pre-
defined threshold (e.g., 90% of the allowed limit) is reached.
This mode gives up full space utilization for simplicity.

Third, the Predictive Mode leverages the monitoring capa-
bility of the other two modes to continuously collect usage
patterns, extract short-term and long-term error features,
and build/update models for predicting capacity violations in
advance. Like MVTRF [46], we focus on supervised learning
(e.g., decision trees [27]) because our 3-stage workflow (§2)
can reliably generate capacity violation errors for the initial
training and modeling. But we expect other AI techniques
including LLMs are potentially applicable too.
PolicyMaker. This component specifies the detectionmodes
and relevant parameters (e.g., threshold for Proactive Mode).
Moreover, it defines a set of policies for handling detected
capacity violations. For example, simply over-provisioning
storage capacity for each individual tenant is one straight-
forward policy to tolerate capacity violations to some extent,
with the downsize of potentially wasting over-provisioned
space. Alternatively, in case there are unallocated capacity
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Levels CouchDB (w/ persistent volume) SwiftClient (w/ object store)
User “couchdb.NoNodeReacheableException”, “Error: Unable to copy the object”,

Message “internal_server_error”, “Database does not exist” “Object COPY failed 413 Request Entity Too Large ‘Upload exceeds quota.”’
App. “no match of right hand value {error,enospc}”, “proxy-server ⟨𝑐𝑙𝑖𝑒𝑛𝑡𝑎𝑑𝑑𝑟/𝑡𝑖𝑚𝑒⟩ PUT ⟨𝑜𝑏 𝑗𝑒𝑐𝑡𝑑𝑖𝑟 ⟩ HTTP/1.0 413”
Log “no match of right hand value {error,edquot}” “proxy-server ⟨𝑐𝑙𝑖𝑒𝑛𝑡𝑎𝑑𝑑𝑟/𝑡𝑖𝑚𝑒⟩ COPY ⟨𝑜𝑏 𝑗𝑒𝑐𝑡𝑑𝑖𝑟 ⟩ HTTP/1.0 413”

Syscall ENOSPC, EDQUOT, EAGAIN, EROFS, ENOENT EAGAIN, ENOTDIR, ESPIPE, ENOTTY, EINVAL

Table 1. Examples of Errors Observed at Different Levels.
System Description Usage
Ext4 [25] default file system on Linux persistent
ZFS [3] file system w/ dataset delegation volume

CephFS [39] distributed file system w/ quota of container
Swift [30] object storage system w/ quota object store

Table 2. Target Storage Systems & Usage.

Application Wkld Ops Description
CouchDB YCSB-A [10] an update heavy workload

[11] YCSB-D [10] delete, insert, and read records
curl -put add a document via HTTP
PUT create/update object

SwiftClient POST create/update object metadata
[31] COPY copy objects

manual upload objects manually via GUI

Table 3. Applications & Workload Operations.

Error Meaning E Z C S
ENOSPC No space left on device X X
EDQUOT Disk quota exceeded X
EAGAIN Resource temp. unavailable X X X X
ENOENT No such file or dir. X X X X
ENOTTY Inappropriate I/O control op. X
ESPIPE Invalid seek X
ENOTDIR Not a directory X
EINVAL Invalid argument X
EROFS Read-only filesystem X X X
EACCES Permission denied X X X

Table 4. POSIX Errors Observed on Different Backends
(E: Ext4, Z: ZFS, C: CephFS, S: Swift).

available in the system (which is common in large-scale
infrastructure), provisioning additional resource to the ap-
plication on-demand to tolerate the violation based on the
signal raised by ENOSPC detector (i.e., direct-provisioning) is
more space-efficient. Moreover, similar to the classic work-
stealing in multithreaded programming [2], we can steal or
borrow unused quota from other tenants to make the overall
storage utilization more efficient (i.e., quota-stealing).

Quota-borrowing semantics function as follows: Borrowed
quota is revocable. If a lending tenant’s usage approaches its
allocated limit, the Policy Maker will reclaim the borrowed
capacity and notify the borrowing tenant to either relinquish
data or reduce their usage back to the original quota. During
periods of global storage pressure—when there is neither
unallocated capacity nor a lendable surplus available—the
Policy Maker will proportionally limit new writes from all

tenants who exceed their base quotas. This approach pre-
vents any single tenant from monopolizing shared resources.

To safeguard against tenants exhibiting non-compliant
behavior, a strict upper-bound cap is enforced for each ten-
ant. A tenant cannot borrow beyond this cap, regardless
of the available surplus. Additionally, instances of tenants
triggering this cap are logged for operator review.
Note that additional policies may be added and all poli-

cies are limited by an upper-bound to ensure fairness and
security in the multi-tenant environment. Overdraft differs
from existing mechanisms in its scope and unification. For
example, Kubernetes LimitRange and ResourceQuota en-
force static per-namespace caps but provide no dynamic
reallocation when limits are hit. LVM thin provisioning ex-
tends block-layer capacity but is unaware of application-level
quota semantics or tenant borrowing. CephFS quota com-
mands adjust directory quotas manually but require operator
intervention and have no cross-tenant policy layer. Overdraft
unifies cross-layer detection, tenant-aware policy enforce-
ment, and system-specific extension into a single framework,
enabling automated, graceful handling that none of these
mechanisms provides individually.

Capacity Extender. This component includes a set of plu-
gins for different storage systems to extend the capacity
for individual tenants based on the policies specified by
Policy Maker. Note that the plugins are system-specific as
they depend on the target system’s multi-tenancy feature.
For example, the Ext4 plugin extends the file system via
resize2fs [38]. Similarly, the CephFS plugin extends a di-
rectory with quota limit by adjusting its extended attribute.

3.2 Preliminary Prototype & Evaluation
We have built a preliminary prototype which supports eBPF-
based ENOSPC detection (i.e., Reactive Mode) and includes
capacity extension plugins for local file systems (Ext4, ZFS)
and CephFS. The eBPF-based detector introduces tracepoints
to write system calls and checks the return values to capture
representative low-level errors as revealed in our study (§2).
The local file system plugins leverage LVM tomanage and ex-
tend logical volume groups to provide additional block space
before resizing the file systems on it. The CephFS plugin
resets the extended attributes (ceph.quota.max_files and
ceph.quota.max_bytes) of the corresponding directory to
extend its quota accordingly.



HotInfra ’26, June 28, 2026, Raleigh, NC, USA Ahmed Dajani, Wei Xu, Mai Zheng, Andrea Arpaci-Dusseau, and Remzi Arpaci-Dusseau

We conducted preliminary experiments on a computer
equipped with an Intel(R) Xeon(R) E5530 processor (4 cores,
8 threads), 12GB of RAM, and 465.8GB of local HDD stor-
age. Similar to §2, three storage systems (i.e., Ext4, ZFS,
CephFS) were mounted as persistent volumes for supporting
CouchDB under YCSB workloads (A and D). We measured
the operations per second (ops/s) and calculated the average
of ten runs.
The eBPF-based detector (Reactive Mode) incurs little

overhead, ranging from 0.31% to 3.08% across the evaluated
storage backends. The Capacity Extender plugins operate
with negligible impact on running workloads: the Ext4 and
CephFS extensions modify only metadata (block group de-
scriptors and quota extended attributes, respectively) with-
out moving existing data, and both complete transparently
without restarting the container. The Policy Maker decision
path is similarly lightweight, as policy selection reduces to a
threshold comparison against monitored usage. These pre-
liminary results demonstrate the potential of graceful han-
dling of ENOSPC errors without causing confusing messages
or severe downtime.

4 Discussions & Future Work
Prediction for ENOSPC Issues. The Predictive Mode of
ENOSPC Detector (§3.1) is largely inspired by the rich litera-
ture on studying storage failure patterns [15, 41, 48] and ap-
plying AI techniques to address system issues [5], including
HDD/SSD failure prediction [4, 18, 20, 23, 24, 46], anomaly
detection [13, 42, 44, 45], etc. One challenge we face is the
lack of large-scale ENOSPC datasets. To mitigate the open
challenge, we will leverage the automated workflow (§2) to
generate more comprehensive error traces to facilitate follow
up research including fine-tuning LLMs for error handling.
Cost Modeling & Policies. The Policy Maker component
(§3.1) only considers resource allocations from the technical
perspective. In practice, similar to the overdraft protection
services provided by banks, there are always limits and fees
need to be considered for the extra resources, which may
involve sophisticated cost modeling that can affect the design
of protection policies. While these non-technical factors are
outside the scope of our work, we believe the Overdraft
framework can serve as a foundation for exploring more
complicated policies in practice, similar to Leopard [8].
Large-Scale Multi-Tenancy. As of this writing, we have
only studied the ENOSPC issues and conducted experiments
at a well-controlled small scale with limited multi-tenancy.
On production infrastructures, the number of concurrent
tenants may be multiple orders of magnitude larger which
will likely incur much higher variety in terms of storage re-
quests and thus lead to more challenging ENOSPC scenarios.
We will investigate this further in collaboration with the
broader infrastructure community.
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