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Abstract
One of the most frequently cited !aws of Linux host network stacks
is their high latency—recent studies show that the Linux network
stack su"ers from millisecond-scale tail latency. This has motivated
clean-slate solutions such as userspace stacks and specialized host
networking hardware, but without understanding the true root
causes of Linux tail latency, these e"orts risk repeating the same
pitfalls.

This paper studies the root causes of tail latency in the Linux
network stack and reaches a surprising conclusion: the dominant
bottlenecks lie not in packet processing itself, but in how the host
manages CPU resources for networking. Through extensive mea-
surements, we identify three key factors: misattribution of pro-
cessing time by CPU schedulers, limitations of CPU runtime as a
fairness abstraction, and the ine#ciency of interrupt tuning un-
der unpredictable packet arrivals. We show that addressing these
factors improves performance by up to 5.3→ while maintaining
similar throughput. Together, these results suggest that achieving
low-latency networking requires rethinking host CPU schedul-
ing and host–NIC interaction, providing new design directions for
operating systems, network stacks, and future host networking
hardware.
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1 Introduction
Today’s most widely deployed host network stacks (e.g., Linux)
are seriously de$cient along one or more dimensions. One of the
most frequently cited !aws of these stacks is their high tail latency—
recent research papers have demonstrated that Linux network stack
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can su"er from millisecond-scale tail latency, e.g., [20, 22, 28, 35,
41, 44, 51, 53, 54, 57, 58, 60], to name a few1. While many of these
studies reproduce the high tail latency phenomenon, they do not
answer a basic question: “Why does the Linux network stack have
high tail latency?”

Building an in-depth understanding of the answer to the above
question is important due to at least three reasons. First, the obser-
vation of Linux network stack having high tail latency has spurred a
large and active body of research in networking, systems, and com-
puter architecture communities on designing clean-slate userspace
network stacks and even specialized host network hardware that
can achieve 𝐿s-scale tail latency; as these solutions start to mature,
they may bene$t from explicitly avoiding the mistakes made by
the Linux network stack. Second, Linux is still one of the most
widely deployed and used operating systems; understanding the
root causes of high tail latency may allow us to explore improve-
ments in Linux that may be useful for a large class of applications
that use Linux. The third, and perhaps the most important, reason
is also the simplest: pedagogical purposes.

We present in-depth measurements and insights into the root
causes of high tail latency in the Linux kernel network stack2. For
the problems we identify, we either propose concrete solutions or
demonstrate the potential bene$ts of addressing them. Our key
$ndings are:

In an isolated scenario, P99.9 latency is extremely low. Our
evaluation suggests that, for a single-threaded application running
in isolation, Linux network stack achieves P99.9 latency of ↓14𝐿s
using the polling mode [26], and ↓19𝐿s in the non-polling CPU-
e#cient mode. This is comparable to the state-of-the-art userspace
TCP stack TAS [41], which achieves ↓9𝐿s latency on its fast path
(polling, no congestion) and falls back to a slower full-TCP path
under congestion. Thus, we conclude that the root cause of high
tail latency for Linux must be contention at host resources.

Are you sure the core of the problem is within the network
stack? It’s not! Most prior studies evaluate Linux using a setup
with a large number of connections/threads [28, 41, 53] to conclude
that Linux network stack fails to achieve 𝐿s-scale tail latency. Our
measurements con$rm the in!ation but show it stems from the
Linux CPU scheduler—not the network stack itself. The CPU sched-
uler aims to fairly share CPU time among same-priority threads
by tracking each thread’s virtual runtime, which re!ects the CPU
service it has received. Scheduling decisions are then based on
virtual progress derived from this runtime—directly in CFS (i.e.,

1As we discuss in §5, these works are complementary to the problem of designing CPU-
e#cient network stacks [24, 32, 36, 59] that primarily focus on improving throughput-
per-core for individual network connection.
2We provide our measurement tools and an extended report covering more con$gura-
tions and applications at https://github.com/Terabit-Ethernet/understand_latency.
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Completely Fair Scheduler) and indirectly in EEVDF (i.e., Earliest
Eligible Virtual Deadline First) via lag and virtual deadlines, and
optionally in recent operator-de$ned eBPF schedulers [10]. For ex-
ample, CFS prioritizes the thread with the smallest virtual runtime
to ensure fairness. As a result, fair scheduling critically depends on
accurate per-thread CPU runtime accounting. However, we $nd
that the Linux scheduler charges softIRQ network processing time
to the currently running thread, even when the packets are unre-
lated. This misattribution distorts CPU accounting, leads to unfair
scheduling decisions, and in!ates tail latency. We design a concise
patch that corrects IRQ time accounting and reduces tail latency
by up to 2.7→ compared to the default Linux scheduler.

Runtime can lie—pick the right accounting unit as needed.
Measuring runtime is widely regarded as the gold standard for
ensuring fairness in CPU schedulers. However, runtime re!ects
not only executed instructions but also data locality—speci$cally,
whether data comes from cache or main memory. As a result, even
threads executing identical instructions can accumulate di"erent
runtimes, in!ating tail latency. We observe persistent runtime gaps
even with accurate IRQ accounting, because softIRQ processing pol-
lutes a thread’s execution state, causing threads that handle more
softIRQ work to accumulate higher runtime. Fundamentally, fair-
ness should rely on accounting units that abstract away noise and
re!ect meaningful progress among threads. For network-intensive
applications, such units may include packets or requests/responses.
We show that choosing appropriate accounting units reduces tail
latency by up to 1.5→ beyond accurate IRQ accounting and by up to
4.1→ over the default Linux scheduler. While this does not consti-
tute a complete scheduling solution, it demonstrates the potential
bene$t of supporting !exible accounting units in programmable
scheduling frameworks, such as those based on eBPF. Such support
could allow operators to explore fairness metrics that better align
with application-level objectives.

Predictability is themissing piece in interrupt tuning. Beyond
scheduling, the software–NIC interaction on packet arrival remains
a long-standing challenge. Interrupt-based schemes often incur
higher latency, while user-space stacks reduce latency via busy
polling at the cost of CPU e#ciency. Recent approaches such as
DIM dynamically tune interrupt rates to balance latency and CPU
e#ciency based on current network load, but predicting future traf-
$c from past history remains fundamentally limited due to bursty
tra#c patterns. Rather than asking how to better predict tra#c,
we ask whether tra#c can be designed to be predictable. We show
that predictable tra#c fundamentally changes the e"ectiveness of
interrupt tuning, enabling 1.28→ extra latency reductions while
maintaining throughput. This points to receiver-driven transport
protocols [18, 23, 29, 33, 50] as a potential direction for addressing
the interrupt-tuning problem, since receivers have full control of
future packet arrivals.

Choose your parallelism carefully!Distributed applications seek
both 𝐿s-scale tail latency and high throughput [27, 35, 44, 60, 66].
Achieving high throughput requires parallelism, either through
many connections or multiple in-!ight requests per connection.
While prior work demonstrates tail-latency in!ation using many
connections, we $nd that maintaining multiple in-!ight requests

per connection better achieves both high throughput and low la-
tency. As an example, our measurements suggest that with a single
thread/connection and large number of in-!ight requests, Linux is
able to sustain 1.28 million 64B RPCs/second on a single core while
maintaining P99.9 tail latency of 90𝐿s; this is comparable to state-of-
the-art userspace stacks [28, 41, 53] that achieve roughly the same
throughput and ↓100𝐿s tail latency. We explain why this choice of
parallelism matters in §3.3. Brie!y, (1) using one thread/connection
per core mitigates the unfairness discussed above, and (2) multiple
in-!ight requests on a single connection better exploit batching
(e.g., TSO/GRO), reducing per-request overhead. In practice, sys-
tems should use only a few connections per core whenever possible;
whenmany connections are unavoidable, only a small subset should
be active at any time to improve locality and reduce contention.
Receiver-driven transport protocols [18, 23, 29, 33, 50] have the
potential to provide this capability, as they give the receiver visibil-
ity into incoming tra#c; together with local CPU availability, the
receiver can precisely regulate the number of active !ows.

Our measurements con$rm these $ndings across a wide range of
settings, varying core counts, connection counts, in-!ight requests,
and kernel versions, as well as real-world applications. We discuss
the implications for transport protocols, operating systems, and
hardware design throughout the paper. Before we dive deeper, we
make an important note. There is a rich and active body of research
on the design of userspace network stacks to achieve microsecond-
scale tail latency and/or high throughput [22, 28, 32, 36, 38, 41, 53,
58, 59]. Our aim is not to compete with userspace stacks in terms
of performance, but to deepen our understanding and push the
performance limits of a well-established and widely used network
stack. Given that a signi$cant portion of cloud services still rely on
Linux, we believe this is a worthy objective.

This work does not raise any ethical issues.

2 Measurement Methodology
This section outlines our measurement setup and methodology
used to assess application performance on the Linux network stack.

Testbed. Since our measurements focus on host-side latency, we
use a testbed with two servers directly connected via a 400Gbps
link, each equipped with dual-socket Intel Xeon Gold 6530 CPUs
(two NUMA nodes per socket), 32 cores per socket, 1024GB DRAM,
48KB/2MB/160MB L1 (data)/L2/L3 caches, and a ConnectX-7 NIC.

Linux kernel con!guration. Both servers run Ubuntu 22.04. Ker-
nel network stacks evolve rapidly, so studies like ours must $x
speci$c versions to ensure consistent results. We use Linux kernel
5.10 with its default scheduler, CFS. While the Linux community
has recently introduced a new scheduler, EEVDF [11], it is still un-
der development, and our evaluation reveals fairness issues (§3.7).
Accordingly, we use CFS (kernel 5.10) as the default throughout the
paper, and include complementary EEVDF results using a recent
kernel (version 6.12) in §3.7. We enable standard Linux network
stack optimizations—TCP Segmentation O%oad (TSO), Generic Re-
ceive O%oad (GRO), jumbo frames (9000B), and accelerated Receive
Flow Steering (aRFS), which steers IRQs to the application core to
improve L3 cache locality and per-core performance [24, 63]. As in
prior production-system work [48], we also enable hyper-threading.
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Figure 1: We measure per-request latency “breakdown” in
the Linux network stack using 12 components, represent-
ing end-to-end data path. See §2 for more detailed description.

Component Description From To

rx_irq IRQ handling NIC skb alloc.
rx_napi Rx NAPI processing skb alloc. Rx NAPI end
rx_ip Rx IP processing Netdev start Rx IP end
rx_tcp Rx TCP processing Rx TCP start Rx TCP end
rx_sched App. waking-up Wake-up signal Read call resume
rx_data_copy Rx data copy Data read start Data read end
app App. proc. + syscall Return to user Write call
tx_data_copy Tx data copy Data write start Data write end
tx_tcp Tx TCP processing Tx TCP start Tx TCP end
tx_ip Tx IP processing Tx IP start Tx IP end
tx_queue Tx packet scheduling qdisc proc. start qdisc proc. end
tx_xmit Packet transmitting xmit start xmit end

Table 1: Latency breakdown taxonomy. Each of the 12 components is mapped into
one of the network stack layers along the end-to-end data path in Figure 1.

To minimize experimental noise, we disable irqbalance, which
redistributes hardware interrupts among CPU cores [12], and load
balancing, which moves applications based on CPU load.

DIM con!guration.ModernNICs include Dynamic InterruptMod-
eration (DIM), which adapts Rx interrupt rates to tra#c load [52].
Enabling DIM reduces interrupts and improves throughput at high
load but often hurts tail latency by delaying interrupts. Disabling
DIM improves tail latency at low load with similar throughput, but
reaches CPU bottlenecks earlier as load increases. Since we focus
on peak achievable performance, across all latency–throughput
curves in §3, we select the best-performing data points with DIM
either enabled or disabled.

Measurement infrastructure. We generate a ping-pong style
RPC workload using a customized version of Netperf [9], where
each client–server thread pair maintains a dedicated TCP connec-
tion to send and receive 64B RPCs. While measuring the end-to-end
latency, we break down the latency into 12 components as shown in
Figure 1 and Table 1. We then carefully change the Linux kernel to
keep and record timestamps within each socket bu"er, skb (that rep-
resents each packet), to determine the time spent by the end-to-end
request/response in each layer of the network stack. To enable per-
skb measurement, our breakdown starts from rx_irq where a new
skb is created for Rx processing. To obtain the NIC-side Rx times-
tamps, we enable hardware time stamping using hwstamp_ctl [8]
and also use phc2sys [16] to synchronize the hardware and CPU
clocks. To track the entire life cycle of the ping-pong RPC time
breakdown, we need to retain both the Rx skb corresponding to the
response and the Tx skb corresponding to the request on both the
client and server sides. To achieve this, we store all the Rx times-
tamps in each Rx skb and copy them into the corresponding socket
data structure before returning back to the userspace (before app).
The time stamping resumes when the application enters the kernel
through the write syscall and a new skb is created for Tx process-
ing; we then copy all Rx timestamps stored in the socket into the
newly created Tx skb, and record the subsequent Tx timestamps
in the same Tx skb. When the packet is successfully transmitted
(tx_xmit), we pro$le the latency breakdown with the timestamps

obtained from Tx skb. To minimize the pro$ling overheads, (1) we
sample the timestamps at regular intervals (e.g., every 100 requests,
a frequency that does not a"ect performance in our experiments)
and (2) use ftrace [1], Linux’s built-in kernel tracing framework,
which logs pro$ling events into per-CPU bu"ers and avoids expen-
sive synchronization or frequent user-kernel data transfers during
execution. We perform this breakdown measurement at the client
and server separately while generating the ping-pong workload.

To obtain per-RPC end-to-end latency breakdowns, we collect
sample IDs and source/destination ports, enabling us to match
client and server pro$les for the same RPC even with multiple
concurrent connections. We use the standard kernel APIs to obtain
precise nanosecond-scale timestamps [13]. Despite our signi$cant
e"ort, some fundamental overheads (e.g., writing timestamps to the
ftrace ring bu"er) are still inevitable in our pro$ling, leading to a
mismatch (albeit, not signi$cant) between the end-to-end latency
reported by the application and the total sum of our breakdown
components, especially when multiple RPC connections perform
the latency pro$ling concurrently. Nevertheless, our latency break-
down is useful to identify the key bottlenecks with a fairly high
accuracy. To give both clear intuition and correct latency perfor-
mance, we present the latency breakdown result along with their
end-to-end latency reported by the application in the paper.

3 Understanding Linux Latency
We now evaluate the application performance on top of Linux net-
work stack for a variety of scenarios and present detailed insights
on observed performance. We start by looking at the isolated case
where a single application runs on a single CPU core3, generating
at most one request in !ight at any time to measure the baseline
latency (§3.1). Considering the application goal is to achieve low la-
tency and high throughput, we increase the number of threads (§3.2)
and the number of in-!ight requests per thread (§3.3) to improve
the throughput. We then repeat these scenarios on a multi-core
environment (§3.4 and §3.5). Finally, we evaluate the application
performance under the EEVDF scheduler (§3.7).

3In this paper, we use the terms “application” and “thread” interchangeably, and a
CPU core indicates a physical core or its two logical cores.
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(a) End-to-end latency (b) Tail latency breakdown (P99.8–P100)

Figure 2: Latency with no contention. (a) Linux achieves an average
end-to-end latency (shown by bar) of 12.9𝐿s and P99.9 tail latency (shown
by top whisker) of 19𝐿s; enabling busy polling reduces them to ↓ 11𝐿s and
↓ 14𝐿s at the cost of ↓ 2.28→ higher CPU utilization. (b) Tail latency is
dominated by receive-side processing and scheduling, including rx_irq,
rx_tcp, rx_ip, and rx_sched. See §3.1 for more details.

3.1 No Contention
We start with the isolated case of a single thread that pingpongs a
64B request/response between the two servers.

An isolated thread can achieve low P99.9 tail latency. Figure 2
shows the end-to-end average and P99.9 tail latency, along with the
tail latency breakdown (P99.8–P100) on both client and server sides,
using a heatmap to attribute latency to individual components. The
percentiles in the heatmap are ordered by the sum of all component
contributions, rather than by any individual component. Therefore,
each component’s latency is not necessarily monotonic. Note that in
this section we analyze the full tail region (P99.8–P100) rather than
a single tail point. As component contributions vary substantially
across samples (Figure 2(b)), a single point (e.g., only P99.9) can be
misleading and may not capture all sources of tail latency.

Overall, the P99.9 end-to-end tail latency achieved by Linux is
19𝐿s, which aligns with a recent report [20], with a CPU utilization
of 44.09% at the client and 43.56% at the server; we observe that the
dominant components are (1) rx_irq, the delay fromwhen a packet
is received by the NIC to when its corresponding skb is allocated,
which includes the overhead of the Rx interrupt handling, (2) rx_ip,
the delay from when skb enters the Netdevice subsystem [24] to
when the IP layer processing is completed, (3) rx_tcp, the delay
for TCP stack processing, and (4) rx_sched, the delay from when
a thread sleeping on a read call is woken up after data is received
to when it is scheduled and starts executing.

For this isolated case, tail latency can be further improved by
using busy-poll sockets [26] with 100% core utilization on both sides.
Our experimental results (not shown in $gures) demonstrate that
busy-polling allows Linux to achieve P99.9 end-to-end latency of
14𝐿s by e"ectively reducing the overhead from the rx_irq latency;
in comparison, the state-of-the-art userspace stack, TAS, achieves
P99.9 end-to-end tail latency of 9𝐿s in the same isolated case for its
fast path (that bypassesmultiple stages within the packet processing
pipeline, essentially assuming no network congestion and/or drops),
merely 5𝐿s lower than Linux. These measurements suggest that, in
isolation, the Linux kernel stack already achieves low P99.9 latency;
while further optimizations are possible, its contribution is only a
small fraction of the latency introduced by the fabric.

Figure 3: Application performance with increasing number of
threads on a single core. We enable DIM for all four schemes after
CPU becomes their bottleneck; all four schemes reach their performance
knee points with 48 threads. Linux shows a P99.9 latency of 1139𝐿s at the
knee point. ACCa reduces it by ↓2.7→, and using PCSched further lowers
it to 276𝐿s (↓4.1→ better than Linux). We also observe that P99.9 latency
$rst increases and then decreases, which relates to the DIM tuning. After
throughput reaches its peak, adding more threads may reduce throughput
due to increased thread contention. See §3.2 for more discussion.

3.2 Contention on A Single Core
Next, we gradually increase the number of threads co-located on a
single CPU core (i.e., across two logical cores evenly), generating
one in-!ight request per thread. This creates competition among
the threads for the host resources.

rx_sched is the dominating factor in tail latency. Figure 3
shows that Linux experiences a sharp increase in the P99.9 tail la-
tency (↓ 1139𝐿s) as the number of threads increases to 48, reaching
the knee point with DIM enabled. Figure 4(a) shows that the main
contributor to tail latency on both client and server is rx_sched—
the delay between a sleeping read being woken by incoming data
and the thread being scheduled and executing4. Moreover, the con-
tribution of rx_sched to tail latency is orders of magnitude more
than any other component.

Inaccurate time accounting in CPU scheduler, not network
stack, is the reason for high rx_sched. All prior studies that
observe the high tail latency in the kernel network stack use the
default Linux CPU scheduler (CFS or the latter EEVDF), designed
to allocate equal CPU time among threads. We found that the inter-
action between the CPU scheduler and network stack processing
leads to high rx_sched latency. In the scheduler, each thread main-
tains a virtual runtime that re!ects the amount of CPU service it
has received. Scheduling decisions are then made based on a notion
of virtual progress derived from this virtual runtime (e.g., directly
in CFS, or via lag and virtual deadlines in EEVDF). In CFS (used in
the experiment), it prioritizes the thread with the smallest virtual
runtime for fair scheduling. This implies that threads with larger
virtual runtime experience longer scheduling delays even after their
data reaches TCP, resulting in high rx_sched latency. They are also
more likely to be preempted, which in!ates the latency observed
in app and tx_data_copy. In fact, with 48 threads on the same

4Besides rx_sched, the app and tx_data_copy components also appear large, but this
is mainly due to scheduler-induced preemption (e.g., from interrupts or timers) rather
than their own execution time. Thus, the high latency across all three components is
still driven by CPU scheduling behavior. We still include these times to better align
the breakdown with end-to-end tail latency.
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(a) Linux (b) Linux + IRQa (c) Linux + ACCa (d) Linux + PCSched

Figure 4: P99.8–P100 latency breakdown at the knee point. (a) and (b) Scheduling latency (rx_sched), particularly on the client side, contributes
substantially to tail latency in Linux, even when IRQ time accounting (IRQa) is enabled. (c) Our accurate time accounting patch (ACCa) substantially reduces
rx_sched latency. (d) By scheduling packets based on the number of requests, PCSched attenuates nearly all rx_sched’s impact on tail latency.

(a) Linux virtual runtime (b) Linux + ACCa virtual runtime (c) rx_sched vs. #processed, Client (d) rx_sched vs. #processed, Server

Figure 5: Understanding the causes of high rx_sched latency. (a) Under default Linux, virtual runtime gaps appear across threads; those with the largest
virtual runtime also have the highest rx_sched latency. The client accumulates more runtime due to extra latency-record logic. (b) ACCa reduces the virtual
runtime gap between threads; however, the gap still exists, which is related to the actual thread processing time di"erences in data copying and application
processing across threads due to processor-side overheads. (c) and (d) show how the number of packets processed in softIRQ during a thread’s execution
correlates with rx_sched latency on the client and server. See §3.2 for more details.

core (24 per logical core), we observe large virtual-runtime gaps
across threads after the experiment (Figure 5(a)). The four threads
with the highest virtual runtime experience over 2000𝐿𝑀 rx_sched
latency on the client side. This is counterintuitive, since all threads
run the same ping-pong workload, achieve similar throughput, and
start with negligible runtime di"erences, so their virtual runtimes
should converge.

We delve deeper to understand the cause of the large virtual
runtime di"erences among the threads. We discover that inaccurate
CPU accounting in the scheduler during softIRQ processing is one
of the main reasons; the scheduler charges the CPU time of softIRQ
processing to the current thread by default, irrespective of whether
the processed packet belongs to that speci$c thread, unfairly in-
creasing its virtual runtime. The problem is that some threads may
experience more softIRQ events than the others as packet arrival
events do not follow a uniform distribution. As a result, such vic-
tim threads with more softIRQ events (hence with larger virtual
runtime) are likely to be treated less fairly. To make matters even
worse, this runtime gap creates a positive feedback loop that ampli-
$es the virtual runtime gap and can eventually become a sustained
phenomenon: the thread with the largest virtual runtime runs only
after all other threads $nish. In a ping-pong workload, this means
that while this max-runtime thread is running, peer threads on the
other server—serving the remaining connections—are still actively
processing and sending packets back. As a result, the victim thread

receives bursts of incoming packets, handles more softIRQ work,
and unfairly accumulates even more virtual runtime.

To validate our $nding, we record the number of packets each
thread processes during softIRQ handling and its corresponding
tail rx_sched latency—which dominates end-to-end latency—using
our modi$ed Net$lter module. Our analysis shows that threads
processingmore packets within their allocated CPU time experience
higher tail latency on both the client and server sides (Figure 5(c)
and 5(d)). This observation aligns with prior work reporting similar
CPU accounting issues in multi-container environments [42, 48].

Our patch with accurate time accounting reduces rx_sched
latency by 2.91→.We note that the Linux community has acknowl-
edged this issue and introduced an IRQ time accounting option
in the scheduler, which is disabled by default [3]. The idea is to
exclude IRQ time from CPU accounting—i.e., the scheduler reduces
a thread’s virtual runtime by the amount of softIRQ processing time.
However, we $nd that this mechanism does not work as intended.
As shown in Figure 3, enabling it (Linux + IRQa) actually increases
P99.9 end-to-end latency by 4.7% with 48 threads compared to the
original scheduler (red curve). Our investigation shows that IRQ
time is accounted only after softIRQ processing completes, while
CPU accounting events can occur in the middle of softIRQ execu-
tion. When this happens, the current thread misses the chance to
exclude IRQ time and its virtual runtime still increases unfairly. The
remaining unaccounted IRQ time is then deducted from the next
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0 1 2 3 4 5 6

T1 IRQ T1 T2 CPU time

t0 t1 t2 t3 t4 t5

CPU accounting event
𝑀 Linux +IRQa +ACCa

𝑀1 0 0 (0) 0 (0)
𝑀2 3 3 (0) 1 (0)
𝑀3 3 3 (3) 1 (1)
𝑀4 5 3 (1) 2 (0)

Figure 6: Linux’s IRQ time accounting option can misattribute CPU
time. The $gure (left) shows how the CPU scheduler accounts for network-
interrupt processing time; the table (right) reports thread𝑁1’s virtual run-
time, with accounted IRQ time awaiting subtraction shown in parentheses.
Under the default scheduler (Linux), IRQ time is charged to the running
thread: the IRQ time (𝑀3 ↔ 𝑀1 = 3) in!ates 𝑁1’s virtual runtime to 5 at 𝑀4.
The IRQ-accounting option (+IRQa) aims to exclude this time, but a tim-
ing mismatch exists: the kernel updates the IRQ-time counter only after
softIRQ processing completes, whereas it updates the virtual runtime at
every accounting event. At 𝑀2, the partial IRQ time (𝑀2 ↔ 𝑀1 = 2) is not yet
recorded and is wrongly charged to𝑁1, raising its virtual runtime to 3. The
IRQ-time counter reaches 3 at 𝑀3 and is applied at the next CPU accounting
event (i.e., 𝑀4). 𝑁1’s virtual runtime at 𝑀4 should be (5 ↔ 3 = 2). However,
because virtual runtime must increase monotonically, it remains (5 – 2 =
3); the leftover unit is instead deducted from the next thread𝑁2 at 𝑀5. IRQa
thus overestimates 𝑁1 while underestimating 𝑁2. Our patch (ACCa) $xes
this by updating the IRQ-time counter at every accounting event (e.g., 𝑀2),
correctly excluding IRQ time from the running thread’s virtual runtime.

woken threads, e"ectively bene$ting them and further skewing
scheduling fairness. As a result, tail latency does not improve—and
can even increase—with Linux IRQ time accounting. An example is
illustrated in Figure 6.

We have implemented a concise patch to resolve this issue, en-
abling accurate time accounting for every scheduling event. Speci$-
cally, whenever a CPU time accounting event occurs, the IRQ time is
properly accounted for and excluded. In addition, we $x the time ac-
counting issue during the schedule call so that the next woken-up
thread’s start runtime does not include the time spent in schedule.
As shown in Figure 3, our patch (Linux + ACCa) yields signi$cant
improvements with 48 threads at its knee point, achieving 2.74→
and 2.91→ enhancements in terms of P99.9 end-to-end latency (from
↓1139𝐿s to ↓415𝐿s) and P99.9 rx_sched latency (from ↓1071𝐿s to
↓367𝐿s), respectively.
Virtual runtime can lie about fairness. To verify that our patch
successfully removes IRQ time from CPU time accounting, we com-
pare themeasured virtual runtime of each threadwith amodeled vir-
tual runtime obtained by summing latency breakdown components
that exclude IRQ time and context switches (mainly rx_data_copy,
app, and Tx-side processing), as shown in Figure 5(b) (Actual vs.
Modeled). Despite measurement overheads, the modeled virtual
runtime matches the measured virtual runtime within 0.8% for most
threads, and it accurately captures the virtual runtime gap among
threads. This indicates that the virtual runtime di"erences driving
scheduling decisions stem from actual processing time rather than
time spent in softIRQ processing.

On the other hand, we still observe a virtual runtime gap even
after excluding softIRQ time, especially on the server side. This is
surprising, since each thread executes nearly identical code. Ac-
cording to our breakdown result, the largest variance across threads
comes from rx_data_copy, tx_data_copy, and app. We $nd this

(a) Processing time vs. stall cycles (b) Contribution from L1d miss

Figure 7: CPU stall cycles in"ate the processing time of threads. We
measure the processing time of rx_data_copy, app, and tx_data_copy,
along with the CPU stall cycles over the same period. (a) shows that pro-
cessing time is almost perfectly linear with total stall cycles. Going one step
further, we measure stall cycles with at least one outstanding L1d cache
miss, which closely track total stall cycles as shown in (b), indicating that
cache-related stalls are a major contributor. More discussion in §3.2.

is related to stalling cycles, rather than the actual computation
time di"erence among threads. We use rdpmc [17] to measure stall
cycles (CYCLE_ACTIVITY.STALLS_TOTAL [15]) during these three
stages. Figure 7(a) shows that, on the client side, stall cycles and the
corresponding processing times have a linear relationship across
the three stages, which also correlates with the data-cache misses
(CYCLE_ACTIVITY.STALLS_L1D_MISS) shown in Figure 7(b)5.

We attribute the server-side virtual runtime gap to di"erences in
per-packet processing time, which trigger a positive feedback loop
similar to the one observed under inaccurate time accounting. On
the client side, although our patch resolves the fairness issue, victim
threads that handle more softIRQ work now experience cache pol-
lution from frequent softIRQ handling, increasing rx_data_copy,
tx_data_copy, and app processing times. Consequently, these vic-
tim threads need more CPU time to sustain the same throughput
as other threads. Because the client is CPU-bottlenecked, this leads
to a small throughput skew across threads (up to 1.58%) even when
our patch aligns threads’ virtual runtimes. Some server threads
therefore receive relatively more packets; because the server is less
CPU-bottlenecked, higher packet arrival rates translate into higher
virtual runtime, reinforcing the feedback loop even with accurate
time accounting. Processor-side overheads (e.g., TLB/cache misses,
branch mispredictions) further increase per-packet processing time
(up to 2%). Combined, these e"ects account for up to a 3% virtual
runtime gap among server threads.

This indicates that virtual runtime may not always be the ideal
abstraction for scheduling applications, as it is in!uenced not only
by computation but also by hardware state, such as cache behavior.
To demonstrate the potential bene$ts of a more appropriate abstrac-
tion, we schedule applications based on the number of sent/received
requests/responses, as a proof-of-concept (referred to as PCSched).
Even with this simple scheme, we show that the P99.9 latency can
be further reduced by 1.5→ (Figure 3), reaching 276𝐿s, with a signi$-
cant improvement in rx_sched latency (Figure 4(d)). Identifying the

5The server side also exhibits a linear relationship between stall cycles and processing
time, but the stalls are not directly correlated with data-cache misses. They may
instead be caused by other factors, such as branch mispredictions or TLB misses. This
discrepancy may be because the client records end-to-end latency, which requires a
hotter cache state.
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(a) Linux + ACCa, 44 threads (b) Number of interrupts (c) Tuning interrupts according to tra#c

Figure 8: Understanding the impact of interrupts moderation. (a) With Linux+ACCa at 44 threads (red circle in Figures 8c), enabling DIM signi$cantly
increases rx_sched latency. (b) DIM does not reach the optimal tuning point at 44 threads. (c) Using the characteristics of ping-pong workloads, AutoDIM
with PCSched achieves the lowest P99.9 latency (↓215𝐿s) with comparable throughput. Orange squares mark when DIM is enabled for ACCa and PCSched.

appropriate scheduling abstraction for di"erent application classes
is a challenging task; the ideal accounting unit should capture appli-
cation progress while abstracting away noise such as data locality.
For network-bound applications, such units may include packets
or requests/responses, and we leave a systematic exploration of
this space to future work. One promising direction is to integrate
!exible accounting units into user-space scheduling frameworks
(e.g., eBPF), enabling operators to de$ne fairness in ways that better
align with application-level objectives.

Asymmetric behavior between server and client.We also ob-
serve asymmetric latency and runtime-gap behavior between the
client and server, even though both run the same ping-pong applica-
tion under the default Linux scheduler and ACCa. The key reason is
that the client typically becomes the CPU bottleneck due to the addi-
tional application logic required to record end-to-end latency. Under
the default Linux scheduler, IRQ time is not properly accounted, so
higher CPU utilization on the client leads to more frequent interrup-
tions of application threads and more misattributed CPU time. This
enlarges the virtual runtime gap among client threads, making the
client the initial bottleneck. After $xing IRQ time accounting, vir-
tual runtime more accurately re!ects actual execution time (though
it is still an imperfect fairness metric). Because the client remains
CPU-bound, the scheduler has more runnable threads to choose
from and thus more opportunities to reduce runtime gaps there.
In contrast, the server has fewer scheduling opportunities to close
these gaps, so larger virtual runtime di"erences persist. As these
gaps grow, the server ultimately becomes the bottleneck for tail
latency.

Leveraging tra#c predictability can further reduce latency.
Another observation from Figure 3 is that, before reaching the
knee point, tail latency $rst increases and then decreases across all
curves (including PCSched). For Linux + ACCa, comparing the la-
tency breakdown at the knee point (Figure 4(c)) with that at threads
= 44 (Figure 8(a)), we observe a decrease in rx_sched. One possible
explanation is DIM behavior: as shown in Figure 8(b), the number of
interrupts decreases as the thread count increases across all sched-
uling schemes. With fewer interrupts, waiting threads are more
likely to wake up, instead of the scheduler prioritizing interrupt-
woken threads with lower runtime, resulting in lower rx_sched
latency. More importantly, this suggests that DIM is unable to $nd
the optimal con$guration when the tra#c is bursty. To verify our
hypothesis, we apply a very simple proof-of-concept con$guration

by exploiting the predictability of the workload. Since the total
number of in-!ight packets is known beforehand (equal to the
number of threads), we set the minimum packet threshold and the
maximum timeout before triggering an interrupt (i.e., rx_frames
and rx_usecs) to half of the total in-!ight packets across threads
on a single logical core and the corresponding total processing time.
This e"ectively assumes that half of the tra#c is on the client side
and the other half is on the server side. Figure 8(c) shows that, with
this simple proof-of-concept scheme (referred to as AutoDIM), the
latency can be further improved by 22% (to ↓215𝐿s) at the knee
point, and the unusual latency–throughput curve ($rst increasing
and then decreasing) disappears.

The gains from our heuristic tuning point to a broader insight:
from the receiver’s perspective, deterministic and predictable work-
loads can potentially simplify DIM tuning and improve performance.
Achieving this is di#cult with today’s sender-driven protocols,
where the receiver has little control over near-term tra#c arrival.
A promising direction is to co-design DIM with emerging receiver-
driven transport protocols [18, 23, 29, 33, 50], in which the receiver
actively shapes incoming tra#c. By making tra#c more predictable,
DIM can identify suitable parameters more e"ectively and further
reduce tail latency.

3.3 Multi-threaded Considered Harmful
Performance can improve by either increasing the number of
threads or the number of in-!ight requests. After studying threads,
we now examine in-!ight requests while keeping a single core
$xed. With multiple in-!ight requests, batching mechanisms (e.g.,
TSO/GRO and TCP Nagle) break the one-to-one mapping between
RPCs and skbs, making per-RPC latency breakdown di#cult be-
cause requests and skbs may be merged at di"erent stages on
both sides. Consequently, in this subsection we focus on capturing
rx_sched latency at RPC granularity to reduce measurement over-
head while still capturing the dominant source of latency. As we
show next, increasing the number of in-!ight requests yields better
performance than increasing the number of threads (§3.2).

rx_sched latency still dominates the end-to-end latency in
high I/O depths. From Figures 9 and 10, we observe that in high I/O
depths, the dominant component of end-to-end latency still comes
from the rx_sched latency. For example, for Linux with 32 threads,
the ratio of server-side P99.9 rx_sched latency to P99.9 end-to-end
latency increases to 60.24%, without even accounting for client-side
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(a) 2 threads (b) 8 threads

(c) 32 threads (d) 48 threads

Figure 9: Application performance with increasing number of in-
"ight requests and a !xed number of threads. With two threads, each
on a di"erent logical core, the Linux network stack achieves low P99.9
latency and high throughput comparable to user-space stacks [28]. Note red
circles mark data points with 128 in-!ight requests. In (b), with PCSched,
optimal performance occurs with DIM disabled below 24 in-!ight requests
and enabled afterward (orange squares). See §3.3 for more discussion.

rx_sched latency. Thus, resolving IRQ time accounting (ACCa) and
$nding the right scheduling unit/abstraction (PCSched) continue to
help reduce end-to-end latency, except when the number of threads
is 2. With 2 threads per core, there is only one thread per logical
core, so performance is similar across scheduling schemes. When
the number of threads is 8, we observe that the end-to-end latency
in PCSched suddenly increases once the throughput exceeds 1.25
million IOPS. This is because the client-side CPU starts to become
the bottleneck. When the number of threads is 48, ACCa shows
higher tail latency than the default Linux scheduler. Upon closer
inspection, we $nd two reasons. First, the Linux scheduler reduces
the gap among threads when the virtual runtime gap becomes too
large; this mechanism is triggered in the default Linux scheduler
but not in ACCa. When we disable this feature, the latency of the
default Linux scheduler increases by ↓1.78→. Second, compared
to low I/O depth, under high I/O depth in ACCa, thread virtual
runtimes become more dispersed, even though the absolute gap
does not change. This can increase the waiting time for threads
with larger virtual runtime, whereas previously they did not need
to be preempted by threads with similar virtual runtime. Note that
we cannot show AutoDIM results despite predictable workloads be-
cause batching makes packet arrivals nondeterministic and current
NICs trigger interrupts based on packet counts rather than bytes.
A promising direction is for NICs to expose more !exible interrupt-
generation interfaces to better exploit workload predictability.

A single thread per logical core with increasing number of
in-"ight requests achieves low latency and high throughput.
In Figure 9(a), it is observed that when there are two threads, each
running on a di"erent logical core, increasing the number of in-
!ight requests does not result in a signi$cant rise in P99.9 latency

(a) 2 threads (b) 8 threads

(c) 32 threads (d) 48 threads

Figure 10: rx_sched still dominates the end-to-end P99.9 latency with
increasing in-"ight requests. When there are two threads per core (one
per logical core), rx_sched increases only mildly with increasing in-!ight
requests, primarily due to additional queuing in the TCP receive bu"er
rather than scheduling contention. More discussion in §3.3.

(a) #In-"ight request = 128 (b) Throughput = 1.25 mIOPS

Figure 11: CDF: the number of requests per segment. With the same
in-!ight requests (a), increasing thread count reduces requests per segment,
degrading batching e#ciency. With the same throughput (b), average seg-
ment sizes are similar, but additional in-!ight requests accumulate in the
receive bu"er, leading to increased rx_sched latency. Discussion in §3.3.

since there is no contention between the threads. As shown in Fig-
ure 10(a), rx_sched increases only slightly, mainly because higher
I/O depth introduces additional queuing delay in the TCP receive
bu"ers. With increasing number of in-!ight requests, the optimiza-
tion techniques such as TSO/GRO and TCP Nagle algorithm reduce
the per-request processing overhead by combining multiple re-
quests into a single TCP segment. This allows Linux + PCSched
to achieve 90𝐿s P99.9 latency and 1.28 million IOPS with 32 in-
!ight requests per thread as seen in Figure 9(a), comparable to
Caladan [28], a state-of-the-art user-space solution that achieves
0.94 million IOPS per core and ↓100𝐿s latency.
Good locality and bounded in-"ight requests are essential for
optimal performance. Now we consider cases where each core
serves more than two threads. We make two comparisons across
di"erent thread counts: (1) $xing the total number of in-!ight re-
quests at 128, and (2) $xing the total throughput to be roughly
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(a) Application performance (b) Interrupts per core, 64 threads

(c) PCSched, 64 threads, 1 core (d) PCSched, 64 threads, 16 cores

Figure 12: Throughput gains from multi-core scaling come at the
cost of increased tail latency. We mirror our experiment in §3.2 on 16
cores within a single NUMA node. As shown in (a), PCSched reaches a knee
point at 64 threads per core (the red circle), where P99.9 latency increases
by 1.74→ compared to the single core case. Breakdown results in (c) and (d)
attribute this in!ation to delayed interrupt handling (rx_irq) and increased
scheduling latency (rx_sched). Interestingly, (b) shows only little change
in interrupt rate. After throughput reaches its peak, adding more threads
may reduce throughput due to increased thread contention. See §3.4 for
further discussion.

the same. For the $rst case, as the number of threads increases
from 2 to 32, the throughput degrades by 3.4→, while the tail la-
tency in!ates by 4.6→. This trend is consistent across all scheduling
schemes. This escalation is primarily attributed to the interleaving
of packets among multiple threads, which adversely a"ects both
spatial and temporal locality. As depicted in Figure 11(a), for the
same total number of in-!ight requests, each segment (skb) carries
fewer requests as the number of threads increases. This highlights
the ine#ciency of batching in scenarios with higher thread counts.
In practical terms, the network stack must process a larger number
of segments to handle the same volume of requests, leading to in-
creased latency and higher per-request overhead. For the second
case, we observe that while throughput remains roughly the same
across di"erent numbers of threads, the latency increases signif-
icantly. From Figure 11(b), we observe that the average segment
sizes are very similar, resulting in comparable throughput. How-
ever, as the number of threads increases, more in-!ight requests
are generated, and as the CPUs approach saturation, these extra
packets are simply bu"ered in the Rx TCP bu"er, which leads to
higher rx_sched latency on the Rx side.

From these observations, we draw two insights: 1) one or two
connections per core are su#cient to achieve high throughput and
low latency with e"ective batching. 2) increasing the number of con-
nections in!ates in-!ight bytes and hence latency. This implies that,
in practice, optimal performance is achieved by maintaining only a
few threads per core whenever possible, which enables both high
throughput and low latency. When this is not feasible—such as in

servers that must maintain a large number of connections—an inter-
esting direction is to keep only a small subset of connections active
at any given time (e.g., using receiver-driven protocols). Limiting
the number of active connections can improve batching e#ciency
and reduce tail latency. However, this approach may cause some
connections to wait too long. Understanding and managing this
trade-o" is an interesting direction for future work.

3.4 When DIM Meets Many Cores
In this section, we examine performance in a multi-core Linux net-
work stack. By default, we enable DIM because it delivers the best
performance. Surprisingly, when using multiple cores (16 physical
cores within a single NUMA node) while keeping the same number
of threads per core and one in-!ight request per thread, tail latency
degrades compared to the single-core case.

Packet interleaving among multiple cores complicates DIM
tuning. Compared to the single-core case, maximum throughput
scales by about 13.21→, roughly proportional to the number of cores.
Fixing IRQ time accounting and choosing the right accounting
abstraction still reduce P99.9 latency: at the knee point, tail latency
drops by 1.9→ and 3.5→, respectively, compared to the default Linux
scheduler.

However, the tail latency of both ACCa and PCSched increases
compared to the single-core case at the knee point. To understand
this, we focus on PCSched and analyze the latency breakdown. In
the multi-core setting, the knee point occurs at 64 threads per core,
so we compare the breakdown between single-core and multi-core
con$gurations at this point. Figures 12(c) and 12(d) show that the
increase is mainly from rx_sched and rx_irq, each rising by about
100𝐿𝑀 . However, Figure 12(b) indicates that the number of interrupts
per core remains largely unchanged. We attribute this increase
to packet interleaving across multiple cores, which makes DIM
di#cult to tune e"ectively. If DIM overreacts to bursty tra#c and
generates unnecessary interrupts, rx_sched latency rises because
the scheduler may prioritize interrupt-woken threads due to their
lower runtime. Conversely, if DIM underreacts and generates fewer
interrupts, rx_irq latency increases. To validate this hypothesis,
we run AutoDIM experiments using the same setup as in §3.2.
We observe that the tail latency at the knee point remains largely
unchanged under AutoDIM. This result further highlights the need
to make tra#c more predictable.

3.5 Best Case: Multiple Cores, High Load, Few
Threads per Core

Finally, we maintain a constant thread count and increase the num-
ber of in-!ight requests. The outcomes of this investigation are
illustrated in Figure 13.

The application performance in amultiple-core environment
is comparable to that of the single-core case. After scaling to
multiple cores, performance remains comparable to the single-core
case (§3.3), and the overall trends are similar. As before, $xing IRQ
time accounting and using the right packet abstraction consistently
reduce tail latency by up to 6.4→ and 18.6→, respectively, compared
to default Linux, since rx_sched remains a dominant latency source
(not shown). Similarly, Linux achieves low P99.9 latency and high
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(a) 2 threads (b) 8 threads

(c) 32 threads (d) 48 threads

Figure 13: As the number of in-"ight requests and the number of
threads increase in the multi-core case, the threads achieve compara-
ble performance to the single-core scenarios. More discussion in §3.5.

throughput with 2 threads per core. For example, with 48 in-!ight
requests, it reaches ↓ 1 million IOPS per core with a P99.9 latency
of 210𝐿s, comparable to the single-core case.

One trend we observe is that, compared to the single-core case,
using two threads per core leads to higher P99.9 latency when
achieving similar throughput in multi-core con$gurations. To un-
derstand this behavior, we examine operating points where both
con$gurations achieve ↓ 1.25 mIOPS. In the single-core case, this
throughput requires only 32 in-!ight requests, whereas the multi-
core case requires 96 in-!ight requests. With more in-!ight requests,
the corresponding tail latency increases. A natural follow-up ques-
tion is why, given the same number of in-!ight requests, the multi-
core con$guration cannot match the throughput of the single-core
case. We observe that with 32 in-!ight requests, the per-core in-
terrupt rate in the single-core con$guration is 1.85→ higher than
that observed when using 16 cores. This indicates that in the multi-
core case, DIM is unable to $nd the optimal interrupt triggering
rate, potentially leading to higher latency in rx_irq, which in turn
reduces throughput.

3.6 Impact of RPC Size, Communication
Pattern, and Streams

In this subsection, we examine whether our insights continue to
hold across a broader range of workloads, including di"erent RPC
sizes, communication patterns such as incast and outcast, mixtures
of RPC !ow sizes, and RPC tra#c coexisting with streaming tra#c.
Following the setup in §3.2, we run all threads on a single core and
gradually increase the number of threads.

Performance across uniform and mixed RPC sizes. We in-
crease the RPC size from 64 bytes to 128, 256, 512, and 1024 bytes
and measure P99.9 latency and throughput as the number of threads
increases under di"erent schemes. As shown in Figure 14, the re-
sults exhibit trends similar to those observed in §3.2 across all RPC
sizes. At the knee point, ACCa improves performance by 2.78, 3.22,

(a) 128 Bytes (b) 256 Bytes

(c) 512 Bytes (d) 1024 Bytes

Figure 14: Our insights on host network stack latency generalize to
di$erent RPC sizes. More discussion in §3.6.

2.73, and 3.24→ over default Linux. As proofs of concept, PCSched
and AutoDIM still show that the bene$ts of a more accurate ac-
counting unit and e#cient interrupt tuning persist across RPC sizes,
improving performance by 3.79, 4.36, 3.94, and 4.56→ and 6.19, 7.12,
6.30, and 7.41→ over default Linux, respectively.

We also evaluate performance under a mixture of RPC sizes,
with half of the threads sending 64B RPCs and the other half send-
ing 1024B RPCs. As shown in Figure 15(a), the overall trends are
similar to those observed in §3.2. PCSched remains e"ective de-
spite the heterogeneous RPC sizes because, at these sizes, CPU
cost is still dominated by per-RPC overhead; as shown in Figures 3
and 14(d), 64B and 1024B RPCs achieve similar throughput at the
knee point, approximately 0.35 million IOPS. We also observe that
under ACCa and PCSched, throughput becomes less stable as the
number of threads increases than with a uniform RPC size; Au-
toDIM eliminates this instability, highlighting the importance of
e#cient interrupt tuning, which we leave for future work.

Mix stream with RPCs. We combine 64B RPC tra#c, whose load
increases with the number of threads, with a bulk byte stream gen-
erated by iperf3 to create a mixed RPC-and-stream workload. We
omit PCSched in this experiment because per-RPC and per-byte
overheads are interleaved, making it di#cult to identify an appropri-
ate accounting unit; we also omit AutoDIM because stream tra#c
perturbs both the arrival patterns and processing times of RPC
packets, making it unclear how to con$gure the interrupt threshold
to optimize RPC performance. We observe that even at low load,
RPC tail latency is high because RPC packets experience head-of-
line blocking behind stream tra#c, consistent with prior work [25].
However, as the number of threads increases, ACCa’s latency re-
mains relatively stable because it corrects IRQ-time misaccounting,
whereas default Linux exhibits substantial latency in!ation.

Incast and outcast workloads.We evaluate di"erent schemes un-
der incast and outcast workloads. In the incast case, client threads
are spread across di"erent cores within the same NUMA node, and
therefore have low client-side (scheduling) latency, while the server
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(a) Mixed RPC sizes (b) Mixed stream with RPCs

(c) Incast (d) Outcast

Figure 15: Our insights generalize to di$erent communication pat-
terns as well. See §3.6 for more details.

(a) Lag evaporation behavior (b) EEVDF performance

Figure 16: Performance under EEVDF. (a) shows that lag evaporation
in the current EEVDF implementation leads to unfair CPU service across
threads, inadvertently reducing virtual runtime gaps and thereby inciden-
tally improving tail latency. Nevertheless, our optimizations continue to
exhibit measurable improvements on tail latency. Orange squares mark
when DIM is enabled for EEVDF and ACCa. See §3.7 for more discussion.

threads remain pinned to a single physical core; the outcast case
reverses this setup. We observe that, at the knee point, both Linux
and Linux + ACCa achieve less than half of the P99.9 latency com-
pared to the case in Figure 3. The reason is that, in incast/outcast
workloads, low client/server-side latency creates more scheduling
opportunities on the bottleneck side, allowing the CPU scheduler
to prioritize threads with lower virtual runtime and reduce runtime
imbalance. In the default one-to-one case (§3.2), both client and
server are actively involved in a ping-pong pattern, so the two
threads are not always simultaneously runnable, which limits the
scheduler’s ability to correct virtual runtime imbalances. However,
inaccurate IRQ-time accounting and inappropriate accounting units
still a"ect performance in the short run. As a result, we still ob-
serve the bene$ts of ACCa, PCSched, and AutoDIM: they improve
performance by 1.42, 1.70, and 1.88→ for incast, and 1.69, 1.81, and
2.19→ for outcast, compared to default Linux.

3.7 Performance under EEVDF
EEVDF is a recently deployed scheduling policy in the Linux ker-
nel. Similar to CFS, it aims to distribute CPU time equally among

(a) 100% read (b) 95% read + 5% write

Figure 17: Our insights enable Linux to achieve up to 2.2→ lower
latency for Redis. After throughput reaches its peak, adding more threads
may reduce throughput due to increased thread contention. Details in §4.

runnable tasks with the same priority [11]. However, we $nd that
the current EEVDF implementation fails to achieve this goal. We
construct a scenario in which one thread has a higher I/O depth
than others while the CPU is fully bottlenecked. As shown in Fig-
ure 16(a), under CFS, threads have similar execution time despite
di"erent I/O depths. In contrast, under EEVDF, the high–I/O-depth
thread receives signi$cantly more CPU time (up to 1.35→), lead-
ing to higher throughput despite identical priorities. Note in CFS,
threads with higher I/O depth achieve higher throughput simply
due to more in-!ight I/O. We attribute this behavior to lag evap-
oration in the current implementation of EEVDF. When a thread
sleeps, EEVDF records its lag—the di"erence between its virtual
runtime and the average virtual runtime of runnable threads—to
preserve relative ordering upon wakeup. However, in workloads
with frequent sleep–wakeup cycles, this mechanism shrinks run-
time di"erences. When the thread with the largest virtual runtime
runs while others are sleeping, its lag collapses to zero as its virtual
runtime is the same as the run-queue average, e"ectively resetting
its position on subsequent wakeups. Although recent kernels intro-
duce mitigation [7], such unfairness persists as shown in Figure 16.

Due to lag evaporation, EEVDF shrinks the virtual runtime gap
between threads. Because lag and virtual deadlines are both derived
from virtual runtime, similar virtual runtime values lead to similar
scheduling decisions. As a result, EEVDF can inadvertently mask
virtual runtime inaccuracies, such as those caused by inaccurate
IRQ time accounting. As shown in Figure 16(b), EEVDF incidentally
improves tail latency compared to CFS. However, even under lag
evaporation, we still observe that accurate IRQ time accounting
(ACCa) provides up to 1.15→ performance gains by improving run-
time measurement (we omit PCSched, as its performance is similar
to ACCa under lag evaporation). In addition, AutoDIM continues to
deliver up to 1.25→ improvement, indicating that interrupt tuning
remains important even in the presence of lag evaporation. In the
long term, we expect that once the lag evaporation issue is resolved,
the bene$ts of accurate IRQ time accounting and appropriate ac-
counting units will become more pronounced, as virtual runtime
gaps will be preserved across scheduling epochs.

4 Validation with Real-world Application
In this section, we verify that our insights hold in real-world ap-
plications using Redis on the Linux kernel network stack, a widely
adopted in-memory key–value store. We use a setup similar to prior
work [25]: speci$cally, we run the standard YCSB workload [5] with
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both a 100% read workload and a 95%/5% read/write mix. Each RPC
request is 4KB in size. To increase the load, we increase the number
of threads per CPU core on the client side, while keeping other
con$gurations the same as in §2. Figure 17 shows that, for both
workloads, accurate IRQ time accounting improves tail latency by
up to 2→ at the knee points compared to default Linux. With PC-
Sched, tail latency further improves by up to 2.2→ relative to default
Linux. We also evaluate the performance of AutoDIM. As shown in
Figure 17(b), AutoDIM further improves tail latency by up to 1.42→
relative to PCSched and increases throughput by up to 1.08→. These
results show that our key insights hold for real-world applications.

5 Related Work
Our objective is to gain a comprehensive understanding of latency
within the Linux network stack, thereby providing valuable in-
sights and recommendations for optimizing forthcoming systems
and hardware to achieve superior latency performance. Our re-
search seamlessly aligns with the ongoing endeavors within the
$eld aimed at mitigating network stack overhead, as exempli$ed
by prior work [4, 41, 47, 57, 64]. These initiatives primarily focus
on minimizing data copy operations [64], streamlining system call
overhead [4], and enhancing the overall performance of the TCP
stack [41, 47]. By contributing to this body of knowledge, our work
contributes to the ongoing pursuit of optimizing network systems
for reduced latency and enhanced e#ciency.

Improving the latency performance of network stack. There
are numerous initiatives underway to improve the latency of ap-
plications, such as optimizing kernel data paths [3, 32, 46, 55], by-
passing the kernel [22, 28, 36, 40, 41, 48, 53, 56, 57, 65], isolating
network stack processing from applications [25, 41, 48, 53] and
utilizing hardware o%oading [2, 19, 51, 61].

While some prior research has indicated that Linux performance
falls behind state-of-the-art user-space solutions by a signi$cant
factor, typically in the range of 5–10 times slower [20, 28, 53], it
is essential to consider that this disparity might stem from the in-
herent complexity of the Linux stack and the vast array of system
and hardware parameters at play. Earlier studies may not have un-
earthed the optimal con$guration settings for minimizing latency
within the Linux stack e"ectively. For instance, earlier research [43]
has shown that employing thread pinning can notably enhance the
performance of applications like memcached [14]. Curiously, this
aspect seems to have been somewhat overlooked in many prior
investigations [28, 53]. Furthermore, when it comes to increasing
the number of in-!ight requests, which can potentially enhance
performance, many studies either rely on time-arrival-based work-
loads [28, 53, 54] or maintain limited in-!ight requests while han-
dling a large number of connections [41]. These approaches may
not fully exploit Linux’s potential for performance improvement
through batch processing.

Uncovering latency bottlenecks. While previous research, such
as Nsight [31], has made strides in comprehending the sources of
latency within the network stack, our work delves deeper into this
issue. We, like Nsight, identify blocking caused by threads schedul-
ing and interrupt as a signi$cant contributor to latency in!ation in
applications. This work goes beyond this observation by carefully

identifying the root causes of high latency—namely inaccurate IRQ
time accounting, the limitations of CPU runtime as a fairness met-
ric, and the impact of bursty tra#c on interrupt tuning—and by
systematically demonstrating the performance bene$ts that arise
from addressing each of these bottlenecks.

User interrupts. Modern processors provide hardware support
for user interrupts [6], allowing user-space threads to receive in-
terrupt noti$cations directly via dedicated instructions (e.g., In-
tel’s SENDUIPI). Built on user interrupts, recent work [21, 30, 45]
is able to match or exceed the performance of existing mecha-
nisms. We believe that building on one of the key insights of this
work—leveraging tra#c predictability to optimize interrupt tun-
ing—can further bene$t research on user interrupts.

CPU schedulers. Designing e#cient CPU schedulers and poli-
cies has been widely studied [10, 28, 34, 37–39, 42, 45, 48, 49, 53].
Similar to our work, Iron [42] observes CPU accounting issues
in multi-container environments and shows that they can lead to
cross-container interference. eBPF scheduler [10] and Enoki [49]
safely extend the kernel scheduler with custom policies; other work
delegates policy enforcement to user-space agents [34, 39] or im-
plements scheduling entirely within application runtimes [28, 37,
38, 45]. We believe the key insights of this work—accurate IRQ
time accounting and identifying the right scheduling abstraction or
unit—have the potential to inform and strengthen these scheduling
systems and policies.

Cache Isolation. Cache isolation can reduce runtime interference.
Intel CAT provides this capability but primarily isolates applica-
tion data, leaving interference from network data cached in the
LLC [63]. Its coarse cache-way granularity also provides only a
limited number of partitions [24, 63], reducing its e"ectiveness
under high consolidation. ResQ constrains working sets to DDIO
capacity, but our results show interference even at low overall miss
rates, suggesting an important role for con!ict misses. A promising
direction is page coloring: assigning applications and DMA tra#c
to disjoint cache sets, similar to Sepia [62].

6 Conclusion
Our study shows that tail latency in the Linux network stack is
driven not by packet processing itself, but by how the host man-
ages CPU resources for networking. We identify three key factors:
misattributed softIRQ time, the limits of CPU runtime as a fairness
metric for network workloads, and ine#cient interrupt tuning un-
der bursty tra#c. Addressing these factors improves tail latency
by up to 5.3→ while maintaining comparable throughput. Overall,
our $ndings show that achieving low-latency networking requires
rethinking host CPU scheduling and host–NIC interaction, point-
ing to new directions for OSes, network stacks, and future host
networking hardware.
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