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Abstract—Flow scheduling mechanisms in modern datacenters
aim to reduce flow completion time (FCT). However, scheduling
mechanisms that operate without prior knowledge, such as PIAS
(NSDI 2015), or with imprecise flow information like QClimb
(NSDI 2024), can inadvertently introduce stragglers–packets
within a flow that experience significantly higher queueing
delays than others. These stragglers can lead to prolonged FCT,
undermining the goals of flow scheduling. While existing network
monitoring tools focus on root causes of performance bottlenecks,
they lack mechanisms for detecting ”victims” of such issues.
In this paper, we present STRAGFLOW, a data-plane tool for
straggler detection. STRAGFLOW monitors queueing delays at
line rate, identifies stragglers in realtime, and reports them to
the control plane. We evaluate STRAGFLOW using real-world
network traces and demonstrate that it can effectively detect
stragglers across different scheduling schemes and various link
conditions. Our results show that STRAGFLOW can provide
valuable insights into straggler distribution, helping operators
diagnose and mitigate flow scheduling issues to improve overall
network performance.

I. INTRODUCTION

Flow monitoring is essential to ensure reliable and efficient
network operations. By monitoring critical metrics such as
throughput [1], [2], latency [3], and packet loss [4] for
individual flows, operators gain valuable insight into how
traffic behaves. These insights are critical for maintaining
service level agreements (SLAs) in datacenters and enterprise
environments. For example, by monitoring flow-level latency,
operators can detect when a service does not meet its latency
guarantees [5], [6].

The information obtained from flow monitoring can directly
inform flow scheduling decisions. An effective scheduling
mechanism aims to allocate resources in a way that meets
performance goals such as minimizing flow completion times
(FCT) [7] or ensuring fairness among competing traffic [8].
For example, a scheduling mechanism aiming to minimize
FCT can prioritize small flows based on monitored flow
sizes [9]. Without up-to-date monitoring data, flow scheduling
can result in inefficient resource use and missed opportunities
for performance optimization.

Flow scheduling mechanisms that prioritize certain traffic
classes can inadvertently create stragglers—packets within a
flow that experience disproportionately high queueing delays.
For instance, prioritization schemes that favor small flows can
cause stragglers in large flows by forcing them to endure
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extended waiting times. These stragglers can extend FCT and
disrupt application performance. Identifying these stragglers
is therefore crucial for ensuring that flow scheduling operates
as intended and for detecting any misconfigurations.

In recent years, advances in programmable data plane tech-
nology [10], [11] have significantly enhanced flow monitoring
by offering fine-grained visibility at line-rate. Unlike tradi-
tional monitoring tools such as sFlow [1] and NetFlow [2],
programmable data plane can be programmed to monitor and
analyze individual packets (and flows) as they pass through
the data plane. This fine-grained visibility allows for the
early detection of network issues like congestion [12] and
microbursts [13], which are often missed by traditional coarse-
grained monitoring tools.

Existing flow monitoring solutions focus primarily on iden-
tifying the root causes of network performance issues but do
not address the detection of ”victims” by such issues, e.g.,
stragglers. For example, ConQuest [12] is a data structure
designed to determine which flows occupy the most space in
a queue, helping operators implement active queue manage-
ment. Similarly, PrintQueue [14] focuses on tracing the culprit
flows that contribute to queueing delays, either directly or
indirectly, using packet provenance analysis over time. While
these approaches effectively pinpoint sources of congestion
and delay, they do not address identifying the flows impacted
by these issues. This lack of attention to victim flows leaves
a gap in understanding the real impact of flow scheduling,
which is crucial for making informed scheduling decisions
and maintaining application-level performance guarantees.

In this paper, we introduce STRAGFLOW, a tool for
detecting and reporting stragglers that operates entirely
within the data plane. By providing immediate feedback on
which packets or flows experience excessive queueing delays,
STRAGFLOW enables network operators to examine the flow
scheduling mechanism and take proactive measures such as
priority adjustments to mitigate performance issues and reduce
overall FCT. We evaluate STRAGFLOW by comparing the
number of stragglers detected on CAIDA network traces based
on two different scheduling mechanisms: PIAS [9] and FIFO.
The results show that PIAS reduces the number of detected
stragglers by up to 49% compared to FIFO. The results also
demonstrate that STRAGFLOW provides valuable insights for
network operators, particularly for debugging flow scheduling
mechanisms.

The remainder of this paper is organized as follows. Section
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2 provides background and motivation. Section 3 details the
design of STRAGFLOW. Section 4 describes the evaluation,
which includes the experimental setup and a discussion of the
results. Section 5 discusses the related works, and Section 6
concludes the paper.

II. BACKGROUND AND MOTIVATION

A. Background

Stragglers have been extensively studied in the systems
community [15], [16]. Given a job consisting of multiple
tasks, a straggler refers to a task that takes disproportionately
longer time to complete compared to most other tasks in the
job [17]. Straggler can occur due to various reasons, including
hardware heterogeneity (e.g., differences in CPU speeds,
memory capacities, storage devices), resource contention, and
hardware defects. Since stragglers delay the completion of
the entire job, they can significantly degrade small jobs that
are typically used when running interactive applications [17].
Early detection of stragglers is crucial for minimizing their
impact, enabling system operators to apply techniques such as
blacklisting, speculative execution [16], or cloning [17]. These
techniques aim to mask slow tasks by running additional
copies or reallocating resources to ensure that overall job
completion times remain predictable and efficient.
Definition: Straggler. We define a straggler as a packet that

experiences a higher queueing delay compared to most packets
in a flow, thereby extending the time it takes for the entire
flow to complete, i.e., FCT. Similarly to straggler tasks known
in the systems community that can be caused by scheduling
mechanisms [16], [17], we argue that network flows can also
have stragglers that are caused by scheduling mechanisms.
More specifically, flow scheduling mechanisms that prioritize
certain flows over others inadvertently push some flows into
lower priority queues where they can accumulate longer
waiting times in different priority queues [7], [9], [18], [19].

B. Motivation

Flow scheduling mechanisms generally fall into two cate-
gories [20]: clairvoyant and non-clairvoyant.
Clairvoyant schedulers assume access to detailed informa-
tion about flow characteristics such as flow size, enabling them
to make more informed scheduling decisions. This approach
works well in controlled or specialized environments, such
as datacenters, where flow sizes can be accurately predicted
or are inherently known, allowing the scheduler to allocate
resources and prioritize flows with near-optimal efficiency.
pFabric [7], pHost [21], and Homa [22] are examples of
clairvoyant scheduling that attempt to reduce FCT based on
prior knowledge of flow size information. However, flow
information may not always be available, meaning that when a
flow starts, the scheduling mechanism does not know a priori
how many packets or how much data the flow will eventually
contain to be sent.
Non-clairvoyant schedulers operate with limited knowledge
about flow information, such as flow size. Mechanisms like
PIAS [9] or QClimb [20] aim to reduce FCT without prior

knowledge of exact flow sizes by dynamically adjusting
priorities based on observed flow behavior. PIAS works by
initially placing packets of flows in the highest priority queue.
As flows continue sending packets, they can be deprioritized
to lower priority queues. QClimb prioritizes network flows
using imprecise size estimations rather than exact flow size
knowledge. It employs machine learning techniques to esti-
mate the lower and upper bounds of flow sizes, prioritizing
the transmission of small flows over large ones based on
the lower bound. The QClimb scheduler maps each flow’s
packets to a priority queue according to its lower bound
and dynamically promotes or demotes the flow based on its
remaining packet count. While this adaptability is beneficial
in diverse and unpredictable network conditions, it may also
lead to stragglers if certain flows are repeatedly deprioritized.
What can go wrong with non-clairvoyant schedulers?
We now explain the potential problems that can arise while
deploying the non-clairvoyant scheduling mechanisms.

1) PIAS and QClimb dynamically adjust scheduling based
on estimated flow sizes. However, PIAS initially places
all flows in high-priority queues, and if a flow grows
unexpectedly, it may cause priority inversion, where
large flows remain in low-priority queues. Similarly,
QClimb relies on imprecise flow size predictions, lead-
ing to misclassification and inefficient scheduling. These
inaccuracies can cause contention, delaying latency-
sensitive applications and reducing overall scheduling
efficiency. Proactively detecting and correcting such
misclassifications can help mitigate long-tail latency and
improve flow prioritization.

2) In priority-based scheduling, large flows may experi-
ence starvation when they are stuck in lower-priority
queues, particularly under network congestion. Addi-
tionally, head-of-line (HoL) blocking occurs when a
large flow remains at the front of a queue, delaying
smaller flows behind it. These issues can lead to sig-
nificant performance degradation, especially for delay-
sensitive workloads. Detecting instances of starvation
and HoL blocking enables network operators to adjust
queue management strategies, ensuring fairness and
maintaining predictable performance across all flows.

3) Flow scheduling mechanisms are typically designed
based on general assumptions about traffic patterns.
However, in multi-tenant environments or in workloads
with unique characteristics–such as incast traffic, ele-
phant flows, or deadline-driven traffic–these assump-
tions may not apply. When non-clairvoyant scheduling
is used, it can lead to unfair resource allocation, where
some tenants or specific types of flows may experience
significantly increased delays. Detecting these imbal-
ances is crucial to ensure consistent network perfor-
mance and meet service level objectives.

Flow scheduling example. Let us consider a flow scheduling
example using PIAS as illustrated in Figure 1 with three
priority queues, i.e., Q1, Q2, and Q3. PIAS places all new
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Figure 1: An example of non-clairvoyant scheduling (PIAS)
with three different priority queues.

flows in the highest priority queue (i.e., Q1) and demotes them
once they exceed a certain demotion threshold, i.e., D = 2 in
this example. In doing so, large flows eventually end up in
the lowest priority queue (i.e., Q3).

Suppose that three flows, namely Flow 1, Flow 2, and Flow
3, arrive with five, three, and two packets, respectively, and
the demotion threshold is set to two, i.e., only two packets
per flow can stay in each higher-priority queue before being
demoted. In this example, the number in each colored box
in Figure 1 indicates the flow number to which the packet
belongs. Considering the demotion factor of two packets for
PIAS, the packets of Flow 1 will be demoted twice since it has
five packets. Flow 2 has three packets, and one of its packets
will be demoted to Q2. Flow 3 has two packets to transmit, and
they remain in the highest priority queue (Q1) for their entire
duration, thereby minimizing their completion time. Running
the above-mentioned flow scheduling mechanism using PIAS,
the last packet in Flow 1 resides in the lowest priority queue
(Q3), experiencing higher queueing delays than the rest of the
packets, making it a potential straggler.

To validate the behavior of PIAS in the previous example,
we conducted an experiment to measure the queueing delay
experienced by each packet in each queue. We deployed
PIAS with eight queues on a Tofino switch [23] and used
anonymized Internet traces from CAIDA [24] from March
17, 2016, as the workload. The trace contains approximately
30 million IPv4 packets and 1.2 million IPv6 packets, but
we focus only on IPv4 packets. Each PIAS queue has a
demotion threshold, determined as follows. Given a flow size
distribution and N queues, the first demotion threshold is set at
the 100/Nth percentile flow, the second threshold at 200/Nth
percentile flow, and so on [9]. Since we use eight queues, we
adopt the eighth percentile of the flow size distribution from
the trace, which equals 1 packet. Based on this distribution,
we set the demotion thresholds as 100, 200, 300, and so on,
incrementing by 100 for queues 1 through 8, respectively. We
then injected the network trace by sending the traffic from
a host to the Tofino switch at 1 Gbps. The ports of Tofino
switch are then throttled with two bandwidth configurations:
a balanced setting (1 Gbps input and 1 Gbps output) and an
uncongested setting (1 Gbps input with 1.5 Gbps output).

Figure 2 shows the distribution of the resulting queueing
delay in each queue. In higher priority queues, the delays
remain consistently lower, and as packets move to queues
with lower priority, the average delays begin to rise. However,
beyond queue 4, the observed delays flatten and stay roughly
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Figure 2: Queueing delay distribution of PIAS with 8 strict
priority queues.

the same all the way to queue eight. This delay plateauing
is caused by the flow size distribution in the network trace.
Specifically, only a small subset of flows grows large enough
to be demoted into those lower-priority queues, i.e., those
queues see fewer packets. Additionally, because the balanced
setting operates with an output rate that matches the input rate,
queues are more prone to build up, yielding higher delays
compared to the uncongested setting, where surplus output
capacity keeps queues from becoming saturated. Overall,
this result confirms that deprioritization in flow scheduling
mechanisms can cause stragglers.
The need for straggler detection. The experiment results
above motivate us to focus on detecting stragglers, which offer
valuable diagnostic insights into the underlying scheduling
dynamics in a network. By pinpointing which packets expe-
rience unexpected spikes in queueing delay and the specific
queues in which these delays occur, network operators will be
able to troubleshoot the scheduling mechanisms responsible
for handling network traffic. The level of granular visibility
provided by programmable data plane, in turn, enables them
to make more informed decisions about priority configurations
and flow management.

III. DESIGN OF STRAGFLOW

We propose a tool capable of detecting stragglers in the
data plane, which we call it STRAGFLOW. By offloading
the detection tasks to the data plane, we can avoid the
latency and overhead associated with server-based solutions
and enable faster detection. After being detected, the stragglers
are reported to the control plane.

The key to detect stragglers in STRAGFLOW is the
queueing delay metadata provided by the switch hardware,
deq_timedelta, which records how long each packet waits
(in nanoseconds) in the flow scheduler’s assigned queue.
We leverage deq_timedelta to identify packets experi-
encing unexpected delays and classify them as stragglers.
Since this metadata is only available in the egress pipeline
of programmable switches, STRAGFLOW’s core functionality
resides there. As packets traverse the switch, we record
their deq_timedelta, apply our detection logic to identify
stragglers, and report them to the control plane in real time.
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Figure 3: Overview of detection mechanism of STRAGFLOW.

Figure 3 provides an overview of the STRAGFLOW detec-
tion mechanism. First, an incoming packet is hashed based
on its flow ID. The resulting hash value is used to locate
the corresponding entry in the Delay register, which
stores the previous queueing delay (p delay). The packet’s
current delay (c delay) is then obtained from the switch
hardware’s deq_timedelta metadata. Next, the system
checks whether c delay exceeds p delay; if it does, the packet
is flagged as a straggler, c delay is written back to the Delay
register, and the Straggler counter for that flow is
incremented. Otherwise, the packet is forwarded immediately.
Finally, any detected stragglers are reported to the control
plane along with details such as the queue in which they were
detected and the total number of stragglers identified so far.

In the following subsections, we explain our key design
choices in detail.

A. Detecting stragglers

Determining an exact threshold for a packet’s queueing
delay to be qualified as a straggler can be challenging. This
is because network conditions are inherently dynamic, and
delays naturally fluctuate. As a result, establishing a clear and
reliable threshold to differentiate normal delay variations from
genuine stragglers requires careful consideration, especially in
environments with multiple priority queues or mixed work-
loads. In the following, we present three possible ways to
define a straggler concretely.
Threshold-based approach. The first approach relies on a
static threshold, where the network operator manually selects
a fixed delay value as the cut-off for identifying stragglers.
If the queueing delay of a packet exceeds this threshold, it
is marked as a straggler. Although this idea is simple, it
requires careful tuning and detailed knowledge of the network
traffic. On a network link with multiple priority queues,
each potentially having different baseline delays, no single
threshold can be universally valid. Our previous queueing
delay measurements on real hardware, shown in Figure 2,
illustrate that the queueing delay can exhibit an increasing
trend across queues. Based on this observation, setting a
static threshold may generate false positives or miss some
stragglers. If the threshold is set too low, we may encounter
false positives in high-priority queues, which are expected to
have lower queueing delays. Conversely, if the threshold is set
too high, we risk missing genuine stragglers in low-priority
queues, where higher queueing delays are expected.

Moving average. The second approach is to utilize moving
average to track the queueing delays experienced by a flow
over time. Packets whose delays exceed the current average
are then labeled as stragglers. Low-Pass Filters (LPF), avail-
able in current programmable switches such as Tofino [23],
can be used to maintain and update this moving average.
We can feed the current queueing delay into LPF, and the
filtered result is used as a reference by the next packet to
determine whether it should be classified as a straggler. This
strategy can be adapted to changing workload characteristics
more easily than a static threshold. However, relying on a
moving average can introduce its own set of problems: (i)
rapid spikes or sudden changes in delay may be smoothed
out by the averaging process, causing temporary anomalies to
go undetected, (ii) if traffic experiences a gradual increase
in latency, the moving average may slowly drift upward,
eventually making it less sensitive to emerging stragglers. As
a result, the moving average method might be too reactive in
some situations and too lenient in others.
Comparing with previous delay. The third approach com-
pares the current packet’s delay with the highest delay
recorded for the same flow. If the current delay exceeds
that, the packet is classified as a straggler, and the new
maximum delay is updated. This method leverages the idea of
tracking and comparing the delay history of each flow to detect
stragglers based on deviations from the previously observed
maximum delay.
■ Takeaway. We favor ’comparing with previous delay’

method because it is straightforward to implement and can
avoid the pitfalls of both threshold-based and moving average
approaches: it eliminates the need for global threshold tuning
and prevents delays in detecting sudden spikes due to smooth-
ing. Each flow is effectively calibrated to its recent delay his-
tory, providing a more fine-grained and adaptive mechanism
that can detect unusual increases in latency, regardless of the
underlying queue configuration.

B. Counting stragglers

Considering the line-rate processing and limited memory
resources in the data plane, it is essential to store flow
information in a compact, collision-tolerant data structure
like sketches [25], rather than maintaining a large per-flow
table. Several sketches, including ElasticSketch [26], FCM-
Sketch [27], and Universal Sketch [28], have been developed
specifically for the use in the programmable data plane. Each
of these sketches has been optimized for a different purpose.
For example, ElasticSketch is designed to be adaptive to
changing traffic conditions by having two separate measure-
ment components to track large flows and small flows sepa-
rately. FCM-Sketch adopts a hierarchical structure to achieve
higher accuracy. Universal Sketch aims to offer a unified and
general-purpose solution capable of approximating various
measurement tasks—such as flow cardinality, heavy hitter
detection, and entropy estimation—within a single compact
data structure. However, since our goal is only to count the
number of stragglers rather than to develop a new sketch, we
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choose the Count-Min Sketch (CMS) [29] for its simplicity
and ease of implementation on a programmable data plane.

CMS strikes a balance between accuracy and memory
efficiency, providing approximate counts for each flow with
controlled error bounds. We use CMS to implement the
Straggler counter shown in Figure 3. Straggler
counter maintains a running count of the number of strag-
glers detected for each flow. Once we identify a packet as a
straggler, we use the hashed flow ID from the previous stage
to update the counters in the Straggler counter. Note
that only straggler packets are counted; non-straggler packets
are excluded from the count. Both straggler and non-straggler
packets are forwarded to the designated egress port according
to the forwarding rules.

C. Sending the reports to the control plane

After marking and counting the number of stragglers, we
need to report the stragglers to the control plane. Tofino
programmable switches support three channels for sending
information to the control plane, i.e., (i) digest, (ii) CPU
Ethernet port, and (iii) CPU PCIe port [30]. Digest is a
mechanism that allows the data plane to asynchronously send
summary information or specific data (such as flow IDs or
queueing delays) to the control plane when certain events are
triggered. The CPU Ethernet port is a dedicated management
interface on the switch’s CPU that can send Ethernet packets.
This port may connect to a local CPU within the same system
or to a remote control plane (e.g., an SDN controller). Finally,
the CPU PCIe port provides a direct connection between the
switch ASIC and a local CPU via PCIe. All three channels
typically offer much lower bandwidth compared to the main
packet forwarding bandwidth of the switch. This is because
these channels are designed for control and management
purposes, not for handling high-volume data plane traffic.
Therefore, it is desirable to send only essential information
to the control plane at a rate that the control plane can
handle. To achieve this, we chose digest as the communication
method between the data plane and control plane because it
allows us to specify and send only the necessary information
instead of transmitting entire packets. The report can include
the flow ID, the straggler count, and the queue where the
straggler was detected. When the control plane receives such
reports and there is a significant number of them, the flow
scheduler elevates that flow to the highest-priority queue for
its remaining packets by installing a temporary match-action
rule keyed on the flow ID. This priority boost remains in effect
only while the flow continues to generate stragglers; once the
straggler count falls to a negligible level, the controller revokes
the rule and restores the default scheduling policy.

The naive approach is to report every single straggler to
the control plane immediately, ensuring that no straggler is
missed. While this approach would simplify the reporting, it
would also create a flood of messages, potentially overwhelm-
ing the control plane.

To avoid flooding the control plane, our design defers
reporting of stragglers until a sending threshold is reached.

Specifically, for each flow, the data plane accumulates strag-
gler counts in the Straggler counter until the count
hits a preconfigured threshold. At that threshold, the data
plane first sends the flow ID and the accumulated count to the
control plane and then resets the counter for that flow to zero.
For example, consider a sending threshold of 5 and a flow
ID x with 10 stragglers. Assuming there is no hash collision
in the Straggler counter for this flow, the data plane
would send exactly two digest messages to the control plane,
each containing a tuple (x, 5). Since the number of stragglers
is exactly twice the sending threshold, the straggler counter
for flow x is reset to zero after sending the second digest
message.
Trade-off of different choices regarding sending threshold:
Choosing the sending threshold involves a trade-off. A higher
sending threshold reduces the frequency of control plane
reports, which is desirable from a scalability perspective, but
increases the likelihood of missing stragglers from small flows
that never reach this threshold (unless they collide in the
Straggler counter with other flows). For instance, with
a sending threshold of 5, any flow with fewer than 5 stragglers
would never trigger a report, meaning that its straggler packets
could go undetected. Conversely, a lower sending threshold
ensures that smaller flows are not overlooked but generates
more frequent reports.
■ Takeaway. Assuming sufficient bandwidth on the link

between the data plane and control plane, we argue that a
small sending threshold is preferable for two reasons: (i) it
enables the detection of stragglers in small flows, and (ii) it
allows the use of many small counters (in terms of bit size)
in the Straggler counter, rather than a few large ones.
For example, if we set the sending threshold to 10, we can
use a 4-bit counter instead of an 8-bit counter, since 4 bits
are sufficient to count up to 15. This approach allows for
more efficient memory usage, enabling us to allocate more
counters within the limited data plane memory. More small
counters can help mitigate hash collisions, as the probability of
two flows colliding across multiple small counters is typically
lower than the probability of collision in fewer large counters.
This technique can prevent excessive communication overhead
while still ensuring that the control plane remains informed
about stragglers.

IV. EVALUATION

A. Setup

We implemented STRAGFLOW in P4 language [31] using
740 lines of code and carried out experiments on a network
testbed consisting of a Netberg Aurora 710 Tofino switch. The
switch is connected to a single server that uses an Intel (R)
Xeon (R) w7-3465X CPU via Mellanox ConnectX-5 adapters
responsible for generating traffic. We use two CAIDA network
traces from two different dates [24], [32] as the workload. The
first CAIDA trace, collected on March 17, 2016, is referred to
as C1 (the same trace as used in Section II), and the second
trace, collected on January 17, 2019, is referred to as C2.
C2 trace contains approximately 35.7 million IPv4 packets
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Figure 4: Flow size distribution in both CAIDA traces.

and 0.4 million IPv6 packets. Figure 4 shows the flow size
distribution in C1 and C2 traces. We injected the packets of
both traces using FastClick [33] into the switch at 1 Gbps
speed to validate our approach.

In the evaluation, we set the sending reports to the control
plane threshold to 2, as we aim to capture stragglers not only
from large flows but also from small flows that may only
transmit a few packets. To efficiently track the number of
stragglers without excessive memory usage, we employ 65K
16-bit counters in Straggler counter (see Figure 3),
using two hash functions to balance accuracy and space
efficiency. Additionally, the Delay register consists of
65K 32-bit registers to store the previous queueing delay for
each flow. Each bit in the Delay register represents one
nanosecond, allowing us to record queueing delays of up to
232 nanoseconds, or approximately 4.29 seconds, which is
sufficient for capturing even unusually long delays.

Scenario Ingress bandwidth Egress bandwidth

Congested 1 Gbps 0.8 Gbps
Balanced 1 Gbps 1 Gbps

Uncongested 1 Gbps 1.2 Gbps

Table I: Network settings for various scenarios used for the
experiments.

To study the impact of different network load conditions,
we throttle the capacity of the ingress and egress ports of
the switch connected to the server to emulate three distinct
link statuses: congested, balanced, and uncongested. In the
congested scenario, the capacity of the egress port is lower
than the ingress one, creating persistent queue build-ups. For
the balanced scenario, the ingress and egress ports have the
same capacity, while in the uncongested case, the egress port
has higher capacity than the ingress port, allowing packets to
drain more quickly. Table I reports the configuration for these
scenarios.

B. Straggler detection

We evaluate how STRAGFLOW can detect stragglers under
FIFO scheduling with one queue and PIAS scheduling with
eight queues. The demotion thresholds for each PIAS queue
are set in the same way as explained earlier in Section II, i.e.,
we set thresholds of 100, 200, 300, and so forth for queues 1
through 8, respectively.
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Figure 5: The number of detected stragglers on three different
link scenarios when using PIAS and FIFO. a) C1 trace, b) C2
trace.

PIAS and FIFO comparison. To evaluate STRAGFLOW’s
effectiveness in detecting stragglers and assess the impact of
different scheduling mechanisms, we compare the total num-
ber of stragglers detected using PIAS and FIFO. Figures 5a
and Figure 5b present a comparison of stragglers detected in
FIFO and PIAS in three scenarios with C1 trace and C2 trace,
respectively.

The results of Figure 5a show that for all three scenarios
PIAS reports fewer stragglers than FIFO, demonstrating that
prioritizing small flows mitigates queueing delays more ef-
fectively than a FIFO queue. In the congested scenario, both
PIAS and FIFO report a high number of stragglers due to
insufficient egress bandwidth, leading to substantial queue
buildup. However, PIAS scheduling results in 25% fewer
stragglers–indicating that demoting large flows prevents them
from blocking small flows. In the balanced scenario, straggler
counts decrease for PIAS and slightly increase for FIFO, but
the gap between PIAS and FIFO remains 37%. Finally, in
the uncongested setting, the number of stragglers decreases
for both mechanisms, but notable differences remain. FIFO
still registers a substantial number of delayed packets, despite
extra egress port capacity, indicating that queueing delays can
persist even when bandwidth is available. In contrast, PIAS re-
duces ≈ 45% stragglers, demonstrating that prioritizing small
flows remains beneficial even in low-congestion scenarios.

Figure 5b shows the results for the same configuration
using the C2 trace. The number of stragglers in FIFO is
slightly higher in all scenarios compared to C1, as the C2
trace contains more packets. The uncongested setting with C2
shows the highest reduction in stragglers, reaching about 49%.
Straggler detection in PIAS. To analyze how straggler
packets are distributed across different priority queues, we
examine the number of detected stragglers in each PIAS
queue. Since PIAS dynamically demotes flows based on
their size, understanding where stragglers appear within the
queue hierarchy provides valuable insights into which queues
accumulate the most stragglers. Such a condition may indicate
potential misconfiguration or inefficiencies in the scheduling
parameters.

Figure 6 illustrates the number of straggler packets detected
using PIAS in each of eight different queues when replaying
C1 trace. In Figures 6a, 6b, 6c, queue 1 consistently exhibits
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Figure 6: Detected stragglers for congested, balanced, and uncongested scenarios using PIAS (eight priority queues) on C1.
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Figure 7: Detected stragglers for congested, balanced, and uncongested scenarios using PIAS (eight priority queues) on C2.

the highest number of stragglers, reflecting PIAS’s funda-
mental design, where all flows start at the highest priority.
Specifically, queue 1’s threshold is set at 100 packets, meaning
any flow with 100 or fewer packets remains in this queue for
its entire duration. Analyzing the flow size distribution of C1
trace, we found that 100 packets correspond to approximately
the 97th percentile, indicating that nearly 97% of flows never
exceed this threshold. Consequently, queue 1 experiences the
highest potential for queueing delays and straggler events.

Moving beyond the first queue, the number of stragglers
decreases overall, suggesting that fewer flows proceed far
enough to be demoted to subsequent queues. Notably, queues
2 and 3 still see a substantial share of stragglers, indicating
that mid-sized flows cross at least one or two demotion
thresholds, especially under more congested conditions. By
contrast, queues 4 through 8 see gradually fewer stragglers.
Many of these lower-priority queues are sparsely populated,
because only the largest flows (a small fraction in the CAIDA
trace) continue to send enough packets to move down multiple
demotion tiers.

Using the C2 trace with the same configuration, the results
are similar to those obtained with the C1 trace, as shown
in Figure 7. This similarity can be largely attributed to the
comparable flow size distributions present in both traces.
As a result, the behavior of flows under PIAS scheduling,
particularly related to how flows are demoted across queues
and where stragglers appear, follows similar patterns in both
experiments. Therefore, the straggler distribution observed in
the C2 experiment closely mirrors that of C1, highlighting
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Figure 8: Detected stragglers under congested, balanced, and
uncongested link conditions using PIAS with four priority
queues on the C1 trace.

the significant influence of flow size distribution on straggler
behavior under PIAS.
■ Takeaway. These results underscore the importance of

understanding queue-level traffic patterns. If a specific queue
regularly hits congestion, operators can investigate whether
certain flows are being misclassified or whether the scheduling
mechanism needs adjustment.
Effect of different number of queues in PIAS. We next
evaluate the impact of reducing the number of priority queues
in PIAS from eight to four. This experiment aims to under-
stand how the number of queues influences straggler detection
and flow scheduling behavior. With fewer queues, we expect
changes in flow demotion patterns and queueing delay accu-
mulation, potentially altering the number and distribution of
straggler packets.

Figure 8 and Figure 9 report the number of stragglers
detected by PIAS with four priority queues across congested,
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Resource type Match Crossbars Gateway Hash Bits SRAM TCAM Stateful ALUs Logical Table IDs Number of stages

STRAGFLOW 7.29% 8.33% 7.53% 12.92% 0% 0% 16.67% 6

Table II: Resource consumption of STRAGFLOW on Tofino; all values are in percentage except the number of pipeline stages.
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Figure 9: Detected stragglers under congested, balanced, and
uncongested link conditions using PIAS with four priority
queues on the C2 trace.

balanced, and uncongested scenarios using C1 and C2 traces,
respectively. The straggler counts in queue 1 and queue 2
remain similar to those observed with eight queues, suggesting
that most small flows either stay in higher-priority queues or
experience minimal demotion. However, with fewer queues,
flows that would have been more evenly distributed across
lower-priority queues in the eight-queue setup are now con-
centrated into queue 3 and queue 4. As a result, these queues
accumulate a different proportion of delayed packets, altering
the distribution of stragglers.

In Figure 9, compared to the C1 trace, the results exhibit a
similar overall pattern. In the uncongested setting, stragglers
are more evenly distributed across all queues than in the cor-
responding C1 scenario. Noticeably, the number of stragglers
in queue 4 is close to that in queue 1 under this setting–
considering the distribution of the number of packets per flow
in Figure 4. More than 75% of flows have less than 10 packets
in the C2 trace.

C. Data plane resource consumption

Understanding how much resources a solution demands
on real hardware is crucial to evaluate its practicality in
real-world deployments. Table II summarizes the resource
consumption of STRAGFLOW on the Tofino switch, indi-
cating the percentages of match crossbars, gateway logic,
hash bits, and SRAM used. Notably, STRAGFLOW requires
neither TCAM nor stateful ALUs, and occupies 6 out of 12
available pipeline stages. Importantly, this utilization already
includes other functionalities in the ingress pipeline, such as
forwarding and PIAS queueing, rather than just STRAGFLOW
alone. In general, these metrics of resource usage demonstrate
that STRAGFLOW fits comfortably within the Tofino switch
capabilities.

V. RELATED WORK

Network monitoring is crucial for maintaining the perfor-
mance and reliability of modern networks. Various systems
have been developed to provide visibility into network traffic.
Flow monitoring. Flow monitoring is a key functionality
in network management to provide visibility over traffic.

ChameleMon [34] introduced FermaSketch to dynamically
shift measurement attention between packet accumulation and
loss tasks based on the changing network state. MARS [35]
is a low-cost in-band network telemetry [36] approach that
periodically samples packets, employing dynamic thresholds
and frequent sequence mining for self-adaptive anomaly detec-
tion. DynaMap [37] is a hybrid network telemetry system that
uses dynamic query planning to map stateful operators to data
plane registers at runtime according to predicted resource re-
quirements. R-Pingmesh [38] is an end-to-end active probing
system designed for RDMA over Converged Ethernet (RoCE)
network monitoring, actively probing the service network to
measure round trip time and end-host processing delay with
minimal overhead. NetGSR [39] applies a deep learning-based
technique using a generative model and a feedback mechanism
to reconstruct high-fidelity network states from low-resolution
measurements while adaptively adjusting the reporting rate.
OmniMon [40] seeks resource efficiency and full accuracy in
distributed network telemetry by combining packet embed-
ding with out-of-band controller messages for epoch updates.
Dapper [5] is a data plane performance diagnosis tool that
infers TCP bottlenecks by analyzing packets in real time at
the network’s edge. However, existing works do not address
straggler detection. STRAGFLOW fills this gap by enabling
straggler identification directly in programmable switches.
Burst monitoring Burst monitoring aims to detect short-term
spikes in traffic that can lead to congestion and packet loss.
BurstRadar [13] detects queueing microbursts at submicrosec-
ond resolution in programmable data planes by using a ring
buffer to temporarily record telemetry data for affected pack-
ets. SpiderMon [41] also identifies microbursts and uses “wait-
for” relations to pinpoint the primary flow-level contributors to
the queueing delays associated with these bursts by analyzing
contention among flows. NetGSR [39] demonstrates its capa-
bility to detect microbursts in ISP networks by leveraging its
generative model to spot transient anomalies in traffic patterns.
STRAGFLOW complements burst detection by focusing on
identifying stragglers which may result from bursts.
Queue monitoring. In the networking domain, a detailed view
of in-network queues is often key to diagnosing performance
bottlenecks. ConQuest [12] is a data plane measurement
structure that estimates flow sizes in real time and identifies
the flows primarily responsible for queue occupancy. Print-
Queue [14] is a monitoring system designed to track the
provenance of packet-level delays over different timescales.
PrintQueue categorizes the causes of queueing delay as di-
rect, indirect, or original culprits, offering a holistic look
at congestion patterns. Through time windows and a queue
monitor, PrintQueue identifies which flows cause queueing
delay for victim packets, going beyond simpler systems that
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note only the current top contributors. Although ConQuest and
PrintQueue are effective in diagnosing what causes congestion
or high delays, they do not address the detection of victims of
such issues. STRAGFLOW focuses on detecting the stragglers
in flows affected by such issues.

VI. CONCLUSION

We presented STRAGFLOW, a tool for detecting straggler
packets directly in the data plane. Unlike existing flow mon-
itoring solutions that focus primarily on identifying the root
cause of congestion, STRAGFLOW shifts the focus to detecting
the victims of such congestion—straggler packets that suffer
excessive queueing delays. STRAGFLOW operates efficiently
on programmable switches while consuming low hardware
resources. The evaluation results show that STRAGFLOW
effectively identifies stragglers and reveals insights into how
scheduling policies such as PIAS and FIFO impact flow per-
formance. The insights are valuable for network operators to
better understand and manage the effects of flow scheduling,
enabling more informed decisions to mitigate the impact of
the straggler and optimize FCT.
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