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Abstract—Programmable packet scheduling is essential for
supporting diverse Quality-of-Service demands in modern net-
works. The Push-In First-Out (PIFO) queue offers an abstrac-
tion for programmable packet scheduling. However, achieving
a line-rate and scalable implementation remains an open chal-
lenge. Consequently, prior research has explored approximating
PIFO semantics using commodity Strict Priority (SP) queues.
Existing approaches predominantly employ static or heuristic-
based rank-to-queue mappings, which often lead to scheduling
inaccuracies manifested as rank inversions.

In this paper, we present Quiver, a dynamic quantile-assisted
scheduler that continuously adapts to traffic by sampling packet
ranks and computing statistical bounds for strict priority
queues, minimising rank inversions at line rate.

We evaluate Quiver using the NetBench simulator across
diverse traffic distributions. Results show that its quantile-
based design closely matches the performance of the optimal
static Gradient-based algorithm while significantly reducing
rank inversions. Furthermore, Quiver drops fewer packets of
high-priority flows compared to existing designs and achieves
Flow Completion Times (FCTs) comparable to an ideal PIFO.

Index Terms—Quantile scheduling, PIFO approximation,
programmable packet scheduling, Flow completion time (FCT),
Dynamic queue adaptation, Rank inversion.

I. INTRODUCTION

The rapid growth of diverse network services—from
massive-scale data centre transfers to ultra-low-latency real-
time applications—places stringent Quality of Service (QoS)
demands on modern network infrastructures [5], [12]. Net-
work programmability is a key enabler for addressing
application-specific requirements. Therefore, to introduce
programmability, modern networks have increasingly adopted
Software-Defined Networking (SDN) [14], which decouples
the control plane from the data forwarding plane, enabling
centralised control and fine-grained programmability. This
architectural evolution is driving a shift away from expensive,
proprietary, fixed-function hardware toward open, commodity
programmable switches, typically programmed using high-
level languages such as P4 [6], [8]. While early deployments
of programmable hardware focused primarily on data centre
environments, recent research and deployment trends high-
light its growing importance in broader contexts, including
5G wireless-wireline convergence [8]. By enabling flexible
traffic management and scheduling policies, this shift toward
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programmable networks provides the agility needed to meet
diverse QoS objectives efficiently.

Packet scheduling is a crucial network function that en-
sures QoS requirements are met by controlling the exact
transmission order of packets within the network data plane.
The choice of scheduling algorithm directly dictates key
performance metrics such as Flow Completion Time (FCT),
tail latency, fairness, and overall throughput [5], [7]. How-
ever, traditional hardware switches support only a limited
set of fixed scheduling algorithms, such as Strict Priority
(SP) [2], [5], Deficit Round Robin (DRR) [17] etc. This
hardware rigidity severely restricts the network’s ability to
adapt to dynamic traffic distributions and evolving application
demands [19].

Over the recent years, in highly programmable data planes,
enabling the definition and deployment of custom, expressive
packet scheduling algorithms has gained interest due to its
critical significance in meeting QoS requirements. The Push-
In First-Out (PIFO) queue [19] introduced the key abstraction
model that enables the scheduler’s programmability. PIFO
abstracts scheduling into a two-step process: assigning a
scalar rank to a packet upon arrival, and inserting the packet
into a sorted priority queue based on that rank. While PIFO
enables the deployment of a broad spectrum of scheduling
strategies [2], [10], [13], [15], [16], [18], [20], realizing a
perfect PIFO queue at line rates and large flow scales imposes
formidable hardware constraints. Maintaining a perfectly
sorted data structure at line rate demands complex hardware
logic, fundamentally limiting the capacity of exact-PIFO
implementations to merely a few thousand flows on modern
switch ASICs [9].

To overcome these hardware implementation challenges,
recent research has focused on approximating PIFO be-
haviour using the limited hardware primitives natively avail-
able on commodity switches. This is typically achieved using
either multiple Strict Priority (SP) queues [2], [3] or a single
FIFO queue [20]. A critical challenge in SP-based approx-
imation is accurately mapping a large, continuous space
of packet ranks onto a small number of discrete hardware
strict priority queues. Inaccurate or static mapping strategies
inevitably cause scheduling errors known as rank inversions —
lower-priority (higher-rank) packets are assigned to a higher-
priority queue and transmitted before higher-priority (lower-
rank) packets [2], [3]. Such inversions severely violate the
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Fig. 1: Proposed Quiver architecture.

intended scheduling policy and degrade the performance of
the application.

The SP-PIFO framework [2] identified the challenge of
mapping PIFO behaviour to limited hardware and proposed
a gradient-based “Greedy” algorithm to compute optimal
static queue boundaries. While effective offline, it cannot
operate in real time, and its hardware heuristic struggles to
maintain optimal performance under bursty, dynamic traffic.
Consequently, a critical research question remains:

How can we dynamically and deterministically map arbi-
trary packet-rank distributions to SP queues at runtime to
minimise rank inversions and achieve near-optimal perfor-
mance?

In this paper, we introduce Quiver, a programmable packet
scheduling architecture that accurately approximates PIFO
behaviour using standard SP queues without relying on
reactive heuristics or offline computations. Quiver achieves
this through an Adaptive Quantile Estimator (AQE) that
continuously samples incoming packet ranks into an internal
buffer. This buffer forms an empirical representation of
the short-term network traffic. By dividing this sampled
distribution into N segments, Quiver periodically computes
deterministic, quantile-based queue boundaries that evenly
partition the observed rank space across the N available
SP queues. By dynamically and proactively updating these
bounds, Quiver effectively lowers the rank inversions and
closely matches the theoretical upper-limit performance of
optimal static partitioning. The contributions of this paper
are as follows:

o The Quiver scheduler design, detailing its rank sam-
pling, quantile-based queue bounds computation, and
dynamic update mechanisms.

e A comprehensive implementation and evaluation of
Quiver using the Netbench simulator, demonstrating its
effectiveness in approximating ideal PIFO performance
through an extensive simulation study.

The remainder of the paper is organized as follows. Section
II details the Quiver architecture, and in Sections III and VI,
we present the micro-architectural analysis and macro-level
evaluation. Lastly, Section VIII concludes the work.

II. SYSTEM OVERVIEW

In this section, we describe the design and operational
mechanism of our proposed Quiver packet scheduler.

A. System Design

The Quiver design consists of: 1) a programmable Rank
Computation Module, 2) a fixed logic Adaptive Quantile
Estimator, and 3) a bank of Priority Queues, as shown in
Fig. 1.

1) Rank Computation Module: The Rank Computation
Module operates on a per-packet basis, invoking a pro-
grammable scheduling function, similar to the PIFO’s trans-
action mechanism [19], to ascertain a packet’s rank. This
rank is calculated using predefined scheduling algorithms and
packet ranking strategies such as Start-Time Fair Queuing
(STFQ) [11], Shortest Remaining Processing Time (SRPT)
[5], Deficit Round Robin (DRR) [17]. The computed rank
fundamentally determines the packet’s scheduling priority
and, consequently, its placement within the queuing archi-
tecture.

2) Adaptive Quantile Estimator (AQE): The AQE com-
prises two integrated components. First, the Quantile Compu-
tation and Bound Update (QCBU) module utilises a sampling
buffer of capacity k. This buffer temporarily stores incoming
packet ranks in non-decreasing order to construct a sample
population, which estimates the statistical distribution of the
traffic. Although this buffer stores ranks in sorted order, it
does not pose significant implementation challenges because
the value of k is fixed and relatively small. The module
leverages this estimation to dynamically calculate queue
boundaries. These boundaries subsequently serve as strict
rank thresholds (bounds) that govern packet admission into
the respective priority queues. Second, a Buffer Aggregator
synthesises the most recent rank distribution data, updating
the primary sampling buffer with the newly aggregated
values. The operational details of the AQE are elaborated
in Section II-B.

3) Priority Queues: The Quiver system employs a set of
parallel priority queues, each corresponding to a specific rank
interval defined by the bounds produced by the Quantile
Computation Module. Upon arrival, a packet’s computed
rank is compared against these bounds to determine the
appropriate queue. Packets are then enqueued accordingly



and later dequeued for transmission under a strict-priority
scheduling discipline, which services higher-priority queues
first.

B. System Working

This section details the operational mechanics of the
Quiver scheduler. The workflow of Quiver is partitioned
into three primary phases: (1) packet enqueue, (2) queue
bound computation, and (3) buffer aggregation. The en-
queue process maps incoming packets to the appropriate
priority queues using the current rank boundaries. Con-
currently, the bound computation mechanism periodically
refines these boundaries based on observed traffic patterns,
enabling dynamic adaptation of the rank-to-queue mapping.
Finally, buffer aggregation compresses the historical rank
data, updating the buffer with a statistical summary of the
recent traffic distribution.

1) Packet Enqueue: Upon arrival, the Rank Computation
Module assigns a rank to each packet based on the configured
scheduling algorithm. This rank is simultaneously forwarded
to the AQE module for queue selection and stored in its
internal sampling buffer for future distribution estimation. It
is crucial to emphasise that the sampling buffer stores only
the rank values of the packets.

Within the AQE module, a packet’s target queue is de-
termined by comparing its computed rank r against the
active set of queue bounds ¢ = {|qo], |q1],---, lan—1]}s
where |¢;| denotes the rank threshold for queue . The
comparison proceeds sequentially from the lowest-priority
queue (associated with gy_1) toward the highest-priority
queue (qo). The packet is assigned to the highest-index queue
i for which the condition r > ¢; holds. If the rank r is
strictly lower than all current queue bounds, the packet is
automatically assigned to queue 0, representing the highest
priority.

For example, consider the illustration in Fig 1 with queue

bounds ¢ = {|q0] = 1,|q1] = 3, for N
queues, and an arrival sequence of

processed from right to left. A packet Wlth rank r= ﬁrst
evaluates queue 2; since r > | g2 | is false, it evaluates queue
1, which also fails. The condition finally holds for queue O,
where the packet is successfully enqueued. Subsequently, a
packet with rank r = fails the condition for queue 2
but satisfies r > | ¢ |, resulting in its placement in queue 1.
This deterministic comparison logic applies to all incoming
packets.

2) Quantile computation and Bound update: The AQE
module forms the adaptive core of the Quiver scheduler,
continuously aligning the queue thresholds with the empirical
rank distribution of the incoming traffic. This adaptation op-
erates in two distinct stages: (7)) quantile computation, where
new statistical rank thresholds are derived from the sampled
population, and (ii) bound update, where these thresholds
are applied to redefine the operational queue bounds for the
subsequent scheduling interval.

Quantile Computation. This process is triggered when
the sampling buffer B reaches its capacity k. The AQE
maintains this buffer in a strictly sorted order, ensuring
that B[0] corresponds to the smallest rank (highest priority)
and B[k — 1] to the largest rank (lowest priority). Upon
reaching capacity, the buffer represents a short-term empirical
distribution of the network traffic.

From this ordered array, the module isolates N quantiles
corresponding to the N priority queues. For a given queue
index ¢ € {0,1,..., N — 1}, the exact index position within
the buffer is calculated as:

ok
]i—\‘N'ZJ (D)

The rank value located at position j; in the sorted buffer
defines the empirical quantile value:

lgi] = Blji] (2)

The resulting set {|qo],|¢1],--.,|gn—1]} forms a non-
decreasing sequence of rank thresholds that accurately parti-
tion the observed rank space into N distinct intervals.

Bound Update. Once the new quantiles |¢;| are com-
puted, they are immediately adopted as the active queue
boundaries. Consequently, each queue ¢ is bound by the rank
interval [|g;], |gi+1]), where lower indices represent higher
transmission priorities. This update mechanism atomically re-
places the previous bounds to ensure consistent, uninterrupted
packet classification during the transition.

3) Buffer Aggregation: Simply flushing the sampling
buffer after a bound computation cycle would erase all
historical traffic context, potentially causing severe bound
oscillation under highly bursty traffic conditions. To preserve
this context, Quiver compresses the k sorted samples into a
concise historical summary.

The sampling buffer B is logically partitioned into N
segments corresponding to the rank intervals of the priority
queues. For each queue index ¢ € {0,1,...,N — 1}, the
corresponding segment spans the buffer indices from j; to
Ji+1 — 1 (where jn = k). The AQE computes the arithmetic
mean of the rank values within each segment to generate a
representative summary state:

Jit1—1
1
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Fig. 2: Bound update mechanism (N = 2,k = 8)
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Fig. 3: Alternative distributions: Inversion

These IV aggregated values are retained at the front of the
buffer (B[0... N — 1)), while the remaining k¥ — N slots are
cleared to accept the next cycle of incoming packet ranks.
This aggregation guarantees that each new estimation cycle is
initialized with the statistical weight of the previous interval,
effectively dampening volatile bound fluctuations.

Fig. 2 illustrates this complete update cycle for an archi-
tecture with N = 2 priority queues and a sampling buffer
capacity of k = 8. Assummithe buffer receives the rank

sequence { . . . . . .} the sorted state of

the sampling buffer becomes:

B ={}[1}[2}[2][3][3][4}[5]}

The quantile positions are calculated as jo = [3 0] = 0
and j; = |5 1] = 4, yielding the new boundaries |qo| =
B[0] = 1 and |¢1] = BJ[4] = 3. These updated bounds
dynamically bisect the rank space.

During the subsequent buffer aggregation phase, the buffer
is divided into two segments: B[0...3] and B[4. The
arithmetic mean of the first segment {, , . }
evaluates to |6/4] = 2. The second segment {

} averages to |15/4] = 4. The buffer is then compacted to
contain only the historical summary I:l , leaving 6 empty
slots for the next sampling cycle.

4)

III. SYSTEM ANALYSIS

This section presents a switch-level simulation study of
Quiver, comparing its performance against the ideal PIFO,
FIFO, SP-PIFO, and the optimal Greedy algorithm to char-
acterize its operational effectiveness.

A. Experimental Setup

The analysis employs NetBench [1], a packet-level simu-
lator. The setup consists of a single switch with 1500 flows,
each transmitting 1 MB of data over one second. The data
is sent through a 10 Gbps link operating at 75% utilization.
The systems with strict-priority schedulers (Quiver, SPPIFO)
use 8 queues with 10-packet capacity each, while the FIFO
baseline is allocated an 80-packet buffer for fairness.

To determine the optimal architectural configuration,
we first evaluate Quiver’s sampling buffer capacity under
a uniform rank distribution across varying sizes (k €

{16, 32,64, 128,256}). Following this, the system’s perfor-
mance is evaluated across Poisson, Convex, Exponential, and
Inverse Exponential packet rank distributions. The primary
metric is the number of rank inversions, recorded whenever a
dequeued packet has a higher rank than any packet remaining
in the queues.

B. Analysis of rank inversions

Fig. 3 presents the number of rank inversions observed
under each rank distribution. In all cases, Quiver closely fol-
lows the Greedy algorithm, showing its ability to approximate
ideal rank-to-queue mapping without iterative optimization.
SP-PIFO performs well but shows slightly higher inversions,
especially under non-uniform traffic. FIFO, lacking rank
awareness, produces the most inversions and serves as a lower
performance bound.

Quiver maintains a consistently low inversion rate across
all traffic patterns. Its quantile-driven adaptation accurately
captures rank variations and adjusts queue bounds in real
time. By using statistical sampling instead of heuristic tun-
ing, Quiver preserves stable queue partitioning even under
dynamic traffic conditions. These results confirm that Quiver
effectively infers the underlying rank distribution and up-
dates queue thresholds dynamically, achieving near-optimal
scheduling performance comparable to the Greedy algorithm
(the theoretical upper limit).

IV. EVALUATION

This section presents the packet-level simulation conducted
to assess the performance of Quiver. The obtained results
are compared against existing state-of-the-art approaches to
highlight its end-to-end effectiveness.

A. Methodology

We simulated a large-scale data center network adopting
a leaf—spine topology using NetBench, a packet-level simu-
lator [1]. The topology comprises 4 spine switches, 9 leaf
switches, and 144 servers, with each leaf switch connected
to 16 servers. The interconnections between leaf and spine
switches operate at 40 Gbps, while the server access links
are configured at 10 Gbps. The simulation uses the pFabric
web application and data mining workload [5] with Poisson-
distributed flow arrivals to measure Flow Completion Time
(FCT). For SP-PIFO and Quiver, we configured 8 priority
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queues, each with a 10-packet capacity, whereas for PIFO,
TCP, and DCTCP, a single FIFO drop-tail queue of 80-packet
capacity was used.

B. Impact of Buffer Size on FCT

We evaluate the influence of Quiver’s sampling buffer ca-
pacity (k € {16, 32, 64,128, 256}) on the average normalized
FCT using the data-mining workload. As shown in Fig. 4a,
average FCT predictably scales with network load due to
base congestion. However, the optimal buffer size depends
heavily on this load. Under lighter traffic, smaller capacities
yield a slight performance advantage; their rapid adaptation
to transient traffic shifts outweighs the statistical maturity of
larger buffers, which update too slowly when packet arrivals
are infrequent.

As network load increases, this performance gap closes.
Under sustained congestion, the high density of arriving
packets allows larger buffers to form highly stable rank

estimates, achieving comparable FCTs. This reveals a fun-
damental architectural trade-off: constrained buffers optimize
for temporal responsiveness, whereas larger buffers prioritize
statistical precision.

C. Packet drop

We analyze packet drop behavior under the web search
workload with 15,000 flows using pFabric’s SRPT schedul-
ing, as shown in Fig. 4c. Both Quiver and SP-PIFO success-
fully prioritize small flows, protecting them from tail drops.
However, Quiver demonstrates a clear structural advantage,
incurring significantly fewer drops than SP-PIFO across the
20 KB to 1 MB flow sizes. As illustrated in Fig. 4b, this range
constitutes a massive fraction of the total workload. This
superior drop protection at the application level correlates
directly with Quiver’s ability to minimize hardware-level
rank inversions, ensuring high-priority packets are serviced
promptly before their designated queues overflow.



D. Flow completion time

We used pFabric, which assigns packet priorities according
to the Shortest Remaining Processing Time (SRPT) rule, to
measure flow completion times. For comparison, we included
SP-PIFO, the ideal PIFO, and transport protocols such as
TCP and DCTCP [4]. Figures 5 and 6 present the mean
and 99" percentile flow completion times (FCTs) for short
(<100KB) and large (>1MB) flows under the data mining
and web search workloads, respectively.

1) Data Mining Workload: Under the data mining work-
load, Quiver shows near-PIFO performance for both short and
large flows. For short flows (<100KB), it closely follows
SP-PIFO while completing flows about 11x faster than
TCP and 2x faster than DCTCP. Mean and 99" percentile
FCTs remain low across all loads, demonstrating effective
adaptation to varying traffic. For large flows (>1 MB), Quiver
performs slightly better than SP-PIFO, achieving up to 6%
lower mean FCT and staying within 4% of PIFO. Overall,
Quiver provides a closer approximation of PIFO.

2) Web Search Workload: Quiver maintains performance
close to PIFO across all load levels. For short flows
(<100KB), it achieves FCT comparable to SP-PIFO while
outperforming TCP and DCTCP with 16x and 4.5x respec-
tively. The mean FCT remains within 15 — 25% of PIFO
and narrows further at higher loads, with Quiver occasionally
surpassing SP-PIFO by about 7%. For large flows (>1MB),
Quiver sustains throughput comparable to PIFO and SP-
PIFO, achieving up to 8 —10% lower mean FCT and roughly
2x faster completion than TCP and DCTCP. These results
demonstrate that Quiver provides near-PIFO flow completion
performance.

CONCLUSION

This paper presented Quiver, a quantile-based pro-
grammable packet scheduler that approximates Push-In First-
Out (PIFO) behavior using standard Strict-Priority (SP)
queues. Quiver dynamically samples incoming packet ranks
and employs statistical quantile estimation to compute adap-
tive queue bounds, enabling near-optimal rank-to-queue map-
ping. Extensive evaluations demonstrated that Quiver closely
approximates the performance of the optimal Greedy al-
gorithm across diverse traffic distributions, significantly re-
ducing rank inversions compared to SP-PIFO. In end-to-
end network simulations, Quiver achieved near-PIFO Flow
Completion Time (FCT) performance while providing lower
packet drops, particularly for latency-sensitive short flows.
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