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Abstract
Remote Direct Memory Access (RDMA) is increasingly used as a

shared communication substrate across datacenter workloads with

very different scheduling needs, from request-response services and

storage fan-out to AI training collectives. Proper request scheduling

can reduce communication time, but in practice, no RDMA flow

scheduling is enabled in datacenters, leaving traffic to simple fair

sharing. We present STORM, a NIC-level scheduler for all types of

RDMA workloads using NIC-only information: the known RDMA

request size, and per-queue-pair backlog. STORM converts these

signals into a small number of extra priority levels on the wire

and prioritizes requests that are either near completion or blocking

queued dependent work. STORM requires no application hints and

works with both in-order RoCEv2 and newer RDMA stacks that

tolerate reordering. We prototype STORM on an FPGA NIC with

negligible overhead. Across representative cloud and LLM training

workloads, STORM reduces training iteration time by up to 12%

and reduces average and P99 flow completion slowdown by up to

90% compared to fair scheduling.
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1 Introduction
Remote Direct Memory Access (RDMA) has become a default

building block for datacenter communication because it delivers
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Figure 1: RDMA workload spectrum and the resulting sched-
uling objective.

microsecond-scale latency and high throughput while largely re-

moving the CPU from the fast path. It supports not only traditional

high-performance computing (HPC) workloads [6, 57, 64], but also

production services at scale, including key-value systems [24, 28,

52, 63], cloud storage [4], and distributed AI training [15, 19, 23, 48].

This shift matters because deployments increasingly standardize

on the same RDMA NICs (RNICs) and accelerators across clusters.

The RDMA fabric is therefore expected to deliver consistently high

performance across distinct application traffic patterns.

This expectation makes RDMA request scheduling a first-order

problem. RDMA application performance is strongly affected by

how requests are scheduled into limited network resources. Once

the host posts work requests, the RDMA Network Interface Card

(RNIC) decides when packets are emitted and which priority class

they are tagged with, and the fabric resolves contention accordingly.

As a result, changing this arbitration and tagging policy can directly

change requests’ queueing delay in NIC and network. With an

appropriate scheduling policy that matches workload urgency, the

RNIC can reduce queueing delay under contention and improve

application performance. However, in production, a service is often

allocated a single priority class, and all traffic within that class is left
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to naive arbitration that approximates fair sharing. This default is

attractive operationally for its simplicity, but it leaves little room to

differentiate urgency within the service. If a service can be allocated

more than one priority level, it becomes possible to prioritize its

own traffic under contention instead of relying on fair sharing.

Doing so requires a clear definition of urgency: when multiple

RDMA requests contend for the same links and queues, which ones

should be served first?

The right definition for urgency is workload-dependent as RDMA

workloads span a spectrum of dependency structures that directly

change what the network should prioritize, as illustrated in Figure 1.

At the low-dependency end are request-response services such as

key-value databases, where operations are largely independent and

performance is defined by per-operation latency. Storage sits in the

middle: a single I/O expands into multiple rounds of coordination

and data movement, with small control messages orchestrating sub-

sequent transfers and completions; Azure’s disaggregated storage

stack exemplifies this structure, where frontend requests trigger

coordinated transfers tomultiple storage nodes and replica acknowl-

edgments before completion [4]. At the high-dependency end is AI

training, where communication is staged by an explicit dependency

graph and iteration time is dictated by stragglers rather than av-

erage per-message completion. A practical RDMA scheduler must

therefore support the whole spectrum of workloads.

Existing work does not provide this capability. Classic datacenter

schedulers largely target TCP/IP and approximate size-aware order-

ing, often as an approximation of Shortest-Remaining-Processing-

Time (SRPT) scheduling, inferring size signals from attained service,

bytes sent, sampling, or aging [5, 8, 29, 59]. Even with perfect size

knowledge like pHost [16] and Homa [37], they do not capture

whether the head-of-line (HoL) work is blocking additional queued

work, which is exactly what matters under dependency-driven

workloads. For collective-heavy AI training, most techniques in-

stead reshape the workload above the network by changing par-

allelization patterns or interleaving different jobs [7, 23, 38, 39, 43,

44, 48, 53]. Coflow schedulers similarly operate above the transport

and exploit framework-visible structure to schedule communica-

tion [11–13, 27, 41, 60, 66]. These methods treat the network fabric

as best effort once communication is issued, leaving the key remain-

ing lever unchanged: the RNIC and fabric still arbitrate contending

RDMA requests using naive fair scheduling.

To address this gap, we propose STORM, a NIC-resident RDMA

request scheduler that turns RNIC-visible metadata into an enforce-

able notion of urgency. RDMA exposes two signals at exactly the

point where arbitration is enforced: each work request (WR) has an

explicit length, andWRs queue inside the RNIC on a per-queue-pair

(per-QP) basis. STORM leverages these signals, exact request size

and per-QP backlog, and assigns priorities directly at the point

where packets are arbitrated, without prediction, approximation,

or application annotations.

The mechanism starts from a principled baseline: SRPT is the

canonical policy for minimizing flow completion time (FCT) in

systems with variable transfer sizes. Prioritizing smaller remaining

transfers is well known to reduce queueing under bursty contention

and improves both mean and tail completion time [1, 3, 5, 8, 16, 20,

29, 32, 37, 42, 65]. Its limitation is equally well understood: SRPT

optimizes per-transfer completion and is agnostic to higher-level

dependency structure. In dependency-heavy executions, a transfer

that is small or near completion is not necessarily the one that

unblocks global progress; worse, aggressively prioritizing them

can repeatedly preempt the transfers that lie on the critical path,

increasing completion time even if many individual transfers finish

quickly.

STORM resolves this mismatch by augmenting size-based ur-

gency with backlog-based urgency. A deeper QP backlog indicates

that the head-of-line request is gating more ready work behind it, so

accelerating it can unlock a larger amount of pending progress un-

der contention. This converts prioritization from “finish the small-

est” to “finish the request that blocks the most queued work,” which

is the right primitive for dependency chains. Operationally, STORM

combines remaining size and backlog andmaps requests into a small

number of priority classes. It groups fragmented WR postings so

that both remaining size and backlog reflect logical transactions
rather than artifacts of how libraries slice a transfer.

In summary, this paper makes the following contributions:

• We identify RDMA-specific signals: request size and QP backlog

size, which enable practical, NIC-friendly scheduling without

application changes. (§2)

• We present STORM, to the best of our knowledge, the first NIC-

resident RDMA traffic scheduler. STORM is deployable using

existing priority primitives and is transport-agnostic, supporting

both in-order RoCEv2 and reordering-tolerant RDMA stacks. (§3)

• We build an FPGA prototype of STORM and demonstrate that it

incurs minimal hardware overhead and no throughput penalty

on the fast path. (§4)

• We evaluate STORM end-to-end both in large-scale simulation

and on a small testbed, showing reduced average and tail comple-

tion times for cloud workloads and faster LLM training iterations.

(§5)

2 Background and Motivation
2.1 Scheduling gap in RDMA
Commodity RDMA deployments expose a small set of discrete

network priorities (e.g., via PCP or DSCP), but operators typically

reserve them for coarse service separation. Within a single service

or job, traffic is therefore commonly left to simple, naive scheduling

that approximates fair sharing across active QPs. This is often

a poor fit for RDMA. Contention is ultimately resolved by the

priority decisions made at the RNIC and enforced by fabric queues,

and RDMA exposes native, RNIC-visible signals that make finer-

grained scheduling both feasible and enforceable within an existing

priority budget. We illustrate this gap using three minimal scenarios

spanning representative RDMA workloads.

Scenario 1, independent cloud requests: size alone is de-
cisive. Consider a random-arrival cloud setting where requests

are largely independent and completion time is dominated by per-

request latency. If a small transfer overlaps with a large transfer at

a bottleneck and both are served by naive fair sharing, the small

transfer can easily see a 2× completion-time inflation, while the

large transfer gains essentially nothing. This is the classic ratio-

nale behind SRPT-like scheduling: prioritizing the smaller request

reduces mean and tail completion time because it drains quickly,

frees capacity, and does not materially delay the large transfer. In
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Figure 2: Storage fan-out/join at a shared bottleneck: size-
only prioritization fails under RDMA QP head-of-line block-
ing at the gatekeeper (S2), while backlog-aware unblock-first
scheduling drains the blocking WR and accelerates comple-
tion of the dependent reply.

this regime, the only information needed is remaining size, and

RDMA provides it exactly at the point of arbitration via explicit

WR lengths.

Scenario 2, storage workloads: size is insufficient, blocking
dominates. Storage I/O commonly follows a fan-out then join

pattern: a client operation triggers multiple backend responses,

and completion is gated by the last missing fragment rather than

by average throughput. Figure 2 illustrates a minimal instance

with five backend servers S0-S4 replying to the same client across

a shared bottleneck link. Two client operations overlap, where

R0 requires replies from S0, S1, S2 and R1 requires replies from

S2, S3, S4. Server S2 is the gatekeeper because it must send both

replies, so its QP contains [R0, R1]. Under RDMA QP semantics,

S2 cannot transmit the R1 reply until the head-of-line R0 reply is

drained, even if R1 is smaller. As a result, size-aware scheduling

achieves essentially the same R1 completion as naive fair sharing

across servers in this instance: both policies are bottlenecked by

the same head-of-line constraint at S2, so prioritizing short replies

elsewhere cannot deliver the missing R1 fragment any earlier as

the network spends service on non-gating traffic. A backlog-aware

policy resolves this by prioritizing the gatekeeper’s head-of-line

reply first, draining the only QP with backlog, and then allowing

the short R1 reply to proceed. This “unblock-first” behavior targets

the true critical path in lightly dependent storage pipelines, without

requiring application hints or global coordination.

Scenario 3, collectives: backlog reveals the critical-path
straggler. Figure 3 shows how a transient imbalance in a collective

propagates across iterations when different steps overlap in the

network. One rank is slowed (e.g., by asymmetric compute, GPU

load, or link bandwidth) ( 1○), creating a bubble before the next

communication step. When faster ranks advance, traffic from a

later step overlaps with the straggling traffic from an earlier step

at shared bottlenecks, so an earlier-step transfer on the critical

path contends with later-step communication ( 2○). Under naive

scheduling, the bottleneck allocates bandwidth without regard to

step urgency, so the straggler receives only its fair share rather

than the extra share needed to catch up, and the bubble persists

with 𝑡2 ≈ 𝑡1 ( 3○). An omniscient solution would tag each message
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Figure 3: Ring-based collective: a straggling step creates
a bubble ( 1○) that propagates under cross-step contention
(𝑡2 ≈ 𝑡1, 2○– 3○); backlog accumulation promotes the head-of-
line earlier-step WR ( 4○), shrinking the bubble (𝑡 ′

2
< 𝑡2) and

speeding up the collective ( 5○).

with its step index and prioritize earlier steps, but this requires

upper-layer coordination and a global mapping of potentially un-

limited steps into a handful of priority classes. Backlog provides

an implementable alternative. Once later-step work becomes ready

while the rank is still sending an earlier step, the corresponding

WRs queue behind the head-of-line WR in the same QP, increasing

backlog. STORM treats this backlog as a local critical-path signal

and promotes the head-of-line earlier-step WR ( 4○), allowing it to

cut ahead of later-step traffic at the bottleneck. This targeted boost

lets the straggler drain the earlier step faster and shrink the bubble

from 𝑡2 to 𝑡
′
2
( 5○), improving collective completion time without

step tags or global scheduling state.

2.2 RNIC-observable scheduling signals
RDMA exposes the two scheduling signals STORM relies on as

first-class RNIC metadata: exact message size and per-QP backlog.

Message size is explicit at posting time because every send work

request specifies its payload through a scatter-gather list whose

entries carry an explicit byte length (e.g., ibv_sge.length), and
one-sided READ/WRITE similarly specify the transfer length as part

of the posted request [40, 50]. Two-sided SEND/RECV preserves

the same property: the sender declares the message length when

posting, and the receiver posts receive buffers with explicit bounds,

so the RNIC can track remaining bytes directly from posted lengths

and observed progress without any size inference [40, 50].

Backlog is equally explicit because RDMA work submission is

mediated by doorbells and drained by completions. Applications

enqueue WQEs in the QP work queue and ring a doorbell that

advances the producer state visible to the RNIC; the RNIC then

fetches and executes queued WQEs asynchronously and reports

completion via CQEs, making outstanding work a well-defined

queueing quantity at the RNIC boundary [40]. Doorbells are im-

plemented as lightweight MMIO notifications and are a known

RNIC-side resource, which makes them a natural low-latency event

hook for tracking queue depth without relying on packet-level

observation [45].

The only subtlety is that application libraries may fragment one

logical transfer into many WQEs, which would artificially inflate
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backlog size and deflate sizes if treated naively. STORM therefore

defines backlog over logical transactions rather than rawWQEs, and

later introduces a lightweight grouping mechanism to recover this

logical unit so that size and backlog retain their intended scheduling

semantics (§3.5).

2.3 Commodity RDMA constraints
Commodity RoCE deployments impose a tight coupling between

what can be measured and what can be enforced: RNICs expose
rich, continuous RDMA-native signals (e.g., WR sizes and per-QP

backlog), yet the fabric typically offers only a small number of dis-

crete priority classes (e.g., the eight 802.1Q PCP values) that map

to switch egress queues and RNIC priority tagging. This section

summarizes the resulting deployment model and the core design

constraints it induces for any practical size-/urgency-aware sched-

uler.

Limited, discrete priorities are the only ubiquitous sched-
uling primitive. In production networks, the priority budget is typ-
ically already consumed by coarse service-level QoS using standard

policies such as strict priority and weighted round-robin (WRR);

common switches support combining them, for example, one strict-

priority queue for latency-critical traffic, with WRR among the rest.

A deployable mechanism therefore cannot assume control over all

priorities, and must coexist with the existing QoS policy rather

than replace it. As a result, the most viable design point is a mini-

mal refinement that consumes only one or two additional priority

levels, effectively splitting an existing class into a small number of

priorities while preserving the original QoS policy.

Scheduling must run at datapath timescales, hence it must
be RNIC-resident and hardware-friendly. At 100Gbps and be-

yond, packet timescales are sub-microsecond; for example, a RoCE

packet takes at most ≈360 ns on the wire (4000B at 100Gbps), and

host-side/PCIe interactions are also on the order of hundreds of

nanoseconds to microseconds [21]. This rules out closed-loop de-

signs that repeatedly export fine-grained state to software and feed

back per-packet decisions. Scheduling must be enforced where

packets are emitted and queued: in the RNIC datapath and via the

fabric’s discrete priority queues. This constraint is not academic:

commodity RNICs already implement latency-critical control loops

such as DCQCN [68] and HPCC [30] in hardware, and Google [56]

demonstrates that hardware NIC-resident mechanisms are the only

reliable way to sustain high operation rate while controlling tail

latency. Conversely, switch-side schedulers are limited by pipeline

and queueing primitives in merchant silicon [9, 51, 54]. As a result,

deployable scheduling logic must be simple and bounded, relying

on operations such as lightweight grouping, counters, and compar-

isons that can be implemented at line rate.

Sender-local immediacy versus receiver-global visibility.
Where decisions are made determines what information is available

in time to matter. A sender has immediate access to its own exact

WR sizes and per-QP backlog, and can tag packets with a priority

with zero feedback delay; however, it cannot see competing senders

converging on the same receiver or downstream bottleneck. This

limitation is visible in incast: each sender may have only one ready

request in its local queue, so no sender can tell that its request is

part of a larger fan-in event. If all senders independently transmit

based on this local view, the receiver-facing link and queues can

become the bottleneck. A receiver, in contrast, can observe the

aggregate fan-in after traffic arrives and coordinate which senders

may continue transmitting. This visibility comes with at least one

RTT of feedback delay, which is significant at RDMA’s high data

rates. Consequently, receiver coordination is naturally suited for

RTT-scale arbitration under aggregate contention, while sub-RTT

scheduling for short transfers must rely on sender-local signals. We

later validate this distinction with STORM-soft, a software-only

variant that performs sender-local priority marking at WR posting

time but removes receiver-side active-set control (§5).

Ordering and loss semantics vary across fabrics, but priority-
based scheduling should not. RDMA traditionally requires in-

order, lossless packet delivery, but modern stacks increasingly tol-

erate packet reordering and drops. Practically, RDMA fabrics span

both lossless configurations (e.g., RoCEv2 with PFC) and lossy con-

figurations enabled by transports that reduce sensitivity to loss and

reordering, including IRN and selective-repeat variants, as well as

redesigned hardware transports such as 1RMA, SRD, Falcon, and

UEC [33, 36, 49, 55, 56, 62]. STORM is intentionally orthogonal to

this diversity: it operates by assigning priorities (compatible with

existing RNIC tagging and switch egress queues), and it does not

assume or modify a particular reliability, loss, or congestion-control

mechanism.

3 Design
3.1 Overview
STORM schedules RDMA messages by mapping an urgency sig-

nal into a small number of network priority classes. The urgency

signal is derived from two RDMA-native inputs: remaining mes-

sage size (for SRPT-style efficiency) and per-QP backlog depth (for

blocking-aware criticality). STORM is designed to operate under a

constrained priority budget: the default configuration uses three

priorities (P1–P3) (lower index denotes higher priority), it remains

functional with two, and it can be extended by allocating additional

levels when spare priorities exist.

STORM enforces this urgency using a two-phase transmission

rule with receiver-coordinated active sets for long messages. If

a message fits within one BDP (sub-BDP), the sender transmits

it entirely at P1. If a message exceeds one BDP (super-BDP), the

sender transmits the first BDP immediately, using P2 when the

QP has positive backlog and P3 otherwise. Beyond the first BDP,

the receiver advances a coarse sliding window and keeps at most

two super-BDP QPs (that is, QPs with HoL WR size exceeding

BDP) active at any time, one in P2 and one in P3; within each slot,

it selects the most urgent QP by prioritizing deeper backlog and

breaking ties by smaller remaining size. This receiver control is

coarse-grained eligibility, not per-packet pacing.

3.2 Sender-side scheduling
Priority primitives. STORM assumes a small priority range within an

existing service class. We describe the default three-level configura-

tion, which uses priorities P1, P2, and P3. P1 is reserved for sub-BDP

messages. P2 is reserved for super-BDP QPs with positive backlog.

P3 is used for all other super-BDP QPs that are not admitted to

P2. This separation is intentional: it ensures that backlog-carrying,
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gating traffic is never forced to compete in the same queue with

non-gating large transfers.

Sub-BDP messages. For a message whose size is at most one BDP,

the sender transmits the entire message at priority P1. This realizes

the core benefit of SRPT in the regime where it is most decisive:

small messages complete quickly, reduce queueing for subsequent

traffic, and do not materially delay large transfers.

Super-BDP messages: first-BDP burst. For a message larger than

one BDP, the sender transmits the first BDP immediately to avoid

startup stalls and to keep the pipe full. The sender selects the priority

for this initial burst based on whether the QP is currently gating

queued follow-on work: (i) if the QP backlog is positive, the first

BDP is transmitted at priority P2; (ii) otherwise it is transmitted

at priority P3. This rule makes backlog visible to the network at

the earliest point where it matters, before any RTT-scale receiver

coordination is possible.

Backlog reporting. Backlog is a per-QP signal that indicates how

many logical transactions are queued behind the head-of-line trans-
action. Since WR fragmentation can distort both size and backlog,

backlog is computed after the grouping mechanism in §3.5: con-

secutive WRs that belong to a single logical transfer are treated as

one transaction. The sender reports backlog to the receiver by pig-

gybacking the updated backlog value on outgoing data whenever

it changes. To avoid stale receiver state when backlog increases

but the sender has exhausted its granted window, STORM permits

the sender to transmit one additional small backlog-update packet

for that QP, even when no further data is currently allowed. This

exception is strictly for control metadata; it does not carry payload

data, and it does not advance the data window.

Sender-side arbitration across QPs. A sender may have multiple

QPs eligible to transmit, either sub-BDP messages tagged at P1 or

super-BDP QPs with receiver-granted windows at P2 or P3. The

sender always serves the highest-priority eligible QP first. Within

the same priority, it breaks ties using the same urgency rule as the

receiver: prefer the QP with deeper backlog, and if backlog ties,

prefer the QP with smaller remaining bytes for the head-of-line

transaction. This preserves a consistent ordering within a sender

and avoids diluting priority decisions when multiple QPs share the

same class.

Beyond the first BDP. After the first BDP, transmission eligibility

and priority are controlled by the receiver through coarse-grained

grants. The sender maintains a per-QP “allowed” window (in bytes

or sequence numbers) and transmits freely within the granted

budget at the priority indicated by the receiver. The sender does not

request permission per packet; it merely respects the current grant,

ensuring the mechanism remains coarse and hardware-friendly.

3.3 Receiver-side active-set scheduling
The receiver coordinates super-BDP transmissions because it is the

only endpoint that can arbitrate amongmultiple senders contending

for the same destination bottleneck. Crucially, STORM uses the

receiver only where RTT-scale coordination is acceptable: it does

not attempt to control the first BDP, and it does not micro-schedule

packets. Instead, the receiver maintains a small set of active QPs and

advances their coarse sliding windows, which determines which

QPs may continue transmitting and at what priority.

State and events. For each QP with an outstanding super-BDP

message, the receiver maintains: (i) remaining bytes, (ii) most recent

backlog value (piggybacked from the sender), (iii) whether the QP

is active, and (iv) the current grant boundary. The receiver updates

scheduling decisions only on discrete events: a new QP becomes el-

igible (arrival), the receiver observes a backlog update that changes

a QP’s rank, or an active QP finishes (remaining becomes zero).

Between events, the active set remains unchanged, yielding stable

behavior in steady state.

Active-set constraint and priority assignment. To prevent con-

tention within a priority class from diluting desired scheduling,

the receiver admits at most one active QP per super-BDP priority.

In the default configuration, the receiver maintains two slots: a

P2 slot for the most urgent backlog-positive QP and a P3 slot for

the most urgent of the remaining eligible super-BDP QPs. Thus,

priority assignment is also an admission-control rule: at any time,

each receiver allows at most one active super-BDP QP to transmit

at P2 and at most one to transmit at P3, while other super-BDP QPs

wait for grants. If there is no backlog-positive QP, only the P3 slot

is used by default, avoiding promotion of non-blocking traffic into

the backlog-reserved priority. Implementations may also choose

to let traffic without backlog use the P2 slot when idle to improve

utilization. When a slot is free, the receiver admits the most urgent

eligible QP of that class. When a slot is occupied, the receiver swaps

the occupant only if a different QP in the same class becomes strictly

more urgent. This restriction avoids frequent priority changes, pre-

vents many super-BDP QPs from simultaneously entering the same

priority, and bounds sustained long-flow contention within each

priority class.

Granting rule. For each active QP, the receiver advances its win-

dow in coarse increments (e.g., two BDP per grant) upon receiving

acknowledgments for a configurable fraction of the current win-

dow (e.g., half a BDP). Each grant carries the updated boundary and

the priority (P2 or P3) the sender should use. The sender is then

free to transmit within the new boundary, allowing the underlying

congestion control to regulate fine-grained pacing. This grant size

is deliberately generous: it keeps the pipe full and avoids turning

receiver coordination into micro-pacing, while still ensuring that a

demoted QP quickly stops once its granted budget is exhausted.

In-order delivery constraint. RoCEv2 requires in-order delivery, so
changing a QP’s priority while earlier packets are still in flight can

induce reordering and trigger costly recovery. STORM therefore

promotes a QP only after its in-flight packets at the previous priority

have drained, and it applies a conservative promotion guard to

avoid frequent switches: when backlog ties it promotes only if the

remaining-size advantage exceeds one BDP, and it avoids promoting

near-completion transfers whose remaining size is at most one

BDP. This constraint is optional. In RDMA stacks that support

out-of-order delivery and selective retransmission, such as Falcon

and UEC [33, 56], the guard can be removed entirely. In §5.2.2

and §5.3 we evaluate the impact of this constraint and find that

it only modestly affects collective performance while preserving

correctness under in-order delivery.
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3.4 Priority budget and variants
STORM is designed to operate under a constrained priority budget

while retaining clear upgrade paths when additional priorities are

available. The default configuration uses three priorities (P1–P3),

while noting these are semantic classes rather than workload-tuned

numerical thresholds. P1 separates sub-BDP messages, for which

sender-local scheduling is the only timely option, from super-BDP

traffic where receiver feedback can act. P2 and P3 then separate

blocking from non-blocking super-BDP traffic using backlog: P2

is reserved for backlog-positive traffic, while P3 is used for other

eligible super-BDP traffic. This separation enables both size-aware

completion for short messages and backlog-aware unblocking for

dependent pipelines. We further evaluate sensitivity to the priority

budget in §6.2.

Two-priority minimal configuration. STORM remains functional

with only two priorities by removing the dedicated sub-BDP class.

Concretely, we collapse P1 into the super-BDP scheme and treat all

messages using only P2 and P3: messages (including sub-BDP) use

P2 when the QP has positive backlog and P3 otherwise, while the

receiver continues to maintain at most two active super-BDP QPs

(one per priority) beyond the first BDP. This reduction sacrifices

some protection for small, independent transfers, but preserves the

core unblock-first behavior and the receiver’s active-set control.

More priorities for sub-BDP dominated regimes. When small mes-

sages dominate a service’s traffic mix and additional priorities are

available, STORM can refine the sub-BDP class by splitting P1 into

multiple sub-BDP priorities. The sender assigns these priorities

using message-size thresholds: these thresholds can be configured

offline from expected workload distributions, or adjusted dynam-

ically from observed traffic so that each priority carries a simi-

lar amount of traffic, following the approach used by Homa [37].

Smaller sub-BDP messages then receive higher priority. This ex-

tension improves tail completion time for latency-sensitive control

and short transfers without changing receiver logic.

More priorities for super-BDP dominated regimes. When large

transfers dominate and spare priorities exist, STORM can increase

parallelism by allocating additional super-BDP priorities and main-

taining one active QP per super-BDP priority. Operationally, the

receiver selects the top-𝐾 candidates by the same urgency order-

ing (backlog first, then remaining size) and assigns them to the

available active slots. This increases utilization under heavy super-

BDP load while preserving the key property that each active QP

has an exclusive priority class, avoiding dilution from within-class

contention.

3.5 Signal semantics and grouping
STORM schedules logical transactions, not raw work requests. Both

remaining size and per-QP backlog are defined at the granularity

of a logical transfer that the application intends as one message,

because many systems fragment a single transfer into multiple WRs

for pipelining. For example, NCCL slices a chunk (e.g., 16MB) into

fixed-size slices (e.g., 512 KB) and posts a sequence of slice WRs to

the same QP in each step [22]. Treating these slices independently

would artificially inflate backlog and bias size-based prioritization.

We therefore group related WRs into a single transaction before

computing remaining size and backlog. Backlog counts the number

of grouped transactions queued behind the head-of-line transaction,

and remaining size tracks the aggregate bytes of the head-of-line

transaction as it drains. Grouping relies on a simple tagging mech-

anism: WRs that belong to the same logical transaction are tagged

with a shared wr_id; the RNIC aggregates their sizes and treats

them as one backlog unit, closing the group when the final WR

completes (CQE) and then moving to the next group. There are

two practical ways to provide this identifier: (i) at the RDMA stack,

e.g., by extending rdma-core to attach the posting thread/process

identifier (PID) as the wr_id for each posted request, or (ii) at a

higher layer, e.g., by having the collective library assign a logical

transaction ID per chunk/step and reuse it across the slice WRs

that implement that chunk.

If an explicit identifier is unavailable, STORM conservatively

groups temporally adjacent WRs on the same QP within a short

timeout window. This timeout-based rule is only a fallback. A false

split under the fallback makes the backlog estimate less precise, and

may therefore slightly affect priority accuracy and performance,

but it does not affect correctness, create additional traffic, or bypass

any previously described rules.

4 Implementation
STORM is designed to be a thin, NIC-resident scheduling layer. To

demonstrate practicality, we built a prototype on a Xilinx Alveo

U250 FPGA by extending Coyote, an open-source FPGA RoCEv2

NIC [26]. Our changes preserve Coyote’s transport data path and

add only the minimum mechanisms required by STORM: (i) sender-

side priority tagging and per-sender arbitration, and (ii) receiver-

driven coarse grants that maintain a small active set of QPs beyond

the first BDP. The prototype demonstrates that STORM’s scheduling

logic can be integrated into an RNIC datapath without disrupting

line-rate packet processing. We therefore focus this section on

the datapath/control-path split, the required per-QP state, and the

additional FPGA resource cost.

4.1 Event-driven control
The implementation follows a logical disaggregation between a

data path that enforces decisions at line rate and a control path that

reacts to discrete events. The data path runs on the TX and RX

pipelines and performs only constant-time actions per packet: it

looks up per-QP state, checks whether transmission is permitted

by the current grant boundary, tags the packet’s priority, and emits

lightweight events. The control path runs only on event boundaries

(QP arrival, backlog update, completion, and grant-threshold mile-

stones), and updates a small set of per-QP parameters that the data

path consumes (active-slot membership, granted boundary, and cur-

rent priority). This division keeps the fast path fully pipelined and

avoids per-packet scheduling work when the system is in steady

state.

Concretely, we implement the receiver policy in §3.3 as a two-slot

controller. It maintains at most one active QP in P2 and one active

QP in P3, then advances their windows by issuing GRANTs. On the

sender, the data path arbitrates among eligible QPs by priority first,

then by backlog depth, and finally by remaining size, matching the

tie-break logic used at the receiver.
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Resource Used Available STORM

STORM Coyote Utilization

LUT 2 692 311 190 1 728 000 0.16%

Register 1 767 565 809 3 456 000 0.05%

BRAM 4 427.5 2 688 0.15%

URAM 0 9 1 280 0%

Table 1: FPGA resource utilization for the STORM prototype
on Alveo U250.

4.2 Implementing size and backlog signals
We implement STORM’s two scheduling signals, remaining size and

per-QP backlog, as small per-QP fields updated directly in the RNIC

pipeline. On the send side, RDMA message length is explicit in the

posted WQE: the WQE’s data segments carry a byte count that the

RNIC already consumes for DMA and packetization [40]. In our

prototype, when a head-of-line transaction becomes active we latch

its total length into the QP context and maintain a remaining-bytes
counter, decrementing it as payload bytes are transmitted (TX) and,

symmetrically, as progress is observed on RX. The scheduler only

needs the head-of-line remaining bytes, so this counter is sufficient

and avoids any dependence on verb-specific headers.

Backlog is implemented as a per-QP counter updated on the

same RNIC events that define work arrival and completion. Door-

bell updates make newly postedWQEs visible to the NIC, and CQEs

mark completed work [40, 45]. To match STORM’s semantics, we

apply grouping (§3.5) and count logical transactions rather than
raw WQEs: on a doorbell event we increment backlog only when

a group head is posted, and on completion we decrement back-

log only when the corresponding group tail completes. Backlog

changes are piggybacked to the receiver on outgoing packets; if

backlog increases while the sender is window-limited, we allow one

additional backlog-update packet that carries only control metadata

and does not advance the data window.

4.3 State extensions and FPGA cost
We extend Coyote’s QP context table with a small amount of sched-

uling state. Per QP we add fields to store the current grant boundary,

the currently assigned priority, remaining bytes of the head-of-line

message, and the current backlog depth (after grouping). These

fields are sufficient to implement both the sender datapath checks

(grant compliance, tagging, sender-local arbitration) and the re-

ceiver control logic (slot selection and grant generation).

As Table 1 shows, the additional logic is negligible relative to

the baseline NIC. The scheduler is implemented as a small number

of counters and comparisons plus a two-slot controller, and the

datapath remains fully pipelined. In our prototype, we observe no

throughput penalty relative to the Coyote baseline, indicating that

STORM can be integrated without degrading the critical path.

5 Evaluation
In this section, we demonstrate the effectiveness of STORM in cloud

and AI training workloads.
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Figure 4: Size distributions for the cloud workloads used in
this evaluation.

Model Parameter size Layers Framework

GPT-3 13B 13B 40 Megatron

GPT-3 175B 175B 96 Megatron

LLaMA 65B 65.2B 80 Megatron

LLaMA 7B 6.7B 32 Deepspeed

Table 2: LLM training workloads used in this evaluation.

5.1 Experiment Setup
Our core STORM evaluation uses an extended version of the ns-

3 simulator [46] for large-scale simulation, and we additionally

validate practicality on a small hardware testbed. Building upon

publicly available codebases [30, 58, 61], we implemented STORM.

Our evaluation uses the following configurations.

Our evaluation focuses on scheduling within an existing service

or QoS allocation. STORM is not intended to replace operator-level

isolation across services; rather, it refines the ordering of RDMA

requests that already share a service class. This matches reported

production practice: Meta’s RDMA training deployment places AI

traffic on a separate back-end GPU network, while storage/RPC traf-

fic uses front-end NIC networks with service-level QoS classes [15].

We therefore evaluate cloud and AI workloads separately, using

each to stress a different dependency structure.

Network. We simulate a spine-leaf network, with 128 hosts at-

taching to eight top-of-rack switches, in turn connecting eight spine

switches. All links run at 100 Gbps with 1 µs propagation latency.

For LLM workloads, each host is equipped with 1–8 GPUs (depend-

ing on the model configuration; see below), connected by 600 GB/s

NVLink to emulate A100-class intra-node bandwidth. The topology

follows the configurations used in HPCC [30] and SimAI [61].

We model a PFC-enabled lossless fabric, matching common Ro-

CEv2 deployments. Importantly, we enable dynamic buffer sharing

across priorities (dynamic thresholds), so that using additional pri-

ority classes does not give STORM an inherent advantage from

statically partitioned switch buffers. This ensures that any gains

from STORM come from request prioritization itself, rather than

from extra reserved buffering per priority.

Cloud workloads. Following established practice [2, 30, 58, 67, 68],
we synthesize workload traces from published cumulative distri-

bution functions (CDFs). As shown in Figure 4, we include three

recent traffic profiles: the Alibaba Storage workload [30], which is

RDMA-specific; Alibaba Solar [34], an RPC-IP workload accelerated

with hardware; and Meta’s Hadoop workload [47], representative
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Figure 5: Cloud performance across load. The slowdown is
measured as the ratio of the observed flow completion time
(FCT) to the theoretical optimum.

of traditional datacenter applications with a long tail. To facilitate

comparisons with earlier studies, we also incorporate two classic

workloads: web search [2] and data mining [17]. For each work-

load, flows arrive as a Poisson process; sizes are sampled from the

CDF; source-destination pairs are chosen uniformly at random;

and the arrival rate is tuned to reach the target offered load. This

methodology matches prior work.

Across these five workloads, we observe consistent qualitative

trends; unless otherwise stated, we present results for Alibaba Stor-

age, which is both RDMA-native and representative of our target

cloud setting.

AI training workloads. We evaluate STORM on AI training com-

munication using SimAI [61], which generates NCCL collective

workloads from published model and parallelization configura-

tions. We consider both (i) standalone collective microbenchmarks

to isolate communication behavior and (ii) end-to-end training-

iteration traces that include the collective schedule and its depen-

dencies. We simulate training four models: GPT-3 (13B and 175B)

and LLaMA (7B and 65B). We follow SimAI’s hyperparameter set-

tings and summarize the key model parameters in Table 2. All

collectives use NVIDIA NCCL, which implements ring- and tree-

based algorithms [22, 61].

Collective communication differs from the cloudworkloads above

in two ways that matter for scheduling. First, collectives dispatch

bursts of requests with synchronized start times and often identi-

cal sizes, rather than independent flows with random arrivals and

a wide size distribution. Second, requests within a collective are

dependency-coupled: for example, in ring AllReduce a node can-

not transmit the next chunk until it has received the predecessor

chunk [22, 48]. These properties make performance sensitive to

stragglers and head-of-line blocking rather than average per-verb

completion, as discussed in §2.1.

Testbed. We use four servers, each equipped with a Mellanox

ConnectX-6 RNIC, connected to anArista 7060CX-32S switch. Three

links run at 100 Gbps and one runs at 50 Gbps, creating a controlled

bottleneck to emulate contention.
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Figure 6: Cloud performance by request size.

Performance metrics. For cloud workloads, we report flow com-

pletion time (FCT), since each flow corresponds to an RPC or a

similar request. Following prior work [30, 37, 58], we normalize by

the theoretical minimum FCT, defined as transmission time plus

propagation delay, and report slowdown relative to this baseline. For

AI training, we measure collective completion time in standalone

collective microbenchmarks, and we measure end-to-end training

iteration time in SimAI traces. These metrics directly capture the

throughput of the training job.

Schemes compared. We compare STORM with a range of dat-

acenter congestion-control schemes: DCTCP [2], DCQCN [68],

TIMELY [35], HPCC [30], ExpressPass [10], RCC [67], pHost [16],

Homa [37], and PIAS [5]. We have included pHost, Homa, and

PIAS, as there is, to the best of our knowledge, no established

RDMA-native SRPT design. These systems are the strongest avail-

able references, while noting the protocol mismatches that prevent

a direct RDMA deployment.

We use the ns-3 implementations from Li et al. [30] for DCTCP,

DCQCN, TIMELY, and HPCC, scaling parameters to 100 Gbps and

disabling DCTCP’s slow-start phase for fairness. We have verified

that our parameter settings align with prior work [58, 61]. We also

include a “basic” configurationwith no congestion control and naive

scheduling, aligning with reports of Meta RDMA deployments [15].

For clarity in plots, we report one representative from each baseline

category based on the best overall performance in our experiments:

DCQCN for congestion control, PIAS for size-agnostic scheduling,

and Homa for size-aware scheduling.

We also include STORM-soft, a pure software variant that as-

signs priorities before WRs enter the RNIC. STORM-soft does not

implement receiver-side grants or active-set control; it only uses

the WR size available at posting time to assign a fixed priority to

each request. This baseline tests whether software-only priority
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Figure 8: Large-scale simulation collective performance. Normalized against
basic configuration (no CC, naive scheduling).

marking through existing QoS mechanisms can capture the ben-

efit of STORM. Compared with PIAS, STORM-soft has exact size

information at posting time but cannot adjust a request’s priority

as it receives service; PIAS can demote flows at runtime based on

attained service, but it does not know the exact request size in

advance.

5.2 Experiment Results
5.2.1 Cloud applications. Figure 5 shows the performance of STORM

and competing schemes under theAlibaba Storageworkload. STORM

consistently delivers the lowest average slowdown across all of-

fered loads, and its advantage becomes most pronounced at high

load. At low and moderate loads, several scheduling schemes are

competitive because queueing is limited and most short transfers

already complete near their ideal time. As load increases, however,

the differences between the schemes widen. Size-agnostic schedul-

ing improves over congestion control by using runtime demotion,

while size-aware scheduling further benefits from exact request-

size information. STORM-soft isolates the software-only case: it

knows the WR size at posting time and can assign an initial prior-

ity, but the priority is fixed once the request enters the RNIC and

there is no receiver-side active-set control. As a result, the average

and tail slowdowns of STORM-soft rise substantially at high load.

STORM remains the most robust scheme because it combines exact

size information with backlog awareness and receiver-side control

over which super-BDP QPs may continue transmitting.

Figure 6 breaks results down by verb size and illustrates where

this difference comes from. For sub-BDP verbs, all scheduling schemes

with prioritization are close to optimal, leaving little room for fur-

ther improvement; STORM preserves this small-verb performance

rather than improving it at the expense of other traffic. The main

separation appears for super-BDP verbs, especially at high load.

Pure size-based or software-only prioritization can keep large trans-

fers deprioritized for too long, even when they are blocking queued

work behind the same QP. STORM avoids this failure mode by using

backlog size as an additional urgency signal: a large head-of-line

request with queued dependent work is no longer treated as just

another long transfer. Receiver-side active-set control then limits

how many super-BDP QPs can keep transmitting at each priority,

reducing sustained within-class contention. As a result, STORM im-

proves small-verb latency while substantially reducing large-verb

average and tail slowdown under heavy contention.

5.2.2 AI training. STORM also improves collective-dominated AI

communication, as shown in Figure 7. Across all four SimAI training

workloads, STORM reduces end-to-end iteration time by roughly

10% relative to the basic baseline, while none of the compared base-

lines consistently beat the basic setting. This highlights that, for

collectives, there is still meaningful headroom in how the NIC arbi-

trates requests within a single job: better prioritization can shorten

the transient “bubbles” that form when a few delayed transfers stall

the dependency chain (§2.1).

To understand what drives the gain, we compare against both

size-agnostic and size-aware scheduling. In our evaluation, they

track the basic configuration closely on collective-heavy workloads:

they primarily optimize per-transfer completion, but they do not

reliably target the transfers that gate collective progress under de-

pendencies. In contrast, STORM consistently improves iteration

time by prioritizing QPs that are either near completion or blocking

queued dependent work, which directly targets the straggler-driven

critical path. Across the evaluated LLM workloads, around 30%

of traffic enters P2, indicating that a substantial fraction of com-

munication is backlog-positive and benefits from backlog-aware

scheduling.

We also include STORM-OOO, which removes the in-order pro-

motion constraint by allowing out-of-order delivery in the simula-

tor: packets may arrive reordered, and a reorder buffer reassembles

them before delivering to the RDMA layer. STORM-OOO is only

slightly better than STORM in end-to-end training, indicating that

the core benefit comes from backlog-aware prioritization, and that

the in-order constraint is not the dominant limiter for these work-

loads.

The per-collective microbenchmarks in Figure 8 show the same

pattern. The size-agnostic baseline is particularly weak for smaller

collectives, consistent with demotion-by-attained-service behavior

that can deprioritize transfers even when they are close to comple-

tion. As collective size increases, STORM’s gains grow, reaching up

to about 10% for AllReduce and up to about 15% for ReduceScat-

ter in our settings. We again find STORM-OOO only occasionally
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Figure 9: Testbed collective performance
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Figure 10: Performance of STORM with RoCEv2 and custom
RDMA systems under different network load

better than STORM, suggesting that enforcing in-order delivery

modestly affects performance for collective traffic.

Finally, STORM outperforms DCQCN by up to 12% and improves

over the basic baseline by up to 10%. Notably, CC methods are

not consistently beneficial for these AI workloads, aligning with

prior observations that conventional RDMA congestion control can

provide limited value for collective-dominated training traffic [15].

5.2.3 Testbed. In our testbed, we emulate STORM’s prioritization

on ConnectX-6 RNICs without enforcing receiver window control.

We enable strict-priority queueing on both the RNIC and the switch

so that tagged priorities are enforced on the wire. We compare

STORM against a basic baseline with naive scheduling. As shown

in Figure 9, STORM achieves 8%-53% speedup in completion time

across our test cases, demonstrating that priority-based RDMA

request scheduling translates into tangible gains on commodity

hardware.

5.3 Applicability to custom RDMA systems
As discussed in §2.3, STORM is protocol-agnostic: it relies only on

NIC-visible signals and commodity priority mechanisms, not on

RoCEv2-specific header formats or loss semantics. This matters in

practice because hyperscale deployments increasingly use custom

RDMA transports that diverge from RoCEv2, often adding out-of-

order delivery, alternative retransmission mechanisms, and differ-

ent routing choices. Examples include Amazon SRD [49], Google
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Figure 11: Performance of STORM with UEC
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Figure 12: Incremental deployment and congestion-control
interaction. Average and 99%-tile FCT slowdown under sev-
eral congestion-control baselines as 0%, 25%, 50%, 75%, or 100%
of hosts deploy STORM.

1RMA and Falcon [55, 56], Alibaba Stellar [31], and the Ultra Ether-

net Consortium (UEC) proposals [33]. Many of these systems also

rely on packet spraying or other multipath schemes rather than

static ECMP hashing.

We evaluate STORM under this broader design point in two steps.

First, we implement a simplified sprayed transport that permits

reordering and therefore removes the in-order promotion constraint.

Figure 10 shows that STORM continues to outperform the size-

aware baseline on this transport, indicating that its prioritization

and coarse receiver gating remain effective even when packets

are sprayed and reordered. Second, we integrate STORM into the

htsim UEC simulator [33]. As shown in Figure 11, STORM again

improves performance over baseline UEC, demonstrating that its

core mechanisms carry over to emerging RDMA stacks without

requiring protocol-specific tuning.

6 Discussion and Future Work
6.1 Incremental deployment
STORM can be deployed incrementally and works with existing

congestion-control mechanisms. We evaluate this by upgrading
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Configuration Avg Slowdown P99 Slowdown

basic 9.560 43.571

CC (DCQCN) 6.128 31.452

Size-agnostic (PIAS) 2.345 18.086

Size-aware (Homa) 1.794 10.471

STORM-2 1.315 8.628

STORM-3 (default) 1.230 6.355

STORM-4 1.197 5.104

STORM-7 1.189 5.012

Table 3: Sensitivity analysis of STORM with various priority
configurations (STORM-𝑥 denotes a configuration using 𝑥
priority levels.) STORM-3 is used in all previous evaluations.

only a fraction of hosts and running the same workload under sev-

eral congestion-control baselines. Figure 12 reports average and

99%-tile FCT slowdown for the non-STORM baseline and deploy-

ment fractions from 25% to 100%.

Incremental rollout. In a mixed cluster, STORM operates in full

mode only when both endpoints are upgraded. For mixed pairs,

we use a compatibility mode that preserves correctness without

receiver-driven grants: sub-BDP requests follow the sender-side

priority rule, while larger requests fall back to a fixed priority

without receiver windowing. Despite this conservative fallback,

Figure 12 shows that even 25% deployment reduces both average

and tail slowdown, with monotonic improvement as more hosts

are upgraded.

Interaction with congestion control. STORM controls which re-

quests are eligible to transmit and at what priority, while conges-

tion control regulates sending rate based on feedback. Figure 12

shows that STORM’s gains are consistent across congestion-control

choices: adding STORM on top of a baseline improves both mean

and tail slowdown relative to that baseline alone. The figure also

suggests diminishing returns from layering additional rate control

on top of STORM in this setting, because STORM’s receiver gating

already limits persistent queue buildup and reduces head-of-line

blocking. We do not use this figure to rank CC schemes, whose

relative ordering varies with workload and tuning; instead, we

compare each CC baseline against the same CC augmented with

STORM. For AI training, we find that DCQCN+STORM provides a

small additional benefit (about 1%) over STORMwithout congestion

control.

6.2 How many priority levels are needed?
Our default configuration uses three total priority levels, corre-

sponding to P1–P3 in §3.4. In production, the available priority

budget can be smaller or larger because priorities are often pre-

partitioned for tenant isolation or coarse service-level functions

(e.g., management traffic). We therefore quantify STORM’s sensi-

tivity to the number of additional priorities, as described in §3.4.

We find that AI collective workloads are largely insensitive to the

priority budget, and we omit them for brevity. Likewise, under mod-

erate and low offered loads in the cloud workloads, the differences

between configurations are small, indicating that a single extra

priority is often sufficient outside of heavy contention. We also

tested whether additional sub-BDP priorities improve performance,

as suggested in §3.4. In our evaluated workloads, however, sub-BDP

requests already achieve near-optimal slowdown under the default

P1/P2/P3 split, leaving little room for further improvement from

finer sub-BDP bins. We therefore focus the sensitivity analysis on

adding priorities to super-BDP traffic, where heavy-load queueing

and tail slowdown remain more pronounced.

Table 3 reports the most challenging regime: the cloud work-

load at 80% offered load. Average slowdown improves modestly as

priorities increase, whereas tail slowdown is more sensitive, reflect-

ing that additional priority resolution primarily helps isolate and

drain the worst-case queueing episodes. With one more priority

beyond the default, STORM-4 reduces P99 slowdown by roughly

20% relative to STORM-3. We do not use STORM-4 in our main eval-

uation, as our goal is to keep the default configuration as deployable

as possible under tight priority budgets. Adding further priorities

provides diminishing returns: STORM-7 improves only marginally

over STORM-4, while consuming three additional priority levels.

Overall, these results show that STORM remains effective under

tight priority budgets, and that most of the benefit is captured with

a small number of extra priorities, with additional levels mainly

improving the extreme tail under heavy load.

6.3 Limitations and future work
STORM assumes strict-priority queues, which are widely available

but provide weaker fairness isolation than WRR under adversarial

traffic mixes: under sustained high-priority load, low-priority traffic

can be delayed. We did not observe starvation in our workloads,

but pathological mixes remain possible; a simple guard such as

a bandwidth floor or a wait-time trigger can mitigate this while

keeping the design NIC-friendly. Second, STORM currently treats

backlog and remaining size as the primary urgency signals. This is

largely orthogonal to coflow and framework-level schedulers that

infer higher-level structure above the transport; future variants

could incorporate such semantics as an optional input once coflow

definitions and scheduling objectives are better understood, while

still keeping the RNIC decision logic event-driven and NIC-friendly.

More broadly, STORM is constrained by a small, discrete priority

budget; if future switches expose finer-grained queues, an interest-

ing direction is to map the same NIC-visible signals into weights

or per-packet ordering for higher precision and robustness.

7 Related Work
Datacenter traffic scheduling has long used priorities to reduce

mean and tail completion time by steering scarce bandwidth to-

ward the most urgent transfers. In-network designs such as pFab-

ric [3] push fine-grained ordering into switches, while end-host

schemes such as PIAS [5] and QCLIMB [29] approximate size-aware

prioritization. Receiver-driven transports such as pHost [16] and

Homa [37] gather exact flow size and shift arbitration to receivers

via grants or credits, and QJump [18] provides predictable latency

with static priorities plus rate limiting of higher-priority traffic.

STORM is closest in spirit to these priority-based flow schedulers,

but it targets RDMA requests and exploits an RDMA-specific op-

portunity that these systems do not have: the NIC sees both the

exact size at posting time and the depth of pending work queued

behind a QP’s head-of-line request.
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A complementary line of work schedules groups of related flows

using application-level structure. Coflow schedulers either assume

prior knowledge of coflows (e.g., Varys [12], Baraat [13]) or in-

fer coflows online without explicit annotations (e.g., Aalo [11],

CODA [66]). For training, systems such as ByteScheduler [41] and

Lina [27] similarly exploit framework-visible structure to schedule

communication, and recent work extends coflow-style schedul-

ing to modern training workloads, including LLM training [60].

These approaches typically operate above the transport (identify-

ing, grouping, and prioritizing higher-level units), whereas STORM

operates below (prioritizing the resulting RDMA verbs), without

application hints, so they are largely complementary. Congestion

control and alternative RDMA transports are similarly orthogo-

nal: CC regulates sending rate with feedback, and custom RDMA

stacks change loss and/or reordering semantics, while STORM fo-

cuses on request ordering and arbitration at the RNIC and priority

enforcement using commodity queues.

Programmable NICs and SmartNIC resource-management sys-

tems are relevant as other possible implementation substrates. Plat-

forms such as Corundum provide open FPGA NIC datapaths for

high-speed packet processing [14], while systems such as OSMOSIS

explore resource multiplexing and QoS management inside Smart-

NICs [25]. If a programmable or commodity SmartNIC exposes an

RDMA-capable datapath, priority-tagging hooks, and sufficient per-

QP state, then STORM’s sender-side classification and receiver-side

active-set logic could be implemented on top of that substrate.

8 Conclusion
This paper presents STORM, a NIC-resident RDMA request sched-

uler that converts RDMA-native signals already visible to the RNIC,

namely request size and per-QP backlog, into a practical urgency

signal. STORM uses only one or two additional priority levels,

together with a lightweight receiver gate for long transfers. It re-

quires no application hints, is compatible with both in-order Ro-

CEv2 and reordering-tolerant RDMA stacks, and incurs negligible

hardware overhead. Across cloud and collective-dominated work-

loads, STORM reduces training iteration time by up to 12% and

cuts average and P99 FCT slowdown by up to 90% relative to fair

scheduling, demonstrating substantial performance headroom in

NIC-level scheduling.
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