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Abstract
Collective communication has a clean abstraction at the ap-

plication boundary, but how its execution is expressed inside

the network depends on the offloadmechanism.With the rise

of in-network computation, collective execution is increas-

ingly spread across the network. Yet deploying an offload

often requires a matched stack of runtime plugins, NICs,

and switches tied to vendor-specific interfaces. Even when

the logic is the same, moving an operation between these

stacks can require a different packet format and recovery

mechanism.

We argue that collective execution should be represented

as network programs: packet-carried instruction sequences in

which each instruction names a bounded operation and the

device that executes it. Endpoints encode these sequences,

while network devices execute the named operations and

maintain the required local state. Separating operations from

their placement and device-specific implementation provides

a common way to express execution across different devices.

We reuse the existing IPv6 Segment Routing Header to carry

these programs, adding collective behaviors to SRv6’s net-

work programmingmodel. Our simulations demonstrate that

the operation sequence is preserved across different place-

ments, while our prototype shows that streaming reduction

is feasible on a programmable switch.
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1 Introduction
Collective communication has a clear interface at the applica-

tion boundary. MPI lets applications request operations such

as broadcast, reduce, and all-reduce [19]; NCCL provides

these operations for GPU clusters [23]. The application spec-

ifies the operation, and the runtime decides how to execute

it. Systems such as SCCL and TACCL synthesize collective

schedules [5, 25]. MSCCL lets developers describe data move-

ments and reductions over buffers associatedwith GPU ranks

and compile these schedules for its runtime [7].

Collective execution increasingly extends into the net-

work. SwitchML and ATP aggregate gradients inside pro-

grammable switches [17, 24], and SHARP provides aggre-

gation in InfiniBand fabrics [13]. Yet deploying an offload

often requires a matched stack of runtime plugins, NICs, and

switches tied to vendor-specific interfaces [22]. The same

collective operation is expressed using different packet for-

mats across these systems. The execution plan also depends

on configuration installed in the network. EPIC, for exam-

ple, pursues a common interface for in-network collectives

while implementing its trees through forwarding rules and

reduction state installed in switches [31].

Recent work on MRC and SRv6 illustrates a different divi-

sion of responsibility for packet routing [1]. Endpoint NICs

select packet paths and avoid failed paths, while switches

follow static forwarding rules. This places adaptation at the

endpoints and simplifies network control. We ask whether

collective execution can follow a similar principle: endpoints

define the collective tree and specify where each operation

executes, while network devices carry out the corresponding

local operations.

We propose network collective programming (NCP): end-

points encode the network’s part of an execution plan as

a packet-carried sequence of instructions. Each instruction

names an operation, its execution location, and arguments

identifying the required local state. The runtime chooses

the aggregation tree and assigns operations to devices; the

source NICs encode the corresponding instructions in pack-

ets. Participating network devices execute their assigned

operations using resources allocated and state configured

during tree initialization. The endpoints thus determine how
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network operations are combined into a collective, while

each device implements the operations it supports.

Collective Communication
Language (e.g., MSCCLang)

Allreduce - Broadcast - ReduceScatter
Runtime (e.g., NCCL, MSCCL)

ToR Reduce ToR Replicate NIC Store

NCP program = SRV6 Segment List
Place =
Write
LOCs

Backends of Network Devices
Endpoints (e.g., ebpf, NIC) - Switch (e.g., Tofino) 

Figure 1: NCP as a common interface for collective exe-
cution. Runtimes encode network operations as packet-
carried LOC:FUNC:ARG instructions implemented by par-
ticipating network devices.

NCP is independent of the language used to describe the

collective. Figure 1 shows how NCP connects collective de-

scriptions to the devices that execute their network opera-

tions. MSCCL organizes execution around GPU ranks while

NCP expresses the operations assigned to network devices.

A compiler targeting NCP would translate the supported

parts of a collective description into network instructions

and retain the remaining work at endpoints. Depending on

the operations and network device capabilities, the network

program may implement a complete collective or only part

of it. NCP therefore provides an execution interface that

collective languages and compilers can target, rather than

another language for defining collective algorithms.

We encode this model using IPv6 Segment Routing [10–

12]. Its existing Segment Routing Header carries an ordered

list of instructions, each naming a function at a network loca-

tion. NCP adds collective behaviors to this network program-

ming model without defining a separate collective header.

The instruction model specifies what each operation does,

SRv6 encodes the sequence and execution locations, and

each device supplies its implementation of the supported

operations.

Separating operations from their placement and device-

specific implementation lets endpoints express different exe-

cution plans using the same instruction format. For a fixed

collective tree, assigning an operation to another compat-

ible device changes its location in the program. Adding a

reduction level extends the instruction sequence. Section 5.1

Table 1: The abstract NCP instruction set. Each instruc-
tion is a tuple LOC:FUNC:ARG; ARG keys index local node
state.

Instruction ARG Effect Node State

Reduce q_id, p_id Accumulate Slot, mask, ptrs

Replicate gid Multicast gid→ children

Fetch mem_id, off NIC dma read mem_id→ base

Store mem_id, off NIC dma write mem_id→ base

evaluates these changes in simulation, showing that the op-

eration sequence is preserved across placements and that an

additional reduction level can be expressed within the same

format. Section 4.3 demonstrates that streaming reduction

is feasible on a programmable switch. Section 6 examines

the implications for device capability discovery, resource

sharing, and runtime placement.

2 Collectives Are Network Programs
NCP represents collective execution as a packet-carried pro-

gram: a sequence of instructions, each naming an operation,
a location (the executing device), and arguments. Operation
and location are specified independently. A packet carries

an execution pointer identifying the current instruction. At

the named location, the device performs the operation using

the referenced local state. When the operation completes,

execution continues with the next instruction.

Each instruction is a bounded network operation. We con-

sider four instructions (Table 1): Reduce, Replicate, Fetch,
and Store. Reduce accumulates contributions across packet

arrivals. The other instructions do not accumulate partial re-

sults, but can still require configured state, such as multicast

groups or memory mappings.

These instructions express tree reductions and broadcasts.

A tree all-reduce consists of an upward sequence of Reduce
operations, followed by a downward sequence of Replicate
operations and a Store at each destination. A broadcast uses

Replicate to distribute the data, and Store to place the

copies in destination memory.

The runtime continues to choose the collective algorithm

and the devices that execute it. Each device implements the

instructions according to its capabilities. A device need not

support the full instruction set: the runtime assigns an op-

eration only to a device that supports it. Devices that only

forward packets need not implement collective operations.

Section 3 describes the SRv6 encoding; Section 4 describes

our implementation of Reduce.

2.1 Packets, Segments, and State
Consider an AllReduce that combines gradient chunks from

four GPUs during distributed training (Figure 2). Each GPU
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Figure 2: AllReduce over four GPUs. S1 and S2 produce
partial results, S3 combines them, and replication dis-
tributes the result back to the GPUs.

passes its contribution through its NIC, which attaches the

corresponding program 1 and 2 . Switches S1 and S2 each

combine two contributions 3 , and S3 combines their par-

tial results 4 . The result is replicated at S3 and then at the

leaves 5 and 6 . The NICs store the result in GPU mem-

ory 7 and 8 , so all four GPUs receive the same reduced

chunk.

An NCP packet carries both data, such as a tensor chunk

or partial result, and the instructions that direct its execution.

Instruction arguments refer to local state; the packet need

not carry the full configuration of each participating device.

Before execution, tree initialization allocates the resources

needed at each participating device. The source NICs receive

the identifiers used to reference these resources. Packets

carry the execution sequence: they specify the order of oper-

ations, the devices that execute them, and the local resources

each operation uses.

In our streaming implementation, we assume the same

credit allocation on every edge of the collective tree. This

allocation limits how many contributions a receiving device

can hold outstanding from each producer at a time. At an

intermediate reduction level, a producer is an upstream re-

ducer supplying partial results. During execution, progress is

driven by packet arrivals, including data and credit packets;

it does not depend on timers or other external triggers.

A packet need not survive from source to destination. A

reduction consumes several contributions and emits one ag-

gregate, which continues with the remaining instructions in

the packet-carried program. Replication produces copies that

continue toward their respective destinations. The program

describes how the data is processed and distributed, even

when the packets carrying it change.

NCP applies the idea of packet-directed execution fromAc-

tive Networks [28, 29] to collective communication. Packets

invoke a defined set of operations implemented by participat-

ing devices. Collectives provide a concrete use for this model:

endpoints compose reduction, replication, and memory op-

erations into an execution plan, while devices implement the

individual operations.

2.2 Hierarchical Composition
The same instructions compose across levels of a tree. In

the example, S1 and S2 receive contributions from their at-

tached GPUs and each emit one partial result to S3. From S3’s

perspective, S1 and S2 are its two producers. The reduction

operation has the same meaning at both levels; the producer

sets and associated state differ.

Each additional reduction level adds a Reduce instruc-

tion to the upward sequence. The downward sequence uses

Replicate at the branching nodes. Changing the tree, there-
fore, involves updating the instruction sequences while re-

taining the same instruction definitions and packet format.

Section 5.1 evaluates different placements and tree structures

within this representation.

3 Encoding with SRv6
We encode the instruction model of Section 2 using IPv6 Seg-

ment Routing. Algorithm selection remains with the runtime;

this section describes how packets specify the operations to

execute and their locations. The existing IPv6 Segment Rout-

ing Header (SRH) carries a list of 128-bit segment identifiers

(SIDs) [10, 11]. Each SID identifies a function at a network

location and can include arguments interpreted by that de-

vice. An NCP instruction maps to one SID, and an instruction

sequence maps to a segment list.

We use the LOC:FUNC:ARG structure: LOC identifies the ex-
ecution location, FUNC identifies the operation, and ARG ref-
erences the local resources it uses. For example, a reduction

instruction identifies both the device that performs the re-

duction and the reduction context allocated there (i.e., queue

id + producer id ). The packet carries the sequence of oper-

ations; initialization allocates the resources (i.e., reduction

queue) referenced by those operations.

Consider the upward phase of the running example in

Figure 2. Packets from the GPUs attached to S1 first carry

a segment identifying Reduce at S1, followed by a segment

identifying Reduce at S3. Packets from the other branch first

identify S2 and then S3. The arguments select the corre-

sponding reduction resources at each switch. After S1 or S2

combines its local contributions, the resulting packet contin-

ues to the reduction at S3 specified by its segment list.

Separating location from operation allows the runtime to

place an operation on any device that supports it. Adding a

reduction level inserts another reduction segment into the
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upward sequence, together with the resource allocation and

changes to the downward sequence required by the new tree.

The encoding uses SRv6’s existing representation, but

collective execution requires additional endpoint behaviors.

Stateful behaviors. A reduction combines data across sev-

eral packet arrivals. Its local state records the partial result

and which contributions have arrived. This differs from pro-

cessing each packet independently: the arrival of one contri-

bution updates the state, while the arrival that completes the

reduction also causes an aggregate to be emitted. Section 4

describes our streaming implementation, where packet ar-

rivals drive these actions without timers or other external

triggers. The queue organization and credit allocation be-

long to that implementation and are independent of the SRv6

instruction format.

Consuming semantics. Reduction consumes several con-

tribution packets and produces one aggregate packet. The

aggregate continues with the instructions following the re-

duction in the packet-carried program. Network devices need

not know the complete collective tree: participating end-

points encode its execution in the packets, rather than install

it as a program when reduction resources are allocated. Each

device uses its local resources to execute the current instruc-

tion, while the remaining instructions specify how the result

continues.

NCP thus reuses the SRH format and the SRv6 model of

functions identified at network locations, while adding be-

haviors for collective operations. Participating devices must

implement these behaviors; SRv6 support alone does not

provide reduction. The instruction model does not depend

on SRv6, but SRv6 provides an existing encoding that sepa-

rates location, function, and arguments without introducing

a separate collective header.

4 Reduce: Streams or Memory?
Of the five instructions, End.Replicate resembles multicast,

End.Forward resembles routing, and End.Fetch/End.Store
perform endpoint DMA. Reduction, however, combines arith-

metic with state that persists across packet arrivals (Sec-

tion 3). How a device maintains this state affects resource

use, composition, and hardware support. While the abstrac-

tion specifies the operation and its completion condition, it

leaves state management to the implementation. We now

consider two implementation models.

(1) Memory-mapped model: exposes addressable memory

in switch. Endpoints issue store-and-reduce operations (a

write to address 𝑎 atomically adds into what is stored there),

and a switch may initiate RDMA reads to pull operands. e.g.

NVSwitch multicast-mem [21] and, in spirit, SHARP [13].

(2) Stream model: exposes a pool of reduction queues to

which endpoints send contribution packets. Each arrival

drives a state transition: the switch combines the contribu-

tion with the running partial result, checks the fan-in, and

emits an aggregate when the slot completes.

We adopt the stream model, (2), for two reasons. First, it

simplifies the switch: without timers, RDMA read engines,

or threads, its behavior is driven entirely by packet arrivals.

Second, it simplifies failure recovery. A memory-mapped

switch loses both accumulated aggregates and in-flight pull

requests when it fails; a stream switch loses only accumu-

lated state, and endpoints can recover using their knowledge

of what they sent.

Pulls remain available through End.Fetch, but the switch
itself only reacts to packet arrivals: the request triggers the

fetch on the endpoint side, and the arriving contributions

on the switch trigger reduction. Whether a mature system

should support both models remains an open question (see

§6).

4.1 Asynchronous Reduction Queues
We realize the stream model as circular reduction queues

on a programmable switch (Figure 3). Each queue is one

active reduction stream with several reusable slots; a slot

accumulates one contribution per producer and emits when

the configured fan-in is reached. The design goal is to avoid

lockstep: independent producer pointers let a fast producer
run ahead, while a slow one delays completion of the slots

to which it has not yet contributed. A contribution identifies

\(a_1\)\(a_0+b_0\)

\(a_2\)

Switch
\(Q_k\)

K-th Reduction Queue (Allocated)

\(Q_k\):     circular slots

\(Prod_1 : a_0, a_1,....\)

1

GPU \(Prod_2 : b_1, b_2,....\)GPU

2

\(a_0\) \(a_0\)

\(a_0\) arrives \(a_1\) arrives

\(P_2\)

\(P_1\)

\(P_2\)

\(P_1\)

\(a_1\)

3 \(b_0\) arrives

\(P_2\)

\(P_1\)
4 \(a_2\) arrives

\(P_2\)

\(P_1\)

\(a_2\)

5 \(b_1\) arrives

\(P_2\)

\(P_1\)

\(a_1\)

\(a_1+b_1\)

6 \(b_2\) arrives

\(P_2\)

\(P_1\)

\(a_2+b_2\)
emitemit

emit

\(Q_1\) \(Q_N\)

Figure 3: Asynchronous reduction in an allocated
switch queue.

its reduction queue and producer through (queue, producer).
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Within each queue, the switch maintains a pointer for each

producer that selects the slot for its next contribution. Fig-

ure 3 illustrates this process with two producers and four

slots. Producer 1 contributes 𝑎0 and 𝑎1 to successive slots

(steps 1–2). Producer 2 then contributes 𝑏0, completing the

first slot and triggering emission of 𝑎0+𝑏0 (step 3). Producer 1
advances again with 𝑎2 (step 4), before producer 2 completes

the next two slots with 𝑏1 and 𝑏2 (steps 5–6).

The runtime can divide a collective into channels, with

endpoints encoding each channel’s aggregation tree, reduc-

tion queues, and contribution paths. We assume in-order

delivery from each producer along these paths, allowing its

local pointer to map successive contributions to successive

slots.

4.2 Receiver-Driven Credits
In the stream model, the receiver controls when a sender

injects packets into the network. NCP does this with credits:

a reducer grants each producer one credit per free slot, and

a producer sends only while it holds credits. This is the nat-

ural congestion boundary for a reduction tree: each sender

is rate-limited hop-by-hop by the next reducer, not by an

end-to-end rate loop [33]. A ToR grants credits to its attached

producers; a spine grants credits to the ToR reducers; the rule

composes unchanged across tiers. The scheme is receiver-

driven in the spirit of credit-based transports [6, 20], but

applied per-reducer along the tree rather than end-to-end,

so back-pressure forms exactly where fan-in concentrates.

Our prototype assumes a lossless fabric, so credits sit above

priority-based flow control rather than replace it; whether

per-reducer credits can safely coexist withDCQCN-governed

RDMA on shared links, especially across overlapping reduc-

tion trees, is an open question (Section 6).

4.3 Feasibility on Hardware
We implemented the stream reducer on a Tofino-1 ASIC

(SDE 9.13.1) with sixteen 32-bit lanes per vector (a 64-byte

payload). To emulate multiple producers, we developed a

custom DPDK traffic generator running on a single server.

Each queue uses disjoint register state, so concurrent col-

lectives do not serialize. Across 64 concurrent queues, we

sustain 43.4 million vector reductions / sec, and every run

reproduces the exact sum (no drops, no corruption). The

reduction is integer/fixed-point, so the sum is bit-exact de-

spite the nondeterministic combination order of §4.1 (unlike

floating-point addition, integer addition is associative, so

changing arrival order does not change the result). This does

inherit SwitchML’s [24] limitation of requiring endpoint

quantization for gradients; improving on this is future work.

We note that the reduction itself is a single stateful-ALU

update folded into the match-action pipeline; it consumes

no extra pipeline pass and so does not lower the switch’s

forwarding rate. 43.4 M/s is a generator bound, not a switch
bound: it is the rate a single server driving the switch over

one 100G link with a DPDK generator can produce, throttled

by its packet rate and the credit window (43.4M × 64 B ≈
22 Gbps, well under link capacity). Finding the ASIC’s true

ceiling with a multi-server generator is future work.

5 Experimental Evaluation
This section examineswhether the same instruction sequence

can execute at different placements (Section 5.1) and how

the resulting collective scales (Section 5.2).

We simulate a Clos network with 400Gbps links and a

4KB MTU in ASTRA-sim 2.0 and ns-3.42 (DCQCN, PFC,

ECN). NCP injection is governed by the per-hop receiver

credits of Section 4.2. We compare NCP against Ring and

double-binary Tree, as baseline algorithms from ASTRA-sim

(the endpoint-based schedules a runtime uses today).

5.1 Placement Invariance
First, we show the same instruction sequence executed at dif-

ferent devices. Placement invariance requires a fixed aggregation-

tree structure: the tree determines the instruction sequence,

while the LOC fields specify where each instruction executes.

We evaluate this with a single flat NCP AllReduce program

(one Reduce followed by one Replicate), executed with the

reducer at the host NIC (NIC-only), the rack ToR (Leaf-only),

and the spine (Spine-only). Across all three, the instruction

sequence is unchanged; the execution locations differ. Each

placement requires the corresponding local resources to be

allocated at the participating devices.

Our representation also supports changes to the tree struc-

ture. Spine+Leaf implements a two-level tree, where each

ToR aggregates its rack before a spine combines the partials,

by inserting one Reduce segment into the upward sequence

and updating replication in the downward sequence. This is a

different program, not a different placement of the same one;

but it is a change to the packet-carried program within the

same representation, sharing the packet format, instruction

set, and data-plane behaviors. NCP programs thus admit two

granularities of change: re-placement (rewrite LOC, structure
unchanged) and restructuring (insert or remove segments),

while retaining the same packet format and instruction defi-

nitions. Both require appropriate resources at the selected

devices, including reduction queues and credits (Section 6).

We sweep message sizes from 64KB to 16MB for deploy-

ments within a single rack (𝑁 = 8, 16) and across two racks

(𝑁 = 32). Every placement is functionally correct: all con-

figurations complete the AllReduce and produce identical

results. Figure 4 reports their completion times.
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Figure 4: AllReduce performance with GPU count (𝑁 =

8, 16: one rack; 𝑁 = 32: two racks of 16; log scale). Bars:
NCP placements; lines: endpoint baselines.

In a single rack (𝑁 = 16), Leaf-only is consistently the

fastest because the ToR connects directly to all GPUs and

avoids an incast bottleneck. At 16MB, it outperforms Ring by

2.1× (353 𝜇s vs. 758 𝜇s) and Tree by 14× (4.98ms). At 64 KB, it

is 26× faster than Ring. In contrast, NIC-only and Spine-only
concentrate traffic at a single root behind an oversubscribed

uplink, making them approximately six to seven times slower

than Ring at 16MB.

Across two racks (𝑁 = 32), a single root remains incast-

bound, whereas Spine+Leaf first reduces traffic within each

rack before combining the partial results at the spine. This

reduction in traffic between racks makes Spine+Leaf the

fastest configuration, outperforming Ring by 1.4× and Tree

by 10× at 16MB, and Ring by 38× at 64 KB.

No single configuration wins: in one rack the one-level

Leaf-only program is fastest; across racks the restructured

Spine+Leaf program takes over, while any single root is

incast-bound.Well-placed in-network reduction thus delivers
the gains in-network aggregation promises [13, 24], but good

placement depends on scale and topology, and can change

with operating conditions (congestion, multi-tenancy, fail-

ures...). NCP expresses these changes through updates to

execution locations and instruction sequences within the

same packet format. It therefore establishes a foundation for

future work in dynamic placement selection (§6).

5.2 Scaling and Representation Cost
We extend the one- and two-rack placement experiments to

a three-level fat-tree, increasing GPU count from within one

rack to across pods (Figure 5). Each reduction level combines

its incoming contributions into one outgoing stream. In the

evaluated configurations, completion time depends mainly

on tree depth and message size (Figure 5). In the latency

regime (8 KB), completion rises in discrete steps of a few

microseconds, one per tier added, and is flat in 𝑁 within a

tier. In the bandwidth regime (16MB), NCP is flat near 345 𝜇s
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Figure 5: AllReduce completion as GPU count grows,
at different message sizes. Bands: placement tier; an-
notations: NCP speedup over Ring/Tree at extremes.

from 8 to 1024 GPUs, as each tier forwards a single reduced

stream; Ring climbs from 679 𝜇s to 112ms as cross-pod links

oversubscribe, and Tree ships the full message at each of

2 log𝑁 levels.

Header overhead. An SRH occupies 8 + 16𝑆 bytes for 𝑆 full-

length segments, without optional TLVs [11]. A flat tree uses

three segments: Reduce, Replicate, and Store, requiring
56 bytes. Adding one Reduce segment increases this to 72

bytes. For a 4096-byte IP MTU, these headers occupy 1.37%

and 1.76% of the packet, respectively. Including the 40-byte

IPv6 header leaves payload fractions of 97.66% and 97.27%.

These estimates assume full-sized packets without additional

encapsulation and exclude transport headers, link-layer over-

head, and credit traffic.

6 Discussion and Open Questions
Treating collective execution as a program of placeable in-

structions opens several research questions.

NCP lets endpoints compose and place network operations

through a common interface, while devices execute bounded

operations using local resources. Runtimes can exploit lo-

cality or resource availability when choosing placements

(Section 5.1). For ML workloads, hierarchical reduction re-

duces communication overhead; in our scaling experiment,

completion time remains nearly constant with GPU count at

fixed aggregation depth. The same structure could support

latency-sensitive barriers by aggregating arrival notifications

and distributing a release, extending NCP to implement syn-

chronization primitives for large GPU jobs.

Adoption and capability discovery. An NCP segment tar-

gets a device advertising that instruction; other components

forward it without understanding its function. So adoption

can be incremental (§2): a fabric manager tracks which de-

vices advertise which instructions, and their available capac-

ity, so the runtime can place, bypass, or re-place accordingly.



Collectives Are Network Programs HotNets ’26, November 16-17, 2026, Salt Lake City, UT, USA

Standardizing this interface (and the cost model it exposes)

are open questions for future work.

Heterogeneous composition. We chose the stream model

(in §4), but the memory-mapped model also has strengths.

NVSwitch multicast-mem [21] lets a single store atomically

reduce across an NVLink domain (more natural for tightly

coupled GPUs). A single program could do both: End.Reduce
memory-mapped inside an NVLink domain, stream-based

across an Ethernet fabric, and endpoint reduction as fallback.

This extends our vision from one portable reduction mecha-

nism to a choice of interchangeable mechanisms. Whether a

switch should implement both models, and how a program

declares which to use, are open questions.

Placement synthesis and failure. NCP makes placement

a field the runtime can set. Collective languages and syn-

thesizers such as MSCCLang, SCCL, and TACCL [5, 7, 25]

could target NCP for supported network operations while

retaining the remaining work at endpoints. Placement would

require reasoning about device capabilities, available reduc-

tion resources, and link capacities jointly.

A reducer that fails loses only accumulated state (Sec-

tion 4). Re-placement costs only a few locator edits, so re-

covery can rebind the affected subtree’s End.Reduce to a

sibling or to the endpoints and replay the epoch, rather than

restarting the collective. Automatic recovery, and bounding

its cost, is ongoing work.

Synthesis and verification. Compiling collective descrip-

tions into NCP programs requires selecting devices and allo-

cating resources while preserving collective semantics. An

open question is how to combine collective synthesis with

protocol verification tools such as VeriNC [2] to establish

safety and liveness: contributions must be combined cor-

rectly, results delivered to the intended endpoints, and queue

reuse and credit handling must ensure progress

Isolation and shared resources. Our implementation al-

locates separate reduction state and credits to each queue.

Performance isolation also requires scheduling and band-

width allocation across shared switch and link resources,

together with access checks restricting queues to authorized

producers. These are implementation concerns: how should

devices schedule concurrent collectives while preserving

their semantics and respecting resource limits [26]? How

should per-reducer credits interact with transport conges-

tion control [33] and loss recovery when extending NCP

to lossy fabrics, particularly when overlapping trees share

links?

7 Related Work
In-network aggregation. In-network reduce is provided

by a decade’s worth of systems: SHARP in InfiniBand fab-

rics [13], SwitchML and ATP on programmable Ethernet

switches [17, 24], NetReduce transparently beneath RoCE [18],

and OmniReduce for sparse data [9]. They establish themech-

anism NCP builds on; it is the common representation under

which each becomes a backend of End.Reduce.
Programmable offload. sPIN runs user handlers per packet

on NICs [14], and Flare builds flexible allreduce on the PsPIN

RISC-V core [8]. These make the operator programmable, on

server-side or research silicon; NCP makes the placement
portable: the same instruction at endpoint, NIC, or switch

ASIC, composed across tiers.

Programs in packets, placed dataplanes. Active networks
carried arbitrary code [28, 29] (§2); Tiny Packet Programs

carry a small general-purpose instruction set that switches

execute at line rate, for telemetry and control [16]. NCP

narrows scope to a fixed, stateful, collective-specific ISA, and

makes placement a rewritable field. Flightplan splits one P4

program across heterogeneous dataplanes [27], and ClickINC

compiles modular INC programs onto devices [30, 32]; both

place at compile or deploy time, at program granularity,

through the control plane. Such toolchains are natural front-

ends that could emit NCP programs, embedding rebindable,

per-instruction placement in the packet itself.

Synthesis and substrate. MSCCLang supports collective

descriptions, while SCCL, TACCL, and CoCoNet synthesize

collective schedules for endpoints [5, 7, 15, 25]; these tools

could target NCP for supported network operations (§6).;

targeting NCP, they would instead choose the tree and place

each instruction on a device (§6). RMT, P4, and packet trans-

actions supply the programmable substrate [3, 4, 26]; SRv6

supplies the encoding (§3).

8 Conclusion
Collective execution inside the network remains tied to

offload-specific interfaces. We argue that it should be ex-

pressed through packet-carried programs that separate op-

erations from their placement and device-specific implemen-

tation. In NCP, endpoints encode the execution sequence,

while network devices perform bounded operations using

allocated local resources. SRv6 provides an existing header

format for these programs, extended with collective behav-

iors. Our Tofino prototype implements asynchronous re-

duction, and our simulations show that the same operation

sequence can execute at different placements. Changes to

the tree structure use the same instruction set and packet

format. This common execution interface provides a basis for

collective runtimes to exploit network resources across dif-

ferent devices. Determining how to select placements, share

resources, and coordinate concurrent collectives remains an

open research direction.
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