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ABSTRACT
An AI cluster now runs two networks. Alongside the Eth-
ernet scale-out fabric, a scale-up fabric such as NVLink or
UALink carries accelerators’ most bandwidth-intensive traf-
fic, and it has grown from a few GPUs in a server into a rack-
and cluster-scale network of hundreds of accelerators. Yet
unlike the Ethernet fabric beside it, it is a network software
cannot program. Accelerators inject load/store transactions
that traverse links and switches with no software interpo-
sition, leaving offload, observability, and resilience beyond
software’s reach.

We argue that scale-up fabrics should become software-
defined, as programmable switches did for Ethernet over the
past decade, and that the switch is the natural place to be-
gin. The packet match-action model of P4 and RMT does
not carry over, because a scale-up switch must operate on
load/store transactions rather than independent packets, stay
expressive for emerging GPU communication yet bounded
for line rate, and never corrupt GPU memory. We take a first
step with MemOps, a transaction-aware programming model
that composes bounded, verifiable operators over load/store
transactions to express offload, routing, and telemetry.

1 INTRODUCTION
Modern AI training and inference now span hundreds to
thousands of accelerators, and their communication demands
increasingly exceed what conventional Ethernet-based net-
works can provide. Accelerator systems are therefore adopting
tightly coupled scale-up fabrics, such as NVIDIA NVLink [2],
the UALink standard [46], and the Inter-Chip Interconnect
(ICI) used in Google TPUs [17, 24]. Once confined to links
among a few accelerators inside a single server, these fabrics
have grown into rack- and cluster-scale networks of hundreds
of accelerators [1, 6]. Unlike Ethernet, a scale-up fabric is
integrated directly with accelerator memory systems, so ac-
celerators communicate through fine-grained load/store mem-
ory transactions rather than packets [46]. These accelerator-
initiated memory operations bypass the host CPU, OS, NIC,
and much of the traditional protocol stack, delivering ultra-
high bandwidth and low latency [12, 20].

These fabrics deliver high performance, but today they are
also fixed-function and opaque by design. Accelerators inject
load and store transactions directly into the fabric, where they
traverse links and switches with no software interposition,
and no software layer can match, transform, replicate, route,
or observe these transactions. We call this the programma-
bility gap. This gap is a design choice, not an inherent prop-
erty of load/store fabrics. Nothing about memory semantics
forbids in-fabric programmability; rather, making a fabric
programmable while preserving those semantics and perfor-
mance is hard, which is why current fabrics omit it. Left
unaddressed, the gap limits communication offload, observ-
ability, and resilience in three concrete ways:

(1) Restricted communication offload: Existing scale-up
switches like NVSwitch provide collective offload primi-
tives, but these primitives are fixed-function and support
only predetermined, static communication patterns [35].
As we show in §2.2.1, this rigidity can limit the perfor-
mance of collective offloads and cannot express the emerg-
ing dynamic patterns such as MoE token routing.

(2) Limited performance observability: Today’s scale-up
fabrics expose only coarse GPU and switch counters,
while end-to-end tools provide collective traces and kernel
timelines [31, 33, 36]. These mechanisms can detect com-
munication slowdown, but provide limited insight into
whether it was caused by congestion, queuing, path imbal-
ance, or a slow memory endpoint. As we show in §2.2.2,
the lack of telemetry makes root-cause diagnosis hard.

(3) Inflexible routing and recovery: Scale-up topologies
often provide substantial path diversity [1, 6], but expose
little software control over how memory transactions use
those paths. As we show in §2.2.3, software cannot steer
traffic around degraded links, and the fabric offers limited
runtime failure detection and recovery.

We argue that closing this gap calls for making scale-up
fabrics software-defined, much as programmable switches
did for Ethernet over the past decade. In the Ethernet
world, programmability became the common substrate behind
software-defined networking [8, 15, 29], in-network computa-
tion [16, 40], and flexible network management [19, 25, 38].
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Scale-up fabrics now need the same substrate to support flex-
ible offload, observability, and management. We focus on
the switch, which sits on the communication datapath and
observes traffic between many accelerators, as the natural site
for this functionality (§3).

Realizing such a switch is hard, and it cannot simply reuse
the packet match-action model of P4 and RMT [9], built for
Ethernet, because scale-up fabrics make the problem distinct:
First, the switch operates on memory transactions, so the pro-
gramming model must explicitly capture load/store semantics.
Second, its interface must be expressive enough for emerging
GPU communication patterns yet constrained enough to run
at line rate. Third, correctness requirements are stricter, since
a faulty program could violate or corrupt GPU memory.

In this paper, we take a first step toward software-defined
scale-up fabrics with MemOps, bounded transaction-level op-
erators that run on scale-up switches. MemOps are typed
by load/store requests and completions, preserving request–
completion semantics. Programmers compose a small set of
bounded operators, spanning replication, address translation,
reduction, routing, and telemetry, into transaction-triggered
chains. Before installation, each program is verified for mem-
ory correctness, bounded resource usage, and predictable line-
rate execution. We show that MemOps can express efficient
AllReduce, dynamic MoE token routing, and fine-grained in-
network telemetry. MemOps represent one point in a broader
design space for software-defined scale-up fabrics, and we
conclude by outlining open research questions.

2 BACKGROUND AND MOTIVATION
2.1 Scale-up Networks at Scale
A scale-up network connects multiple accelerators into a uni-
fied logical compute unit through dedicated memory intercon-
nects. These fabrics use accelerator links (e.g., NVLink [2],
xGMI [3], and UALink [46]) and accelerator switches
(e.g., NVSwitch [14, 35] and Ultra Accelerator Switch [46])
to enable communication among accelerator memories. These
links carry cache-line-level memory transactions such as load
requests, store requests, and their completions [46].
Network Architecture: Early scale-up deployments were
largely confined to a single server, typically connecting 4–
8 accelerators through a local switched fabric [30]. More
recently, scale-up connectivity has expanded beyond a single
server to cluster-scale configurations [1, 6, 24, 46].

For example, as shown in Fig. 1, the NVIDIA GB200
NVL72 [1] forms a single-stage, non-blocking scale-up fabric
in which 72 GPUs are connected to 18 NVSwitches. Each
GPU contributes one NVLink connection to each switch,
and the 18 parallel switch planes collectively provide all-to-
all connectivity across the rack. The larger NVL576 topol-
ogy [6] extends this design to 576 GPUs using a two-tier

Multimem Primitives Description
st_multicast(addr,val) Store val to memory location addr on every

GPU in the group.
ld_reduce(addr,d) Reduce the values loaded from memory loca-

tion addr of all GPUs, and store the reduced
result to register d on the calling GPU.

Table 1: NVLS multimem primitives [35].

NVSwitch fabric. Beyond NVIDIA architectures, Google
TPU Pods [17, 24] use hierarchical ICI and optical switches to
interconnect thousands of accelerators. UALink also supports
switched fabrics that provide all-to-all connectivity among
1024 accelerators [46].
Scale-up Switch and Offloads: Scale-up switches can of-
fload communication from GPUs. We use NVLink SHARP
(NVLS) [14, 35] as a state-of-the-art example.

As shown in Table 1, NVLS exposes switch-offload prim-
itives through multimem instructions. A multimem address
maps symmetric memory locations across multiple GPUs to
one logical address, allowing a GPU to use a single mem-
ory instruction to invoke a multicast or reduction over mul-
tiple GPUs’ memory through the NVLink switch fabric.
Fig. 2 shows how to offload communication using multi-
mem.st_multicast. Traditionally, the sender GPU 𝐺0 must
store the same data separately to each of the 𝑁 receivers.
With multimem, 𝐺0 issues a single store operation, and the
switch replicates the data to all receivers. Similarly, ld_reduce
performs a many-to-one reduction: the switch replicates one
load request to multiple GPUs, reduces the data across GPUs,
and sends the aggregated result to the requesting GPU. These
primitives reduce GPU-injected traffic and the GPU cycles
required for replication and reduction.

2.2 Programmability Gap
Scale-up fabrics achieve high performance through hardware-
native load/store semantics that avoid much of the software-
mediation overhead. However, current fabrics remain fixed-
function and opaque: software cannot route or observe mem-
ory transactions in flight, and switch offloads expose only
limited, predefined functionality. We call this the programma-
bility gap. In this section, we show how this gap limits com-
munication offload, observability, and resilience.

2.2.1 Restricted Switch Offload. The first limitation is
that current scale-up switch offloads expose only a narrow
set of primitives, providing limited performance benefits to
collective and MoE workloads.
Slow Collective Performance: We evaluate NVLS-offloaded
AllReduce on a GB200 NVL72 system, whose topology is
shown in Fig. 1a. As shown in Fig. 3, NVLS only delivers
modest gains over ring AllReduce. NVLS provides no benefit
with four or fewer GPUs; even with 8–16 GPUs, it achieves
only 1.07×–1.15× higher algorithm bandwidth, reaching just
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Figure 1: Scale-up network architecture.
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Figure 3: NVLS benchmark in NVL72 GB200 cluster.
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Figure 4: Two-phase implementation of AllReduce in NVLS.

44.4% of the 900 GB/s NVLink bandwidth. This limited ben-
efit is consistent with prior observations [21, 45, 48, 52].

The reason is that NVLS lacks a native in-switch AllRe-
duce primitive and instead realizes AllReduce using two se-
quential primitives: ld_reduce (ReduceScatter) followed by
st_multicast (AllGather). During each phase, however, each
GPU sends and receives asymmetric amounts of data, which
under-utilizes the bidirectional link bandwidth.

Fig. 4 illustrates this process. In the first phase, the input
data of size 𝑆 is partitioned into 𝑁 equal-sized shards. For
each shard, its destination GPU issues ld_reduce, causing
the NVSwitch to reduce the corresponding shards across all
GPUs and return the result to that GPU. Thus, each GPU
sends 𝑆 bytes and receives one 𝑆

𝑁
-byte reduced shard. In the

second phase, each GPU uses st_multicast to send its local
reduced shard to the NVSwitch, which distributes it to all
GPUs. Thus, each GPU sends 𝑆

𝑁
bytes and receives 𝑆 bytes.

The key limitation is that communication is directionally
imbalanced in each phase. The first phase is dominated by
GPU-to-switch traffic, whereas the second is dominated by

switch-to-GPU traffic. Since each phase is bottlenecked by
its heavier direction, the two directions of the full-duplex
GPU–switch link are not fully utilized. Let 𝐵 denote the
per-direction link bandwidth. Each phase therefore takes ap-
proximately 𝑆

𝐵
, yielding a total time of 2·𝑆

𝐵
and an algorithm

bandwidth of 𝑆
2𝑆
𝐵

= 𝐵
2 , which matches the result in Fig. 3.

In contrast, an ideal in-switch AllReduce would integrate
reduction and multicast into a single streaming pipeline. As
each data block arrives at the switch, it is reduced and im-
mediately multicast back to all GPUs, fully utilizing both
directions of the full-duplex link. This would achieve an algo-
rithm bandwidth of 𝐵. Unfortunately, the primitives exposed
by the current NVLS interface (Table 1) cannot implement
such a design because of its semantic constraints [48].
Static Multimem Cannot Support Dynamic MoE Pattern:
Beyond the suboptimal performance of conventional collec-
tives, the current interface lacks the flexibility required by
emerging communication workloads. Applications such as
MoE [43] and speculative decoding [27] exhibit dynamic and
asymmetric communication patterns, whereas the current mul-
timem interface assumes static destination sets and symmetric
addresses across GPUs, i.e., it can operate only on memory
locations at the same offset on different GPUs. This mismatch
makes the interface ill-suited to such workloads and can cause
substantial performance degradation.

MoE dispatch is a representative example. Multicast can
send the same token to multiple experts located on different
GPUs, but the destination set varies across tokens according
to expert placement. As shown in Fig. 5, tokens 0 and 1 are
sent to {𝐺0,𝐺1}, whereas token 2 is sent to {𝐺1,𝐺2}. More-
over, each GPU’s receive buffer is typically partitioned by
source GPU: tokens from 𝐺0 occupy one contiguous segment,
followed by those from𝐺1,𝐺2, and so on. Because each GPU
receives different numbers of tokens from different senders,
the same token may be placed at different offsets in the re-
ceive buffers of its destination GPUs. For example, token 2
occupies slots 0 and 3 in the receive buffers of 𝐺1 and 𝐺2, re-
spectively. The NVLS interface cannot directly express either
these dynamic destination sets or asymmetric offsets. Im-
plementing such communication with the existing multicast
primitive therefore introduces large redundant traffic [51].
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Figure 5: MoE token dispatch.

Causes of congestion Bandwidth (GB/s) Slowdown (%)
Sender 170.2 57.5
Receiver 190.1 52.5
Link 132.3 66.9

Table 2: Bandwidth degradation caused by different types of conges-
tion on an NVIDIA DGX H100 server with 450 GB/s NVLink bandwidth.

2.2.2 Limited Fabric Observability. Scale-up memory
transactions are largely invisible to software instrumenta-
tion, and developers cannot insert custom probes to monitor
or trace individual memory transactions. Applications can
observe only kernel or collective completion times and ag-
gregate switch counters, while the fabric’s internal behavior,
such as per-link traffic, request latency, backpressure, and
switch-level queueing, remains opaque.

This opacity complicates performance diagnosis. Suppose
the observed bandwidth between two GPUs drops from
400 GB/s to 200 GB/s. End-to-end measurements using GPU
probe kernels [39], application profilers such as Nsight Sys-
tems [36], or collective-level traces such as NCCL Inspec-
tor [11, 49] can detect the degradation, but cannot directly
identify its root cause. Possible causes include: (1) the source
GPU cannot inject data quickly enough because the commu-
nication kernel is delayed due to SM contention; (2) the des-
tination GPU cannot drain incoming data because of HBM
contention; (3) a GPU-to-switch uplink or switch-to-GPU
downlink experiences degradation or congestion; or (4) an
internal switch path is congested or impaired.

As shown in Table 2, we reproduce three of these causes
and show that they produce similar end-to-end slowdowns.

For case (1), we co-locate a communication kernel trans-
ferring data from 𝐺0 to 𝐺1 with a computation kernel on 𝐺0.
Their combined thread-block count exceeds the GPU’s maxi-
mum concurrent capacity, i.e., the number of SMs multiplied
by the maximum resident blocks per SM. The two kernels
therefore contend for SM residency and resources such as
registers and shared memory. As a result, the communication
bandwidth drops from 400 GB/s to 170.2 GB/s.

For case (2), a communication kernel on 𝐺0 sends data to
𝐺1 while a memory-read kernel on 𝐺1 loads data from HBM
into shared memory. The incoming writes and local reads
contend for HBM bandwidth, reducing the communication
bandwidth by 52.5%.

For case (3), three GPUs simultaneously send data to a
single receiver GPU. The transfers contend for the switch-to-
receiver downlink, reducing per-transfer bandwidth by 66.9%.

These results show that without fine-grained, lower-layer
telemetry from the scale-up fabric, pinpointing the origin of
the slowdown is difficult.

2.2.3 Inflexible Routing without Resilience. Scale-up
fabrics provide substantial physical path diversity, but expose
limited application-level control over how fine-grained mem-
ory requests are mapped onto those paths. For example, in
an NVL72 system, each GPU connects to the NVSwitch fab-
ric through 18 NVLinks, one to each of the 18 NVSwitch
ASICs, providing multiple switch-mediated routes between
GPU pairs [1]. CUDA peer-memory access, however, exposes
a remote GPU’s memory as an address: kernels issue ordinary
loads and stores to that address, but cannot select or weight
the physical route used by an individual request [34].

This separation is particularly problematic under grey fail-
ures, where a path remains reachable but offers substantially
lower bandwidth. Consider two parallel path groups: one
healthy and one degraded from 900 GB/s to 100 GB/s [5, 7].
An equal traffic split makes the degraded group the bottle-
neck, whereas a capacity-aware 9:1 split allows both groups to
finish at roughly the same time and preserves more aggregate
bandwidth. Since kernels cannot map individual memory re-
quests to physical paths or dynamically adjust the traffic split
as link conditions change, such rebalancing is impossible.

3 PROGRAMMABLE SCALE-UP SWITCH
The three limitations in the previous section share a com-
mon root cause: today’s scale-up fabrics provide no way to
program how memory transactions are processed in flight.
Realizing the software-defined fabric we envision therefore
begins with making the switch programmable. Programma-
bility could be introduced at several points in the datapath,
including the GPUs, the links, and the switches. We focus on
the switch because it lies directly on the communication data-
path, holds a global view of traffic from many accelerators,
and can observe, transform, aggregate, and route distributed
memory transactions without modifying GPU architectures.
Design Requirements: A programmable scale-up switch’s
programming model must therefore satisfy four requirements:
1. Compatibility with load/store protocols. The switch

must preserve endpoint-visible memory semantics, includ-
ing request–completion dependencies, ordering constraints
and memory access permissions. For example, every load
issued by a GPU must eventually receive a valid comple-
tion with a matching tag [46].

2. Expressive but bounded semantics. The programming
model must support use cases described in §2.2. At the
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Figure 6: Proposed scale-up switches.

same time, the programming semantics should remain
bounded to enable efficient and predictable execution.

3. Line-rate throughput and bounded latency. The switch
must process transactions at the aggregate fabric line
rate. Per-transaction work and execution latency must be
bounded to avoid GPU stalls and excessive buffering.

4. Verifiable correctness and performance. A faulty switch
program must not corrupt GPU memory or violate mem-
ory protocol and memory-protection rules. Before installa-
tion, a verifier should ensure that each program terminates,
uses bounded resources, accesses only authorized address
ranges, generates protocol-compliant transactions, and sus-
tains line-rate execution with predictable latency.

Why Not P4? These requirements make a traditional P4-
style programming model a poor fit. P4 processes packets
independently, whereas scale-up fabrics must preserve de-
pendencies across load/store requests and completions. P4’s
general per-packet abstractions therefore do not naturally rep-
resent dependent memory transactions, which complicates
verification of memory correctness and bounded execution.
Moreover, packet-level actions poorly express ML patterns
such as reduction that coordinate many memory transactions.
Our Design: Programmable Switch with MemOps. We
propose a constrained, transaction-aware programming archi-
tecture based on distributed shared-memory operators, which
we call MemOps. MemOps execute directly on fine-grained
load and store requests and completions, while exposing only
operations that can be efficiently implemented and verified.

Fig. 6 illustrates the proposed architecture. When a mem-
ory transaction arrives, its type triggers a programmer-defined
chain of MemOps. Each MemOp may inspect or transform
the transaction, replicate or route it, aggregate it with related
transactions, generate new requests or completions, or up-
date telemetry state. The switch executes the chain while
preserving endpoint-visible load/store semantics and enforc-
ing bounded resource usage.

store_req
0x400
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NVSwitch

G1 G3G2

store_req
0x500

store_req
0x800cmpl

cmpl
Experts=G1, G3

G1:0x500 G3: 0x800

Figure 7: MoE token dispatch with MemOps.

4 MEMOPS DESIGN AND USE CASES
As summarized in Table 3, the proposed MemOp set in-
cludes operators for transaction replication, address trans-
lation, data reduction, explicit routing, and telemetry collec-
tion. MemOps may be applied to four classes of memory
transactions: load requests (load_req), load completions car-
rying data (load_cmpl_data), store requests carrying data
(store_req_data), and store completions (store_cmpl). These
transaction classes match the UALink specification [46].

A programmer associates each transaction class with a
chain of MemOps. The switch starts executing the chain se-
quentially when a matching transaction arrives. A MemOp
may modify the current transaction, emit one or more new
transactions, wait for and combine multiple transactions, or
export selected information to the control plane. A MemOp
chain can execute across multiple passes. For example, multi-
cast(req) returns handles to the resulting completions, and the
MemOps that process those completions run only once the
switch receives them. Next, we walk through three use cases
that MemOps express: MoE token routing, AllReduce, and
in-network telemetry.
Use Case 1: MoE Token Routing: We now show how Mem-
Ops can offload dynamic MoE token routing; Fig. 7 shows
the workflow. MemOps overcome the limitation of existing
scale-up switches (§2.2.1) using in-switch address translation
and dynamic multicast.

trigger(store_req_data) {
expert_ids[] = experts_lookup(store_req_data.addr);
addrs[] = lookup_dst_gpu_addr(expert_ids[]);
store_cmpls[] =

store_req_data.multicast(addrs[]).send();
// wait until all stores complete
reduce(store_cmpls[]);
store_req_data.cmpl().send();

}

The on-switch computation is triggered when the switch re-
ceives a GPU-issued store_req_data. The request address
indexes an expert routing table, configured when the MoE
model is deployed, that identifies the GPUs hosting the se-
lected experts. For each destination GPU, the switch then com-
putes the address where the token should be written, based on
the number of tokens previously routed to that GPU. Then,
the multicast MemOp replicates the original store request,
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MemOp Interface Semantics Applies to

send t′ = t.send send t, if t is a req, return the handler of its completions. All
multicast t.multicast(addr[ ] ) Replicate t to multiple destination addresses. LR, SR
update_address t.update_address(new_addr) Update the transaction address. LR, SR
reduce reduce(t[ ], { 𝑓 }) Wait until all t[ ] are ready; combine using the reduction function 𝑓 . LC, SC
cmpl 𝑡 .cmpl({𝑑𝑎𝑡𝑎}) Generate completion for a request 𝑡 . LR, SR
telemetry_lat ℓ = t.telemetry_lat( ) Measure request-to-completion latency. LR, SR
count 𝑐.count(t) Increment a counter for matching transactions. All
bind t.bind(port) Select the outbound switch port. Outbound
ctrl_send ctrl_send(data) Export data or telemetry to the control plane. All

Table 3: MemOps supported by the programmable scale-up switch. LR denotes a load request, SR a store request carrying data, LC a load completion
carrying data, and SC a store completion. The symbol t denotes a memory transaction.

with each replica writing to the corresponding destination
address.

Each transmitted store request produces a completion. The
reduce MemOp waits until all of these completions have
arrived. The switch then uses cmpl to generate a completion
for the original store request and send to return it to the
requesting GPU. Thus, the host observes a single completed
store only after the token has been delivered to target experts.
Use Case 2: AllReduce Offload: We now show an AllReduce
implementation. Here, MemOps overcome the limitation of
existing scale-up switches by letting programmers write a
chain that fuses load reduction with store multicast.

trigger(load_req) {
dest_addrs[] = {load_req.addr, G2_addr, G3_addr};
// Gather and reduce values from all participants.
load_cmpls[] = load_req.multicast(dest_addrs[]).send();
reduced_load_cmpl = reduce(load_cmpls[], +);
// Construct a store
store_req = new_store_req(reduced_load_cmpl.data);
// Multicast the result to all GPUs.
store_cmpls[] =

store_req.multicast(dest_addrs[]).send();
// Wait until all result stores complete.
reduce(store_cmpls[]);
// Complete the triggering load request.
load_req.cmpl(reduced_load_cmpl.data).send()

}

The switch multicasts a GPU-issued load_req to all partic-
ipants, reduces the returned load data, and multicasts the
result through store requests. After all stores complete, it re-
turns a load completion to the requester. This gather–reduce–
broadcast executes within one MemOp chain and can be
pipelined across cache lines for concurrent processing.
Use Case 3: In-Network Telemetry. MemOps can measure
request–completion latency. For selected transactions, the
switch timestamps the request, matches its completion, and
records the latency using telemetry_lat. It can aggregate slow
transactions with count and export only threshold violations
through control_plane_send, enabling fine-grained diagnosis
with low telemetry overhead.

5 PROGRAM VERIFICATION
Before installation, each MemOp program must be checked
for protocol correctness, memory safety, bounded resource

usage, and predictable performance. The verifier combines
linear types, SMT-based safety checks, and a target-aware re-
source model, building on techniques from session types and
programmable data-plane verification [28, 44, 47]. MemOps
are amenable to compositional verification because each oper-
ator explicitly exposes its transaction types and dependencies.
The verifier constructs a transaction graph and checks:
1. Request–completion correctness. Requests and comple-

tion obligations are linear resources. Every generated re-
quest must use a valid tag and produce exactly one match-
ing completion or follow a bounded error path.

2. Memory protection. Generated and translated addresses
must remain within authorized GPU memory regions. Dy-
namic lookups require runtime bounds checks.

3. Bounded state and buffering. The verifier bounds out-
standing transactions, concurrent operator instances, and
switch-local state. For stateful operators such as reduce, it
derives the buffering bound from the maximum response
latency, concurrent group count, and timeout.

4. Bounded performance. Each MemOp chain must have
bounded execution latency and sustain line-rate processing.
Operations awaiting remote completions must define a
bounded timeout or error path.

6 DISCUSSION AND FUTURE WORK
MemOps are a first step, not a finished design. Turning them
into a practical substrate for software-defined scale-up fabrics
raises open questions that seed a broader research agenda.
Architecture design. How should MemOps be mapped onto
switch hardware while preserving line-rate throughput? Is an
RMT-style pipeline [9, 10] sufficient? What hardware mecha-
nisms can efficiently support collective operations [18]?
Runtime integration. How should the compiler and run-
time stack compile, install, schedule, update, and revoke
MemOp programs? How should programmable switches inte-
grate with communication frameworks such as DeepEP [13],
NCCL [32], and NVSHMEM [37], as well as collective syn-
thesis systems [4, 42, 52].
Stateful data structures. Efficient MemOp execution re-
quires scalable in-switch structures, including hash and trans-
action tables [22, 23], telemetry sketches [50], and reduction
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buffers [26, 41]. These structures must support high concur-
rency under tight area, timing, and latency constraints.
Beyond programmable switches. Switch programmability
represents only one point in the design space. Future work
should explore complementary programmable interfaces in
accelerators, links, and memory controllers, enabling an end-
to-end software-defined scale-up fabric.
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