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Abstract
Modern ML workloads increasingly rely on direct commu-
nication between host devices—such as GPUs, NVMe SSDs,
and DRAM—spanning intra-host and inter-host networks.
However, today’s intra-host network lacks hardware-level
primitives for routing across heterogeneous interconnects,
hindering efficient use of alternative paths and leading to sub-
optimal performance under failures or congestion. Further-
more, the inter-host network treats the NIC as the endpoint,
with intra-host interconnects like PCIe running oblivious to
inter-host network protocols. This prevents leveraging mul-
tiple paths for communication between host devices across
different servers. To address these limitations, we propose
expanding the datacenter network layer to encompass the
intra-host network, making intra-host devices first-class net-
work endpoints. Our scheme envisions hardware-level rout-
ing and forwarding across multiple intra-host interconnects
and makes intra-host devices visible to the inter-host net-
work. This unified approach provides a principled foundation
for robust, efficient peer-to-peer communication between
storage and compute hardware devices in AI datacenters.

CCS Concepts
• Networks → Network architectures; Data center net-
works.
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1 Introduction
The network layer in computer networks is primarily respon-
sible for delivering data from a source host to a destination
host across interconnected networks. The Internet Proto-
col (IP), the standard in both the Internet and datacenter
environments, specifies how data is addressed and routed
to its destination. It also enables efficient use of path diver-
sity by supporting routing around link failures [32] and load
balancing across equal-cost paths [16].
Network layer protocols have traditionally assumed that

the network begins and ends at the host’s network interface
card (NIC). Data transfers between the NIC and application
buffers are handled by hardware-level protocols of intra-host
interconnects like PCIe [2, 60], which operate independently
of the inter-host Ethernet/IP protocols. This design makes
sense for classical networking applications, which typically
run on the host CPU and only move data between the NIC
and the CPU memory (DRAM). Servers for these workloads
typically feature one or more NICs connected to the CPU
via single-rooted PCIe topologies [42], ensuring a single,
deterministic path between NIC and DRAM, and therefore
not requiring any dynamic intra-host routing.

The rise of machine learning (ML) workloads such as large
language model (LLM) training and inference has driven the
adoption of servers with multiple accelerators (GPUs), stor-
age devices (NVMe SSDs), and RDMA NICs (RNICs), leading
to larger and more complex intra-host network topologies.
Figure 1 illustrates the common intra-host topology used in
server designs from major vendors [4, 9, 14, 29, 35, 55], with
similar designs adopted by multi-GPU cloud VMs [6, 23, 50].
In these architectures, each CPU socket connects to multiple
PCIe switches, with each switch linking a GPU, an RNIC,
and several NVMe SSDs. The PCIe interconnect enables

https://doi.org/10.1145/3772356.3772415
https://doi.org/10.1145/3772356.3772415
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Figure 1: Intra-host network in a multi-GPU server.

data transfers across devices (e.g., RNIC↔GPU, GPU↔SSD)
and to DRAM, while GPUs are also connected via a higher-
bandwidth GPU fabric for fast inter-GPU transfers. Although
server architectures and intra-host topologies have evolved
in response to new application demands, intra-host trans-
fers still rely on rudimentary hardware protocols originally
designed for simple, single-path device-to-DRAM transfers.

The hardware protocols for intra-host data transfers have
two key limitations. First, they lack native support for rout-
ing and forwarding data across heterogeneous interconnects.
For instance, in Figure 1, while the hardware supports trans-
fers within the PCIe fabric between any pair of devices (RNIC,
SSD, GPU or DRAM) and within the GPU fabric between
any pair of GPUs, it offers no hardware-level primitives for
transfers spanning both PCIe and GPU fabrics. This limits
efficient use of alternative paths. For example, if RNIC0 en-
counters PCIe link failure or congestion while transferring
data to DRAM0 via PCIeSw0, it could instead use an alterna-
tive path through GPU0→GPU1→PCIeSw1. However, existing
hardware primitives limit the use of the latter, leading to
suboptimal performance and resource utilization under fail-
ures or congestion. While alternative paths can be utilized
through application-level primitives, it introduces significant
overheads (see §2.2).
The second limitation is that intra-host hardware proto-

cols operate independently of inter-host network protocols,
offering the inter-host network no visibility into the rich
“last-mile” topology within the server. Servers statically link
each GPU to its nearest local RNIC, so when a remote GPU
sends data to GPU0 in Figure 1, it is routed to RNIC0. If there is
failure or congestion at the switch-to-RNIC0 link, inter-host
protocols remain unaware of alternative intra-host paths
to GPU0 via RNICs1-7, preventing their effective use. Such
seemingly local failures can stall entire distributed training
jobs, resulting in minutes of wasted computation and leaving
expensive accelerators idle (§2.3).
In this paper, we propose expanding the datacenter net-

work layer’s scope beyond the host NIC to include the intra-
host network, making intra-host devices first-class network
endpoints. We envision hardware-level routing and forward-
ing across multiple intra-host interconnects (e.g., PCIe and
GPU fabric) and making intra-host devices and intra-host

Table 1: ML driving device-to-device communication

Device Pairs ML Workload Tasks

GPU↔GPU LLM training: collective communication; LLM
serving: tensor, pipeline, expert parallelism; prefill-
decode disaggregation

GPU↔DRAM LLM training: optimizer state & model parameter
offload, model checkpointing, input loading; LLM
serving: KV cache offload, compute offload

GPU↔SSD LLM training: data ingestion, checkpointing; LLM
serving: model loading, KV cache offload; DLRM
inference

RNIC↔GPU,SSD,DRAM All above when devices are in different servers

link states visible to the inter-host network. Our blueprint to
realize this vision includes: (i) a global addressing scheme for
all intra-host devices, (ii) unified routing tables across intra-
and inter-host networks, and (iii) network hardware-level
forwarding across PCIe and GPU fabric interconnects.
The rest of the paper analyzes current device-to-device

communication and its limitations (§2), describes our pro-
posed blueprint (§3), and discusses future directions (§4) and
related work (§5).

2 Inefficiencies in Data Transfers for ML
Workloads

In this section, we first examine how modern ML workloads
drive device-to-device transfers within and across datacen-
ter hosts (§2.1). We then show how the lack of routing and
forwarding across heterogeneous host interconnects causes
intra-host inefficiencies (§2.2), and how the independent
operation of intra-host and inter-host networks leads to in-
efficient data transfers across hosts (§2.3).

2.1 Data Transfers in ML Workloads
Modern ML workloads have driven the rise of data transfers
between various host devices—such as CPU-attached DRAM,
GPUs, RNICs, and SSDs—across the intra-host network. Ta-
ble 1 summarizes the key device pairs and the ML tasks that
drive the inter-device communication. The dominant pattern
is GPU↔GPU communication, driven by collective opera-
tions in LLM training [21, 34], and by parallelisms [25, 51, 59]
as well as prefill-decode disaggregation [41, 65] in LLM serv-
ing. Intra-server GPU communication uses GPU fabric, while
inter-server communication uses RNIC pairs via GPUDirect
RDMA [40]. GPU↔DRAM communication is common for
KV cache offload [25] and can also target remote DRAM
using RDMA [45]. Other GPU↔DRAM communication in-
cludes optimizer/model parameter offload [47], in-memory
checkpointing [61], and input data loading [3] in LLM train-
ing. GPU↔SSD communication, enabled by GPUDirect Stor-
age [37], is increasingly used for model checkpointing and
data ingestion in training [33, 39], fast model loading and KV
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Figure 2: Intra-host communication faces degradation,
contention and lacks bandwidth aggregation.

cache offload in inference [48, 64], and large-scale embedding
lookups in DLRM [63].
While Table 1 shows pair-wise device communication,

many transfers happen concurrently in practice. For instance,
during LLM training, a GPUmay save a checkpoint to DRAM
while also sending gradients to a remote GPU [61]. Emerging
systems like RAG [30], mixture-of-experts [8], and prefill-
decode disaggregation [45] are making host device commu-
nication patterns more complex and dynamic.

2.2 Inefficient Intra-host Data Transfers
We now illustrate intra-host data transfer inefficiencies using
KV cache offloading as a case study. Before examining two
example scenarios, we briefly overview KV cache offloading
and its datapath.

In today’s LLM serving (inference) systems, the key-value
(KV) cache is a large intermediate state which is used to
predict the next output token [57]. While serving multiple
requests, the KV cache for all the requests cannot simul-
taneously fit into the GPU’s limited onboard memory. As
a result, today’s state-of-the-art LLM serving systems of-
fload the KV cache to the local CPU-attached DRAM [26, 28],
SSDs [48, 52], and other GPU’s memory [58]. In a distributed
setup, GPUs can also offload KV cache to the DRAM and
SSDs in a remote server [45].
KV cache offloading datapath. We consider GPU0 offload-
ing KV cache to DRAM0 in Figure 2. Each host device, including
DRAM, exposes a memory region that is assigned a unique
address range within a unified physical address space by the
BIOS/UEFI. To initiate the transfer, the GPU’s DMA engine is
given the destination address and transfer size. It then issues
multiple Memory-Write TLPs on its PCIe interface, each with
a destination memory address belonging to DRAM0.1 PCIeSw0
then uses static address-based routing to forward these TLPs

1For simplicity, we assume IOMMU is disabled; otherwise, address transla-
tion is required [1].
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upstream to the PCIe root complex (RC) in CPU0, which con-
verts them into cacheline writes and sends the data to DRAM0

over the memory bus.
Other than the CPU-attached memory, GPU0 can also of-

fload KV cache to the SSDs using the GPUDirect Storage
(GDS) [36] paradigm. GDS typically involves two steps. First,
the SSD driver on the CPU creates an NVMe Write entry in
the SSD’s submission queue in host DRAM. This entry con-
tains pointers that reference the KV cache pages in the GPU
memory. The CPU then rings the SSD’s doorbell via a PCIe
Memory-Write TLP, prompting the NVMe controller to fetch
and execute the command, thereby pulling data directly from
the GPU using Memory-Read TLPs and committing it to its
flash [46]. Modern CPUs can forward Memory Read/Write
PCIe TLPs to any PCIe RC in the host, allowing GPU0 to
offload KV cache to any desired set of SSDs.
Scenario 1: Existing data transfer mechanisms can’t
efficiently route around failed or contended PCIe link.
Failures of a subset of PCIe lanes (resulting in PCIe band-
width degradation) or even complete PCIe link failures are
common in multi-GPU servers deployed at scale [10, 31].
If the PCIe link connecting GPU0 to PCIeSw0 (see 1a○ in Fig-
ure 2) suffers bandwidth degradation, it naturally affects
the performance of KV cache offloading from GPU0 to DRAM0.
Similarly, the KV cache transfer from GPU0 to DRAM0 can face
contention (see 1b○ in Figure 2) if there is a concurrent KV
cache transfer from a remote GPU to DRAM0 via RNIC0. Notice
that GPU0 has alternative paths to reach DRAM0, such as via
GPU1, but the current intra-host network lacks primitives
for network-layer re-routing over these paths. As a result,
only application-layer re-routing is possible through the fol-
lowing steps: (i) selecting an alternative path (e.g., via GPU1),
(ii) allocating memory on GPU1 as a staging buffer, and (iii)
transferring the KV cache to GPU1 over the GPU fabric, then
from GPU1 to DRAM0 via PCIe DMA (as described above).

However, application-driven forwarding has several draw-
backs. Figure 3 shows that the simplest application-driven
approach (“Transit-simple”), where GPU0 first transfers the
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entire 6.4 GB KV cache to GPU1 before GPU1 sends it to DRAM0
takes ∼13.66% longer than the direct path.2 This is primar-
ily because the second transfer cannot start until the first
one finishes. This method uses minimal control logic, but
requires a large staging buffer. Alternatively, using a smaller
staging buffer reduces memory usage by dividing the trans-
fer into pipelined chunks, allowing parallel transfers from
GPU0 to GPU1 and GPU1 to DRAM0. However, each chunk re-
quires application intervention, increasing control overhead
(see “Transit-chunked” in Figure 3) and resulting in at least
∼9.88% longer transfer times. In both approaches, staging
buffers consume valuable memory on the transit GPU and
require complex mechanisms to avoid interfering with the
GPU’s local workloads [49].
Scenario 2: Existing data transfer mechanisms can’t
utilize the total available GPU↔SSD bandwidth. When
GPU0 is offloading its KV cache to the SSDs, it can reach all
16 SSDs within the server using its PCIe interface, thanks to
the aforementioned CPU support for TLP forwarding. How-
ever, since GPU0’s PCIe interface has x16 lanes and each SSD
is accessible via x4 lanes, GPU0 can simultaneously offload
KV cache to only 4 SSDs. Notice that GPU0’s fabric interface
offers additional, higher-bandwidth to access more SSDs si-
multaneously – e.g., the NVIDIA H100’s GPU fabric provides
3.6 Tbps versus 512Gbps on PCIe [44]. However, the current
intra-host network lacks network-level primitives to simul-
taneously leverage the GPU fabric bandwidth for KV cache
offloading. As in Scenario 1, the only way for GPU0 to aggre-
gate bandwidth across interfaces is via the application layer,
which must transfer KV cache segments to staging buffers
on intermediate GPUs before offloading to different SSDs.

2.3 Inefficient Inter-host Data Transfers
In this subsection, we use distributed LLM training as a case
study to illustrate an example scenario of inefficient data
transfer across the inter-host network.
Modern LLM training systems operate in distributed en-

vironments with tens of thousands of GPUs [13, 21], using
collective communication to synchronize parameters, ag-
gregate gradients, and coordinate updates. We focus on a
single data transfer within a collective operation, where say
GPU_A0 in serverA sends data to GPU_B0 in serverB. When
devices on different servers communicate, the intra-host net-
work provides last-mile connectivity, with RNICs serving as
gateways between intra- and inter-host networks.

Datapath for transfer across GPUs in different servers.
First, on each server, GPU_A0 (or GPU_B0) allocates a buffer
and registers it with its nearest RNIC (RNIC_A0 or RNIC_B0).
Next, RNIC_A0 and RNIC_B0 establish an RDMA Queue Pair

2Conducted on a PCIe4.0 multi-GPU server with NVIDIA A100 GPUs.
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(QP) by exchanging their network coordinates (e.g., GIDs,
QP numbers) and memory handles (address and remote
key). ServerA then posts an RDMAWrite work request to
RNIC_A0. RNIC_A0 pulls data from GPU_A0’s buffer by issuing
PCIe Memory-Read TLPs and receiving PCIe Completion
Data TLPs. This data is sent to RNIC_B0 using RoCEv2 over
the inter-host network, which in turn pushes it into GPU_B0’s
designated buffer via PCIe Memory-Write TLPs. GPU col-
lective communication libraries such as NCCL are built on
top of this basic data movement primitive, and other devices
follow a similar workflow for inter-host communication.
Scenario 3: Existing data transfer mechanisms can’t
route around failed RNICs. Failures are common in LLM
training, causing significant downtime and GPU underuti-
lization [10, 11]. Network-related failures, including faults
in switch-to-RNIC links, RNICs, or RNIC-PCIe connections
make up over 10% of all reported failures in distributed LLM
training [10]. To quantify the impact of a single RNIC failure,
we trained GPT2-20B on a 4-machine, 32×A100 GPU clus-
ter (Megatron-LM, TP=2, PP=4, DP=4). Figure 4 depicts the
training progress when RNIC_B0 fails and GPU_B0 become
unreachable (although remains healthy). Training immedi-
ately stalls and waits for a default timeout (4.5mins3) before
rescheduling. After this timeout, the training is stopped and
rescheduled on a new healthy server, replacing serverB

– a standard practice due to the tightly-coupled, synchro-
nous nature of distributed training [20, 56]. In our setup,
rescheduling took 9 secs, but this step can take up to 15mins
at production scale (e.g., 8192 GPUs) [27]. After that, restart-
ing requires reloading checkpoints which took 2mins, and
this overhead can increase at larger scales [61]. Finally, after
restart, all unsaved iterations since the last checkpoint must
be rerun; with 10-second iterations and 25 lost iterations,
this resulted in ∼4.8mins of wasted computation.

In summary, a single RNIC failure resulted in∼11.3minutes
of downtime and GPU underutilization in our setup; and the
impact is even greater at larger scales. The core issue is the
3A minute-level timeout is set to avoid mistakenly terminating training due
to transient network fluctuations or short-term anomalies at large scale [10].
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loss of connectivity to GPU_B0 when RNIC_B0 fails, despite of
possible alternative paths (e.g. via RNIC_B7). This is because
GPUs (and other devices) map memory to their nearest RNIC,
which serves as the gateway for remote access via RDMA
QPs. The Ethernet network routes RoCEv2 packets using the
destination RNIC’s IP, effectively tying each device’s acces-
sibility to a specific RNIC. Thus, accessing a given device
requires targeting the RNIC where its memory is registered.

3 Our Vision: Extending the Network Layer
Beyond NICs

To address the problems identified in §2 and to better support
the emerging device-to-device communication, we argue that
we need to re-architect the (AI) datacenter network to treat
the intra-host devices as the ultimate network endpoints. To
this end, we envision a paradigm where the intra-host and
inter-host networks are no longer independent entities but
operate together as a single, unified network.
In this section, we outline a blueprint for realizing this

vision, comprising: (i) a global addressing scheme to uniquely
identify intra-host devices across the datacenter; (ii) a routing
scheme with routing tables for both intra- and inter-host
networks; and (iii) a forwarding mechanism bridging PCIe
and GPU fabric interfaces.

Rather than proposing a clean-slate design, our approach
emphasizes compatibility and reuse of existing standards
wherever possible, and we focus on design concepts rather
than implementation specifics. Figure 5 shows the overall
blueprint which we explain below considering the example
of GPU_A0 in server A sending data to GPU_B0 in server B.

3.1 Addressing
Our addressing scheme assigns each device in the datacen-
ter a unique device ID (DevID), comprised of two parts: a
globally unique server ID (serverID) and a local device
ID (localDevID). For example, in Figure 5, server B has
a serverID of 11.1.1.1, and GPU_B0 has a localDevID of
22, resulting in an DevID4 of 11.1.1.1:22. The bottom of
Figure 5 depicts the schematic5 of an inter-host Ethernet
packet. As noted in §2, data transfers correspond to mem-
ory reads/writes at specific addresses. Thus, in addition to
the source and destination DevID, each packet includes an
OpCode (indicating a read or write), the destination memory
address, and the data length (similar to RoCEv2 “Write Only”
packet [12]). Our blueprint does not mandate how the DevID
is mapped onto Ethernet/IP headers; the only requirement
is that inter-host Ethernet switches can parse and match on
the destination DevID. In summary, this addressing scheme
provides unique identification of intra-host device endpoints
such as GPU_A0 and GPU_B0 across the datacenter, decoupling
endpoint addressing from the packet’s routing path.

3.2 Routing
To facilitate routing, a local routing agent on each server
computes intra-host routes and costs from each gateway
RNIC to every device within the server. This information is
shared with a logically centralized routing controller, which
computes the complete end-to-end path and installs routing
rules on GPUs, PCIe switches, RNICs, and Ethernet switches.

4Conceptually similar to per-device IP address with a common mask.
5Our simplified packet structure doesn’t consider transport-level semantics.
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For example, the computed route from GPU_A0 to GPU_B0

may traverse: GPU_A0→PCIeSw_A0→RNIC_A0→L0→[S0. . .S15]

→L24→RNIC_B0→PCIeSw_B0→GPU_B0. On GPU_A0, the gate-
way for destination 11.1.1.1:22 is set as RNIC_A0. Leaf
switch L0 uses ECMP to forward packets to the spine switches,
which in turn forwards to leaf switch L24, and then to RNIC_B0.
Since RNIC_B0 has only one outgoing path, it requires no
routing rules. Within the destination host, intra-host rout-
ing rules are based on the physical address space (§2.2), and
PCIeSw_B0’s routing table forwards packets based on the
destination memory address to GPU_B0. Overall, this routing
approach treats the intra-host and inter-host networks as a
single, unified network.

3.3 Forwarding
In our example, since RNIC_A0 is set as the gateway for desti-
nation 11.1.1.1:22, it first reads data directly from GPU_A0

via PCIeSw_A0 using PCIe Memory Read TLPs. RNIC_A0 then
packetizes the data (see Figure 5) and forwards the packets to
leaf switch L0. Ethernet switches forward packets by match-
ing on the destination DevID, rather than the destination IP
address, and can support forwarding schemes such as single-
path, ECMP, or packet spraying (the example in Figure 5
uses ECMP). Upon arrival at the destination, RNIC_B0 strips
the outer header and generates PCIe Memory Write TLPs
for GPU_B0, with PCIeSw_B0 forwarding these TLPs based on
the memory address.

Forwarding between PCIe and GPU fabric interfaces.
We propose a dedicated forwarding hardware block that
bridges PCIe and GPU fabric interfaces. The PCIe interface
maintains a routing table to identify if a packet’s destination
memory address belongs to the local GPU and executes the
appropriate read/write. Routing rules can forward incoming
PCIe packets to the GPU fabric, via the forwarding hardware
block, encapsulating them with a GPU fabric header (e.g.,
NVLink [62]). Similarly, the GPU fabric interface holds a
routing table for forwarding packets to the PCIe interface
after decapsulation. This design eliminates extra data copies
during GPU transit and shifts forwarding from application
layer to the network dataplane. We illustrate further in §3.4.

3.4 Case Studies
We now validate our proposed blueprint by applying it to
the scenarios from §2.2 and §2.3.
Scenario 1.When GPU0 offloads KV cache to DRAM0 but en-
counters PCIe bandwidth degradation or path contention ( 1a○,
1b○ in Figure 2), the local routing agent detects the issue using
telemetry from PCIeSw0. It then installs two routing rules
(see Figure 6): (i) on GPU0’s PCIe interface, to encapsulate
transfers to DRAM0 and redirect them to GPU1 over the GPU
fabric, and (ii) on GPU1’s GPU fabric interface, to decapsulate

To
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Intra-Host GPU Fabric

To
PCIeSw1

<DRAM0 addr> encap(toGPU1) <encapped PCIe> decap(toPCIe)

PCIe intf GPU Fabric intf Forwarding block

GPU0 GPU1

PCIe Pkt
PCIe Pkt

PCIe Pkt

Figure 6: PCIe forwarding for Scenario 1.

and forward these transfers out via its PCIe interface. As a
result, Memory-Write TLPs from GPU0 stream through GPU1,
exit to PCIeSw1, and are ultimately forwarded upstream for
writing to DRAM0. The PCIe to GPU fabric forwarding mecha-
nism (§3.3) essentially tunnels PCIe packets through the GPU
fabric while being completely transparent to the applications
and incurring no memory or control I/O overhead.
Scenario 2. When a GPU’s KV cache offload to SSDs is con-
strained by PCIe bandwidth, it can supplement throughput
by utilizing its GPU fabric interface. As an example, consider
GPU0 accessing the SSDs attached to PCIeSw7 via the GPU
fabric interface ( 2○ in Figure 2). To enable this path, the local
routing agent installs: (i) a rule on GPU0’s PCIe interface to
encapsulate traffic for PCIeSw7’s SSDs and forward it to GPU7
via the GPU fabric; and (ii) a rule on GPU7’s GPU fabric inter-
face to decapsulate and deliver the packets to the SSDs over
its PCIe interface. For return traffic, PCIeSw7 is configured to
forward packets destined for GPU0 to GPU7, where they are
encapsulated on GPU7’s PCIe interface and sent to GPU0 over
the GPU fabric. Upon arrival, GPU0’s GPU fabric interface
decapsulates and forwards the packets to its PCIe interface,
which performs PCIe read/write operations. By installing
similar routing rules, GPU0 can access the remaining 12 SSDs
in the system via the GPU fabric. Thus, with only routing
rule updates, GPU0 can offload KV cache to all 16 SSDs, using
combined PCIe and GPU fabric bandwidth.
Scenario 3. When RNIC_B0 fails during distributed LLM
training (Figure 5), the local routing agent on server B detects
the failure and updates the intra-host route to 11.1.1.1:22

to use one of the alternative RNICs, say RNIC_B7 via the
path: RNIC_B7→PCIeSw_B7→GPU_B7→GPU_B0. This update
is communicated to the central routing controller, which
triggers end-to-end routing changes. Spine switches now
forward packets for 11.1.1.1:22 to leaf switch L31, which
then forwards to RNIC_B7 and PCIeSw_B7. PCIeSw_B7 routes
packets for GPU_B0’s memory to GPU_B7, where a routing
rule on GPU_B7’s PCIe interface encapsulates and forwards
them to GPU_B0 via the GPU fabric. GPU_B0 then decapsulates
and handles the PCIe Memory-Write. Similarly, routing rules
enable GPU_B0 to send outgoing data via RNIC_B7 through
GPU_B7. Thus, even after RNIC_B0 fails, GPU_B0 remains ac-
cessible, allowing training to continue uninterrupted.
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4 Discussion and Future Work
Implementation. Ethernet switches can parse andmatch on
DevID using existing network headers, for example, embed-
ding src/dst serverIDs in IPv4 address fields and localDevIDs
as IPv4 options. The forthcoming UltraEthernet specifica-
tion [7] offers an opportunity to standardize host device
addressing. Routing and forwarding by physical memory
address are already supported by PCIe switches and CPU
I/O root complexes. This functionality just needs to become
runtime-programmable. The PCIe to GPU fabric forwarding
block (§3.3) will require additional hardware support; the
upcoming UALink accelerator fabric specification [22] could
help standardize this capability.
Alternative Routing Designs. Our blueprint’s centralized
controller is effective for illustration, but a distributed ar-
chitecture offers a more scalable alternative. This design
would modify how the local routing agent disseminates the
intra-host routes and their costs. Instead of reporting to a
centralized controller, the agent would advertise them di-
rectly to the network fabric using a BGP-like protocol. This
would inform more sophisticated, multi-path forwarding de-
cisions directly within the network, enabling dynamic load
balancing and bandwidth aggregation.
End-to-end semantics. Similar to the early Internet [5, 43],
our blueprint provides a foundational datagram service for
addressing, routing, and forwarding packets to host device
endpoints. This minimalist packet delivery model serves as a
substrate on which more sophisticated end-to-end semantics
can be effectively layered. Key directions for future work
include: (i) designing new or adapting existing network APIs
(such as POSIX sockets) to enable applications to seamlessly
address and interact with intra-host device endpoints across
the datacenter; (ii) establishing connection-oriented seman-
tics for application multiplexing, end-to-end reliability, flow
and congestion control.
Security and Isolation. Our vision of treating intra-host
devices as first-class network endpoints indeed introduces
important security and isolation considerations, particularly
in shared, multi-tenant environments. The RNICs, which
serve as gateways between the intra- and inter-host net-
works, are the natural place to enforce policy. Building on
the end-to-end semantics discussed previously, foundational
security primitives like firewall rules and access control
could be implemented on the RNICs to prevent unautho-
rized device access. However, ensuring robust performance
isolation is more complex due to the differing scheduling
schemes across the intra-host and inter-host networks. De-
vising mechanisms for end-to-end performance guarantees
in this unified model is a significant challenge, and we hope
this proposal encourages the research community to work
towards this important goal.

5 Related Work
DUA [53] proposes a global addressing scheme and interface
for FPGA applications to access datacenter resources. While
our addressing is inspired by DUA, our blueprint extends
addressing into the inter-host network, providing true de-
vice endpoint awareness and enabling efficient handling of
network failures and load balancing.
NCCL’s PXN [38] allows a GPU to communicate via a

different RNIC by transiting through another GPU, while
FuseLink [49] enables a GPU to aggregate bandwidth across
all RNICs (via transit GPUs) during LLM training. Both are
application-layer solutions addressing issues such as cross-
rail traffic and limited inter-server bandwidth, but suffer from
the limitations described in §2.2 and do not fundamentally
elevate host devices as network endpoints. By unifying intra-
and inter-host networks, our blueprint offers a principled
framework for addressing these challenges at the network
layer.
Significant work also exists on endpoint network (I/O)

stacks for host devices [24, 53, 54], including GPU-driven
I/O stacks [15, 19, 46], which are complementary to our ap-
proach and help provide end-to-end semantics. NTSocks [18]
enables applications to communicate via DMA directly over
rack-scale PCIe networks [17], and is orthogonal to our work.

In summary, our blueprint is fundamentally different from
prior approaches: it unifies intra-host and inter-host net-
works to make intra-host devices first-class network end-
points, serving as a framework for clean, principled network-
layer solutions rather than point solutions that work around
current hardware limitations.

6 Conclusion
In this paper, we advocate rethinking datacenter network
architecture to treat host devices as first-class network end-
points thereby expanding the datacenter network layer to
encompass the intra-host network. We present the first steps
through a blueprint that treats intra- and inter-host networks
as a single unified network and lays the groundwork for a
rich research agenda. We hope that this timely proposal will
help shape emerging standards like UALink and UltraEther-
net towards realizing this unified vision.
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