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Abstract

Large Language Models (LLMs) increasingly rely on
Mixture-of-Experts (MoE) architectures to scale computation
efficiently. Expert Parallelism (EP), which distributes experts
across GPUs, introduces all-to-all communication overhead
during the dispatch and combine phases, especially in the
prefill stage, which dominates the inference performance. Ex-
isting communication libraries, such as DeepEP, suffer from
excessive GPU SM utilization and underutilized interconnect
bandwidth, limiting prefill performance.

In this paper, we identify two root causes: redundant buffer
copies and inefficient intra-server transfers over NVLink. To
address these, we propose SwiftEP, an all-to-all communica-
tion library tailored for MoE prefill, combining buffer fusion
and Tensor Memory Accelerator (TMA) offloading. Buffer
fusion eliminates redundant staging copies, enabling true
zero-copy communication, while TMA offloading maximizes
NVLink utilization and supports efficient multicast/reduce op-
erations. SwiftEP further incorporates RDMA scatter-gather
lists, QP transmission parallelization, and CUDA IPC to han-
dle dynamic token placement and inter-GPU memory access.
Evaluation on 16- and 32-GPU clusters shows that SwiftEP
achieves up to 119.7% higher algorithm bandwidth, reduces
SM occupancy by up to 66.7%, and improves request serving
capacity by 21.2% compared to DeepEP.

1 Introduction

Large Language Models (LLMs) have become the foundation
of modern Al services, powering applications such as conver-
sational agents [8,27,36,59], code generation [12,28], and
information retrieval [7,33,57]. To improve efficiency at scale,
many recent systems adopt the Mixture-of-Experts (MoE) ar-
chitecture [25,35,53-55], which activates only a small subset
of experts per input token. To fully utilize multi-GPU clusters,
MoE models are typically deployed with Expert Parallelism
(EP) [50], where experts are distributed across devices.

*Equal contribution.
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While EP attempts to utilize more computation capacity,
it introduces all-to-all communication [41] in two critical
operations: (i) dispatch, which routes tokens to their assigned
experts, and (ii) combine, which gathers expert outputs back to
the originating GPUs. As a result, communication efficiency
in these two phases is critical to the end-to-end performance
of MoE-based LLM inference. This challenge is especially
acute during the prefill stage of MoE model inference, which
dominates the overall Time-To-First-Token (TTFT) [20, 66],
the most user-visible latency metric. Unlike the decode stage,
the prefill stage processes thousands of tokens in parallel
across all layers, amplifying the cost of dispatch and combine
operations. As a result, accelerating EP communication in the
prefill stage is essential to improve inference responsiveness.

Recent communication libraries, such as DeepEP [64], have
introduced optimized support for EP communication, improv-
ing dispatch and combine performance. Specifically, DeepEP
employs Two micro-Batch Overlapping (TBO) [15], allowing
the computation and communication of two micro-batches
to overlap. However, our analysis shows that recent com-
munication libraries still face two fundamental limitations.
First, they consume excessive GPU Streaming Multiprocessor
(SM) resources to orchestrate communication, thereby reduc-
ing compute capacity for tensor computation operations with
TBO enabled. Second, they fail to fully saturate interconnect
bandwidth, leaving a substantial gap from the theoretical peak.
Even with TBO enabled, the communication time becomes
notably higher than the computation time, making commu-
nication the performance bottleneck and thus impacting the
overall application latency. These limitations leave significant
performance of both computation and communication on the
table in prefill workloads.

We identify two root causes of inefficiency. 1) Buffer sep-
aration: tokens are first produced in a compute tensor buffer
and then copied into an RDMA send buffer before dispatch.
Moreover, if intra-server token multicast is used to avoid
redundant inter-server communication, an NVLink receive
buffer [30,62] will also be involved in data copy. These frag-
mented, small-scale copies tie up valuable SMs. 2) Inefficient
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intra-server transfers: during both dispatch and combine, ex-
isting load/store (Id/st) and Copy Engine (CE) [40,42,45]
mechanisms fail to saturate high-performance NVLink band-
width. This limitation arises because large volumes of [d/st
operations executed by SM lead to register spilling, and the
synchronization latency between the CPU and GPU in the CE
is high.

We argue that overcoming these limitations requires re-
thinking how buffers should be managed and how intra-server
communication should be executed over NVLink. Our key
insights are two-fold. First, fusing compute and communica-
tion buffers eliminates redundant staging copies, freeing SMs
for computation. Second, the Tensor Memory Accelerator
(TMA) [46], a hardware-driven, asynchronous tensor-copy
engine, can efficiently drive intra-server data transfer.

Motivated by these observations, we propose SwiftEP, a
novel all-to-all communication library tailored to the pre-
fill stage of MoE model inference via two complementary
mechanisms: buffer fusion and Tensor Memory Accelera-
tor (TMA) offloading. Buffer fusion removes redundant data
movement by directly coupling the tensor compute buffer with
the RDMA send buffer for inter-server transfers and with the
NVLink receive buffer for intra-server transfers. This allows
tensors produced by the inference framework to be transmitted
in a true zero-copy fashion, freeing scarce SM resources for
computation. In parallel, TMA offloading unleashes the po-
tential of high-bandwidth NVLink by delegating intra-server
transfers to dedicated hardware engines. As a result, it re-
moves the burden of issuing large volumes of 1d/st operations
from general-purpose SM threads, drives NVLink utilization
toward its peak, and enables efficient hardware-supported
multicast during dispatch and reduce during combine.

Despite these benefits, putting SwiftEP into practice raises
several technical challenges. First, buffer fusion exposes
small, scattered data segments in a large fused buffer, lower-
ing transmission efficiency and quickly exhausting the lim-
ited Memory Translation Table (MTT) cache [11]. Second,
eliminating intermediate copies in receivers eliminates the
opportunity to reorganize tokens after reception, requiring
senders to place them directly into final destinations that are
unknown a priori due to dynamic token counts. Third, TMA
was originally designed for intra-GPU data transfers and lacks
native support for remote GPU memory, necessitating new
extensions to support inter-GPU transfers.

To address these challenges, SwiftEP first leverages the
RDMA Scatter-Gather List (SGL) [2, 58] technique to reduce
the number of Work Queue Elements (WQEs) required for
small, scattered data segments. Next, it employs Queue Pair
(QP) transmission parallelization to hide multi-level address
translation latency incurred by large fused buffers. To en-
able direct writes into the final locations of receive buffers,
SwiftEP redesigns the notify operation to broadcast the com-
plete token distribution to all GPUs within a server. Finally, it
uses CUDA Context Inter-Process Communication (IPC) [44]

to grant TMA the permissions necessary for efficient, direct
memory accesses across GPUs.

We implement SwiftEP by extending the state-of-the-art
MOoE communication library DeepEP, requiring no changes
to the inference framework other than exposing metadata
of the fused buffers (e.g., base addresses and memory lay-
outs). We evaluate SwiftEP on a multi-GPU testbed with
16 and 32 GPUs (EP=16 and EP=32). Microbenchmark re-
sults show that, compared to DeepEP, SwiftEP achieves up to
93.8%/119.7% higher algorithm bandwidth for EP=16/EP=32,
while reducing the number of SMs occupied by all-to-all com-
munication by 50%/66.7%. These optimizations in bandwidth
and SM utilization translate to a 21.2% higher request serving
capacity when deploying SwiftEP in the DeepSeek-R1 [17]
model serving environment.

This paper makes the following contributions.

* We analyze the SM overutilization and algorithm band-
width underutilization in state-of-the-art communication
libraries for EP.

* We propose SwiftEP, a novel all-to-all communication li-
brary for the prefill stage of MoE model inference, lever-
aging two complementary mechanisms: buffer fusion
and TMA offloading.

* Qur evaluation demonstrates that compared to DeepEP,
SwiftEP achieves up to 119.7% higher algorithm band-
width, reduces SM occupancy by 66.7%, and increases
request serving capacity by 21.2% for the DeepSeek-R1
model.

This work does not raise any ethical issues.

2 Background
2.1 Mixture-of-Experts Models

Large language models (LLMs) achieve state-of-the-art per-
formance but suffer from prohibitive computational costs as
their scale increases [51,52]. Mixture-of-Experts (MoE) ar-
chitectures were proposed to address this issue by activating
only a fraction of parameters per input, enabling trillion-scale
models without proportional increases in computational costs.
Specifically, MoE replaces the dense feed-forward network in
each Transformer block with a set of parallel small networks,
i.e., experts. An MoE layer employs a gating network to route
each token to a small subset of experts, typically the top-k
with the highest routing scores, i.e., top-k routing. The se-
lected experts process the token in parallel, and their outputs
are combined through a weighted aggregation based on the
gating probabilities.

Today, MoE has become a central strategy for balancing
model scaling and computational costs in cutting-edge LLMs.
For instance, DeepSeek-V3 [35] (685B total parameters, 256
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Figure 1: Communication process in expert parallelism.

experts) activates only 8 experts per token, achieving perfor-
mance rivaling dense models like LLaMA-3.1-405B [5] while
saving inference costs by more than 60%.

During inference, LLM execution is typically divided into
two distinct phases: prefill and decode. The prefill phase pro-
cesses the entire input prompt in parallel to initialize hidden
states and KV caches, while the decode phase generates to-
kens autoregressively, one token at a time. The prefill phase
is both communication- and computation-intensive, but ex-
hibits high parallelism across tokens, making it well-suited
for throughput-oriented optimization.

2.2 Expert Parallelism

In practice, experts are typically distributed across multiple
computing devices, such as GPUs or NPUs, a strategy referred
to as expert parallelism (EP). In this way, each device hosts a
subset of experts. For example, consider an MoE layer with
64 experts distributed across 16 GPUs, with each GPU host-
ing 4 experts. There are two communication phases in EP,
namely, dispatch and combine. To support these phases effi-
ciently, communication libraries such as DeepEP have been
introduced. Figure 1 shows the communication process in EP
during the prefill stage in DeepEP.

During the dispatch operation, each token is sent from
its source GPU that hosts the attention layer to the destina-
tion GPUs that host the selected top-k experts. To reduce
redundant inter-server communication, the source GPU only
sends one copy of the token to the forwarder GPU on each
server. Upon arrival at the server, the forwarder GPU dis-
tributes multiple copies to different experts on various GPUs
via intra-server NVLink-based transmission. According to
recent quantization strategies [18,39] aimed at reducing data
transmission volume, the dispatch operation in DeepEP typi-
cally supports both FP8 [39] and BF16 [60] data formats.

In the combine operation, the forwarder GPU first reduces
the outputs for the same token from all experts within a server,
then sends them back to the source GPU. Finally, the source
GPU performs another reduce operation, that is, reducing the
outputs of the same token from different servers. In MoE
models, since the attention computation does not support low-
precision formats such as FP8, the output of the attention
mechanism, which is also the data transmitted during the
combine operation, typically remains in BF16 format.

SM SM

tost [corr

Figure 2: NVIDIA Hopper GPU architecture.

With the top-k routing, it is common that the same token is
routed to different experts on the same server. Therefore, the
token multicast and token reduce operations in DeepEP can
significantly improve EP performance by avoiding redundant
inter-server communication, enabling MoE models to scale
to thousands of experts.

2.3 GPU Architecture and Interconnects

LLM inference relies on GPUs to exploit massive parallelism
and achieve high performance for both computation and com-
munication kernels [13,29, 34]. In particular, the prefill phase
is communication- and computation-intensive, making it es-
sential to allocate compute resources and leverage GPU com-
ponents efficiently.

Figure 2 shows the NVIDIA Hopper GPU architecture
based on the Streaming Multiprocessor (SM) [3]. Each SM
manages many threads grouped into thread blocks and sched-
uled in warps that follow the SIMT execution model. SMs
provide register files for thread-private data and an on-chip
memory hierarchy. Threads in a block share on-chip shared
memory, while all threads can access off-chip global memory
(e.g., High-Bandwidth Memory (HBM)).

NVIDIA’s Tensor Memory Accelerator (TMA), introduced
in Hopper architecture [46], asynchronously moves data be-
tween global and shared memory. Moreover, TMAs can re-
duce register pressure and thread overhead while supporting
in-flight reductions. Its non-blocking nature allows threads to
continue computation immediately after issuing transfers.

Scalable Al performance also relies on inter-GPU intercon-
nects. These include high-bandwidth intra-server links (e.g.,
NVLink/NVSwitch [47]) and inter-server networks (e.g., In-
finiBand or RoCE [10, 56]), both using dedicated buffers for
efficient memory-semantic communication. We provide de-
tails for GPU architecture and interconnects in Appendix A.

3 Observations & Motivation

3.1 SM Overutilization in Communication

Due to the dependency between computation and dis-
patch/combine operations, LLM inference naturally schedules
them sequentially: it first performs the computation of the
attention layer, then issues dispatch before the MoE layer, and
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Figure 4: Data gather based on SM warps in GPUs.

finally aggregates the results of different experts through com-
bine to start the next layer [1,35]. While straightforward, this
sequential execution often leaves SM resources underutilized
during communication, since communication alone cannot
fully saturate all SMs.

To overcome this inefficiency, Two micro-Batch Overlap-
ping (TBO) [15,21] has been proposed: the workload is split
into two micro-batches, and one micro-batch performs com-
putation while the other simultaneously executes all-to-all
communication. This overlapping allows communication to
progress in parallel with computation, significantly improving
SM utilization and overall inference performance.

Nevertheless, TBO is a double-edged sword: when compu-
tation and communication are executed concurrently, the SMs
available to computation are reduced due to contention with
communication kernels, which can limit the inference perfor-
mance. For instance, on an NVIDIA H20 GPU, communica-
tion operations in the inference prefill stage usually occupy
24 SMs to obtain the highest bandwidth by default [64], leav-
ing only 54 out of 78 SMs for computation. In other words,
computation can leverage at most 69% of the GPU’s SM
resources compared to the ideal case where all SMs are dedi-
cated to computation, which directly constrains the achievable
computation performance.

Causes: To understand why communication consumes such
a large portion of SM resources, we profiled the execution
of DeepEP (with version [16]) during the prefill dispatch
stage on NVIDIA H20 GPUs. The analysis reveals that most
of the occupied SMs are used for explicitly copying small,
discontinuous data segments between the fensor compute
buffer and the RDMA send buffer, as well as the subsequent
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Figure 5: The measured and theoretical algorithm bandwidth
of DeepEP in inference prefill stage.

NVLink transfers and data copying between the NVLink buffer
and the tensor compute buffer, as illustrated in Figure 3.

Specifically, in RDMA-based communication, dedicated
send buffers are used to stage data before transmission. These
buffers provide a pre-registered, contiguous memory region
shown in Figure 4 that the RDMA Network Interface Con-
troller (RNIC) can access for direct network transfer, enabling
efficient zero-copy communication'. On the other hand, for
MoE models, each token is associated with multiple small, dis-
continuous data segments: the hidden state from the attention
layer, the top-k expert indices, the FP8 scales, and their corre-
sponding routing weights. Although scattered across different
GPU memory regions, these data must be transmitted together
in a single RDMA message to ensure that all parts of a token
arrive simultaneously at the recipient GPU’s memory during
inter-server communication. This guarantees immediate avail-
ability for computation and maintains high computational
throughput. Similarly, in the subsequent NVLink transfers
and data copying between the NVLink buffer and the tensor
compute buffer, DeepEP uses SMs to copy the message to
multicontiguous memory. Consequently, DeepEP dedicates
a total of 71% warps of 24 SMs to copy these data from
different buffers and in reverse.

3.2 NVLink Bandwidth Underutilization

To empirically evaluate the bandwidth utilization of DeepEP,
we conduct experiments under two cluster configurations: a
2-node, 16-GPU setup (EP=16) and a 4-node, 32-GPU setup
(EP=32), with each node comprising n = 8 interconnected
GPUs. The nodes are interconnected via a RoCEv2 network.
Each server is equipped with 8 GPUs, each connected via
a 400Gbps RDMA CX7 NIC, with a 900GBps full-duplex
NVLink interconnect between GPUs. All experiments follow
the DeepSeek-V3/R1 [17,35] pre-training settings, config-
ured with 4096 tokens per batch, 7168 hidden dimensions,
and top-8 experts. Measurements are performed for both FP8
and BF16 dispatch, as well as BF16 combine. The measured
algorithm bandwidth [14] is computed as the total bytes trans-

Note that the zero-copy property applies to transfers from the RDMA
send buffer to the RDMA receive buffer. Data must still be explicitly copied
from the tensor compute buffer into the RDMA send buffer.
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mitted during the communication phases divided by the exe-
cution time of the corresponding communication kernel.

To evaluate whether the measured algorithm bandwidth has
reached its maximum, we build a theoretical model to estimate
the ideal algorithm bandwidth of dispatch. For the ease of
analysis, we neglect negative factors such as network conges-
tion and SM constraints. This assumption enables us to eval-
uate the maximum achievable communication performance
for a given RDMA/NVLink bandwidth. The traffic patterns
generated by the DeepEP test tools are used as input, from
which we obtain the theoretical upper bound of bandwidth,
Biax. Assume the total data volume is S. Under EP=16, the
RDMA domain transfer time is #; = (8/15 - §) /400Gbps, and
the NVLink domain transfer time is 7, = (7/15-S) /900Gbps.
Since the dispatch transfer essentially forms a pipeline com-
posed of all token transmissions, we have #, < t1. After ignor-
ing other overheads, the theoretical upper bound of algorithm
bandwidth is By = S/f; = 400Gbps x 15/8 = 750Gbps (=~
94GB/s). Similarly, for EP=32, Bax = 400Gbps x 31/24 ~
516.7Gbps (= 65GB/s). As shown in Figure 5, the results
demonstrate that at EP = 16 and 32, there remains significant
potential for communication performance optimization.
Causes: To investigate the impact of NVLink forwarding on
the measured algorithm bandwidth, we modify the CUDA
kernel implementation of intra-server NVLink communica-
tion in DeepEP. Instead of physically forwarding data across
NVLink, we emulate the process by completing the transfer
after the ideal communication time (i.e., data size divided by
the peak NVLink bandwidth). The bandwidth achieved under
this emulated setting closely matches the ideal maximum al-
gorithm bandwidth, indicating that the current DeepEP imple-
mentation introduces a forwarding bottleneck in intra-server
communication, thereby constraining overall performance.

From a source code analysis, we notice that DeepEP per-
forms intra-server forwarding using a load/store (Id/st) mech-
anism [45]: data is first loaded from GPU memory into regis-
ters and then written to remote GPU memory across NVLink
via store instructions. Consequently, the number of 1d/st in-
structions that can be issued in parallel within a single SM,
along with the registers available for the 1d/st mechanism,
directly limits NVLink communication performance. For in-
stance, an NVIDIA H20 GPU is equipped with 64K 32-bit
registers per SM, yet even when all of them are utilized, the
effective NVLink bandwidth achieved with the 1d/st mecha-
nism reaches only about 50% of the theoretical peak. Even
with TBO enabled, the communication time becomes notably
higher than the computation time, making communication
the performance bottleneck and thus impacting the overall
application latency.

3.3 Motivation

Our experimental observations reveal that a significant por-
tion of SMs is occupied by copying small, non-contiguous
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Figure 6: Overview of SwiftEP.

data between the tensor compute buffer and the communi-
cation buffer. This overhead arises from the separation of
these buffers: tensors are produced in the compute buffer but
must be copied to the RDMA buffer before transmission, as
well as from the NVLink buffer to the tensor compute buffer
after transmission. Fusing these buffers would allow data to
be generated directly in a memory region also registered for
RDMA/NVLink, thereby eliminating redundant copies and
saving SM resources.

Furthermore, efficient intra-server token multicast and re-
duction over NVLink are crucial for approaching the the-
oretical bandwidth limit. Current methods using Copy En-
gines (CEs) or 1d/st instructions are inefficient for maximizing
NVLink bandwidth. Alternatively, TMA provides a hardware-
accelerated, asynchronous mechanism for moving data be-
tween global and shared memory. Unlike software-managed
approaches, TMA performs data transfers using dedicated
hardware, reducing SM involvement.

In summary, existing communication libraries underuse
NVLink bandwidth and overspend SM resources, hindering
MoE inference performance. To this end, we redesign buffer
management and NVLink communication by introducing a
new framework that eliminates redundant data movement and
leverages TMA for high-efficiency data transfer.

4 SwiftEP Overview

As shown in Figure 6, SwiftEP improves MoE model infer-
ence by tackling two key bottlenecks: (1) redundant data
movement between compute and communication buffers, and
(2) underutilized NVLink bandwidth in intra-server commu-
nication. SwiftEP introduces a communication library that
uses buffer fusion to remove unnecessary data transfers and
TMA offloading to maximize NVLink bandwidth.

Buffer Fusion. SwiftEP eliminates redundant data move-
ment by tightly coupling tensor compute buffers with com-
munication buffers. For inter-server communication, fusion
occurs on the sender side, combining the tensor compute
buffer with the RDMA send buffer. For intra-server commu-
nication, fusion is applied on the receiver side, where the
NVLink buffer is fused with the tensor compute buffer. In
both cases, communication buffers are pre-allocated, and the
metadata of the fused buffer (e.g., base address and mem-
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ory layout) is exposed to the inference framework. In this
way, only minimal modifications (i.e., modifying the memory
addresses for inputs and outputs within the framework) are
made in the inference framework, maintaining programming
transparency to model developers.

Buffer fusion allows the inference framework to write at-
tention layer outputs directly into the RDMA send buffer
and read MoE layer inputs directly from the NVLink receive
buffer, eliminating intermediate copies and reducing both SM
resource usage and communication latency.

TMA Offloading. SwiftEP uses NVIDIA’s TMA to of-
fload NVLink transfers from SMs to dedicated hardware. An
SM thread initiates an asynchronous TMA load or store in-
struction and is immediately freed for other tasks, while the
hardware handles the data transfer. This approach reduces
SM workload significantly and improves NVLink bandwidth
utilization, enabling efficient token multicast during dispatch
and token reduce during combine.

4.1 Challenges

While buffer fusion and TMA offloading are promising to sig-
nificantly improve communication efficiency, utilizing them
in practice introduces several technical challenges.
Challenge 1: Transferring small, scattered data seg-
ments within a large buffer is inefficient. In MoE models,
the data segments to be transferred, such as hidden states
or top-k weights, are scattered in the tensor compute buffer
when produced by attention layers, and their sizes are typi-
cally small (e.g., ~32 bytes for top-k weights in a token). In
traditional separated buffer designs, these small segments can
be gathered into larger continuous regions when copied to
the RDMA send buffer. However, after buffer fusion, such
intermediate copies are eliminated, making independent data
gathering within the fused buffer difficult. Additionally, the
RNIC relies on its Memory Translation Table (MTT) to man-
age RDMA-registered memory, but the on-chip MTT cache
can store only a limited number of entries. Fusion significantly
enlarges the buffer beyond the MTT cacheable range, neces-
sitating a multi-level virtual-to-physical address translation.
Each MTT lookup traverses the PCle interconnect and ac-
cesses GPU memory, introducing substantial latency [22,61].
Challenge 2: The sender GPU cannot predetermine to-
ken destinations in fused receive buffers. For MoE layers,
tokens from multiple GPUs must be concatenated in mem-
ory before performing matrix multiplications. In traditional
separated buffer designs, this requirement can be handled dur-
ing the copy from the NVLink receive buffer to the tensor
compute buffer, allowing the memory layout to be adjusted
as needed. Under fusion, the intra-server sender must write
tokens directly to their final memory locations on the receiver,
but these locations depend on dynamic factors like token
counts from various sources. Without knowing these loca-
tions in advance, the sender risks data overwrites or layout
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corruption.

Challenge 3: TMA does not natively support remote
GPU memory access. TMA is designed for asynchronous
intra-GPU memory copies and lacks built-in support for ac-
cessing remote GPU memory over NVLink. To use TMA for
inter-GPU transfers in MoE communication, it must be ex-
tended to support remote memory access while preserving its
benefits in hardware offloading and asynchronous operation.

5 Buffer Fusion

In this section, we first introduce different buffer fusion types
employed by SwiftEP, and then demonstrate how to address
the challenges brought by these buffer fusions.

5.1 Buffer Fusion Type

Since inter-server communication uses RDMA and intra-
server communication uses NVLink, SwiftEP employs two
types of buffer fusion: RDMA buffer fusion and NVLink
buffer fusion.

RDMA buffer fusion. Figure 7 compares the separated
buffer design commonly used in existing communication li-
braries and the fused buffer design introduced by SwiftEP
in the inter-server dispatch communication. By fusing the
RDMA send buffer with the tensor compute buffer, SwiftEP
eliminates redundant data movement, thereby freeing the SM
resources that would otherwise be consumed by buffer copies.
These released SM resources can instead be utilized to accel-
erate other computation tasks.

NVLink buffer fusion. Similarly, Figure 8 illustrates the
contrast between the separated buffer design and the fused
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buffer design in intra-server dispatch communication. Un-
like RDMA buffer fusion, which applies to the sender GPU,
NVLink buffer fusion integrates the NVLink receive buffer
with the tensor compute buffer on the receiver GPU, thereby
freeing SM resources on the receiving side. For intra-server
combine communication, which is the reverse process of dis-
patch, SwiftEP also adopts NVLink buffer fusion. The input
to combine is the output of MoE computation, and this output
has the same layout as the data produced during dispatch.
Leveraging this property, SwiftEP simply reuses the fused
NVLink buffer pre-allocated in the dispatch phase, which is
shown in Figure 9.

5.2 Optimization for RDMA Buffer Fusion

To address Challenge 1 introduced by RDMA send buffer
fusion, we design two mechanisms: WQE post coalescing
and QP transmission parallelization.

5.2.1 WQE Post Coalescing

In existing communication libraries, the RNIC typically pro-
cesses only one data segment per Work Queue Element
(WQE) due to memory continuity requirements. After buffer
fusion eliminates the data-gathering step inherent in separate-
buffer designs, each small, scattered data segment must be
transmitted individually. As shown in Figure 10(a), the sender
posts one WQE per segment to the Queue Pair (QP). Each
WQE contains the base address and length of one segment
in a single Scatter-Gather Element (SGE). These WQEs are
processed serially by the RNIC, which directly accesses each
segment from the fused buffer. Transmitting numerous small,
scattered segments in this manner greatly increases the num-
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Figure 11: Single QP transmission in existing libraries.
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Figure 12: QP transmission parallelization.

ber of WQE postings, raising control overhead and becoming
a major performance bottleneck.

SwiftEP takes full advantage of the capability in modern
RNIC:s to transmit scattered data segments efficiently using a
single WQE. A WQE can contain multiple SGEs arranged as
a linked list, with each SGE describing a different memory
region. This allows the RNIC’s DMA engine to read from or
write to multiple non-contiguous memory locations in parallel
when processing one WQE. As illustrated in Figure 10(b),
SwiftEP uses this multi-SGE coalescing capability within
each communication channel by packaging small, scattered
data segments into the SGEs of a single WQE. This signifi-
cantly reduces the number of WQEs the inference framework
must post. As a result, GPU kernels can post WQEs that
map scattered memory regions directly, avoiding costly data
aggregation while maintaining high RNIC throughput.

5.2.2 QP Transmission Parallelization

In existing communication libraries like DeepEP and NCCL,
the RDMA buffer is divided into multiple communication
channels, each handling a portion of the tensor data (Fig-
ure | 1(a)). However, all channels share a single QP, meaning
every WQE must be posted through that same QP. This forces
the RNIC to process WQEs sequentially, with each DMA
operation requiring an MTT lookup to identify the data to be
transmitted. After fusing the tensor compute buffer with the
RDMA buffer, the larger fused buffer increases the chance of
multi-level page table walks for each DMA operation. Serial-
ized execution worsens this issue, as the latency from address
translation across channels accumulates, leading to significant
performance degradation, as illustrated in Figure 11(b).
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To address this, SwiftEP introduces QP transmission par-
allelization. As depicted in Figure 12(a), the fused buffer is
partitioned into multiple communication channels, each as-
signed to a dedicated QP. This allows WQEs to be posted
in parallel, enabling the RNIC to execute DMA operations
concurrently across multiple QPs rather than serializing them
through a single QP. By leveraging the RNIC’s innate abil-
ity to process WQEs concurrently, the design converts the
communication bottleneck into parallelized data streams.

This parallelization directly reduces the performance im-
pact of multi-level page table walks. While one QP’s DMA
engine is delayed by a page table walk in GPU memory,
other QPs continue transmitting data, accessing independent
MTT cache entries or overlapping memory operations. Such
interleaved execution effectively masks translation latency
that would otherwise be serialized in a single-QP design. As
shown in Figure 12(b), parallel DMA invocation minimizes
idle time between transmissions and significantly improves
RDMA bandwidth utilization.

5.3 Optimization for NVLink Buffer Fusion

To address Challenge 2 from NVLink receive buffer fusion,
SwiftEP redesigns the intra-server communication flow of the
notify operation. Instead of sending token counts individually
to each target GPU, the sender GPU broadcasts the full token
distribution to all GPUs in the server. This allows every GPU
to fully understand the memory layout expected by the upper-
layer inference framework. As a result, during intra-server
dispatch communication, the sender GPU can compute des-
tination addresses directly and place tokens into the correct
memory locations on receiver GPUs, avoiding data overwrites
and maintaining the fused memory layout.

As mentioned in Section 5.1, the combine operation is
the reverse of dispatch, and thus the outputs of experts are
naturally stored in the fused NVLink buffer. These outputs
can be transferred within the server via either a sender-driven
push or receiver-driven pull. SwiftEP uses a pull mechanism
shown in Figure 9(b) for three reasons. First, the receiver GPU
already knows the buffer address of expert outputs from its
prior role as sender during token multicast. Second, data on
the sender is guaranteed ready when combine starts, avoiding
extra synchronization. Third, TMA supports element-wise
reduction, allowing the receiver GPU to reduce outputs from
different experts during the pull operation using only its own
SMs. This approach improves efficiency and saves sender SM
resources.

6 TMA Offloading
6.1 Extending TMA to Inter-GPU Transfer

SwiftEP pioneers the use of TMA for inter-GPU transfer
within a server, extending its conventional role in intra-GPU
communication. This is achieved by enabling TMA to ac-
cess memory on remote GPUs within the same server. To

do so, SwiftEP employs CUDA Context IPC: each GPU ob-
tains a memory handle via cudalpcGetMemHandle to the
base address of a pre-allocated device memory region (i.e., an
NVLink buffer) and shares it with all other GPUs in the server.
This grants TMA the permissions needed for efficient di-
rect memory access across GPUs, enabling memory-semantic
transfers over NVLink.

Unlike computational workflows where TMA is often used
for isolated data movements before or after kernel execution,
SwiftEP integrates TMA load and store operations into a
unified sequence to form complete memory-semantic NVLink
transfers. Prior to transmission, the SM allocates a suitably
sized shared memory region for data staging. In a sender-
initiated push operation, an SM thread first issues a TMA
load to load data from global memory into shared memory.
It then triggers a TMA store to send the data over NVLink
to the receiver’s global memory. For a receiver-initiated pull
operation, an SM thread first loads remote data via TMA over
NVLink into its shared memory, and then stores it to local
global memory.

Offloading token multicast operations to TMA. As il-
lustrated in Figure 13(a), SwiftEP offloads token multicast
operations during dispatch to TMA. The multicast offloading
uses a push mechanism, as it must await the completion of
inter-server RDMA transfers. Additionally, SwiftEP allocates
shared memory to support token multicast under various data
formats, such as FP8 and BF16. During the token multicast
operation, the SM thread within the sender GPU executes a
TMA load instruction to load the token from global mem-
ory into the SM’s shared memory. The thread is immediately
released after issuing this command, allowing it to partici-
pate in other computational tasks. Upon completion of the
asynchronous load, the SM thread invokes TMA to trigger an
asynchronous store operation via NVLink transmission, and
delivers the data to the receiver GPU’s global memory.

Offloading token reduce operations to TMA. As shown
in Figure 13(b), SwiftEP offloads token reduce operations
during combine to TMA via a pull mechanism, as described
in Section 5.3. Shared memory is allocated to support BF16
reduction operations. The workflow proceeds as follows: the
SM thread of the receiver GPU in the intra-server domain ex-
ecutes a TMA load instruction to initiate an NVLink transfer,
loading the token into the SM’s shared memory. The thread
is then released until the NVLink transfer completes. Once
loaded, the same thread executes a store-with-accumulate in-
struction via TMA, directly adding the token from shared
memory to its designated location on the receiver GPU’s
global memory.

6.2 Optimization for TMA Offloading

To reduce the latency of NVLink transmissions initiated by
TMA, SwiftEP introduces dynamic shared memory allocation
and alignment. SwiftEP further improves NVLink bandwidth
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utilization by overlapping data transmissions during multicast
operations.

Dynamic shared memory allocation and alignment. In
CUDA, shared memory can be allocated either statically or
dynamically. Although both methods have allocation limits,
dynamic allocation supports much larger capacities with often
several hundred kilobytes per SM. This enables TMA to send
or receive a full token in a single instruction during token
multicast and token reduce operations. SwiftEP further aligns
the dynamically allocated memory to the granularity of each
token’s hidden state. This alignment allows TMA to read
from and write to global memory using the fewest memory
transactions, thereby reducing NVLink latency by avoiding
multiple transfer cycles.

Data transmission overlapping. During token multicast
offloading, only store operations use NVLink bandwidth;
load operations do not. Executing these transfers sequentially
wastes bandwidth while loading data segments, as depicted
in Figure 14. To address this, SwiftEP overlaps the loading of
large data (i.e., hidden states) with the loading and storing of
small data (i.e., scale factors, expert indices, and weights). As
shown in Figure 14, the long-running load of hidden states
is initiated asynchronously first, based on the asynchronous
copy capability of TMA. Concurrently, the load and store
operations for small data are executed, effectively hiding the
latency of loading the hidden states.

7 Implementation

We implement SwiftEP by extending the infernode kernel
of the state-of-the-art MoE communication library DeepEP,
with a focus on optimizing the dispatch and combine opera-
tions during inference prefill. SwiftEP requires only targeted
modifications to mainstream inference frameworks, adjusting
memory mapping parameters for attention computation out-

puts and MoE computation inputs, while its internal execution
logic remains fully transparent to upper-layer frameworks and
compatible with various models. The implementation consists
of approximately 2500 lines of CUDA and C++ code. We
open-sourced the code of SwiftEP at https://github.com/
deepseek-ai/DeepEP/tree/tencent-zcopy 2.

Key technical enhancements are summarized below, with
detailed descriptions provided in the Appendix B.

Multi-SGE transmission. We extend the InfiniBand
GPUDirect Async (IBGDA) [48] network operation inter-
face to support multi-SGE transmission. Multiple threads are
used to concurrently fill each SGE data segment. A ring buffer
mechanism is applied when the total data size exceeds the
work queue length.

QP transmission parallelization. SwiftEP replaces
DeepEP’s original InfiniBand Reliable Connection
(IBRC) [48] interface with IBGDA for RDMA transmission,
enabling explicit configuration of the number of QPs during
RDMA connection setup. The number of QPs is determined
based on predefined communication channels to match
application demands.

TMA remote GPU memory access. Low-level PTX in-
structions for TMA are abstracted into reusable load/store
operations. These are combined to form complete NVLink
transmission procedures between remote GPUs, providing
a uniform programming model for distributed memory ac-
cess over NVLink. All inter-GPU communication routines in
SwiftEP use this encapsulated interface.

8 Evaluation

In this section, we evaluate the performance of SwiftEP to val-
idate its capability to improve GPU communication efficiency
and computational resource utilization in LLM inference.

8.1 Experiment Setup

Testbed. Experiments are conducted on two GPU clusters: a
2-node cluster (EP=16) and a 4-node cluster (EP=32). Each
node is a server equipped with eight NVIDIA H20 GPUs
interconnected via NVLink/NVSwitch, providing a bidirec-
tional bandwidth of 900 GBps. GPUs across nodes commu-
nicate over a RoCEv2 network with a topology similar to
HPN [49] and Astral [38]. Each GPU is attached to a dual-
port 2x200 Gbps NVIDIA ConnectX-7 NIC [43] running
MLNX_ OFED_LINUX-5.8-2.0.3.0, and all NICs are con-
nected to a THS switch. For end-to-end evaluation, we addi-
tionally deploy a 2-node cluster with eight NVIDIA Hopper
GPUs per node, which provide higher compute capability and
communication load, while keeping all other configurations
unchanged.

Baselines. We adopt DeepEP, the state-of-the-art MoE model
communication library, as the baseline. To systematically

*More details of the code are provided in https://github.com/
deepseek-ai/DeepEP/pull/453.
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Table 1: Occupied SM count in dispatch and combine on each
NVIDIA H20 GPU. Both DeepEP and SwiftEP typically
occupy the same number of GPU SMs during dispatch and
combine operations.

DeepEP SwiftEP
FP8 | BF16 | FP8 | BF16
EP=16 | 24 24 12 12
EP=32 | 24 24 8 8

evaluate the contributions of individual techniques intro-
duced in SwiftEP, we conduct comprehensive ablation studies.
SwiftEP provides enhancements over the baseline in two key
aspects: SM occupancy reduction and bandwidth improve-
ment. For SM occupancy reduction, four techniques are intro-
duced: (1) RDMA Buffer Fusion (RBF), (2) NVLink Buffer
Fusion (NBF), (3) WQE Post Coalescing (WPC), and (4)
QP Transmission Parallelization (QTP). Among these, RBF,
NBF, WPC, and QTP are applied in the dispatch phase, and
NBF is also employed in the combine phase. The bandwidth
improvement is achieved through three primary techniques:
(1) TMA-Offloaded token multicast and reduce operations
(TO), (2) Dynamic Shared Memory allocation and alignment
(DSM), and (3) Data Transmission Overlapping (DTO). All
three techniques are applied in the dispatch phase, while TO
and DSM are also utilized in the combine phase.

8.2 SM Occupancy Reduction

We first evaluate the SM occupancy reduction by SwiftEP dur-
ing the dispatch and combine phases of the inference prefill
stage under varying token counts. The evaluation uses a model
with 4096 tokens, 7168 hidden size and selects the top-8 ex-
perts per token.

As shown in Table 1, compared to DeepEP, SwiftEP re-
duces the number of SMs occupied during dispatch and com-
bine per NVIDIA H20 GPU by 50% for EP=16 and by 66.7%
for EP=32. Each NVIDIA H20 GPU contains 78 SMs. Un-
der the computation-communication overlap mechanism in
DeepSeek’s Two mirco-Batch Overlapping (TBO), commu-
nication kernels persistently occupy SMs during prefill. The
number of SMs for SwiftEP is manually configured via param-
eter configuration file settings, typically set to the minimum
count required to saturate the bandwidth, similar to the ap-
proach used in DeepEP.

This improvement is primarily achieved by replacing
SM-bound data copy operations in communication kernels,
thereby freeing SM resources for compute tasks. We further
conduct an ablation study on the specific techniques respon-
sible for reducing SM occupancy, including replacing IBRC
with IBGDA, RBF, WPC, QTP, and NBF, to evaluate their
individual impacts and validate our design. While assessing
SM occupancy, we also measure the bandwidth impact of
these optimizations during dispatch. The results confirm that
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our buffer fusion strategies are effective and that the reduction
in SM occupancy does not degrade bandwidth performance.

8.2.1 Ablation Study

RDMA Buffer Fusion (RBF) and NVLink Buffer Fusion
(NBF). As shown in Figure 15(a), introducing NBF and RBF
into the dispatch operation is the primary reason for reduced
SM occupancy in SwiftEP. By removing data copies between
tensor, RDMA, and NVLink buffers that required dedicated
warps in DeepEP, SwiftEP consolidates only essential com-
munication warps into fewer SMs, significantly reducing SM
occupancy during dispatch. Figure 15(b) shows that NBF
similarly reduces SM occupancy in the combine phase by
eliminating redundant data movement between tensor com-
pute and NVLink buffers. However, as illustrated in Figure 16,
introducing RBF alone causes bandwidth to decline by up to
85%. This is due to enlarged RDMA memory regions intro-
ducing RNIC multi-level addressing overhead and increased
latency, along with fragmented transmission of small mes-
sages raising WQE operation costs.

IBRC vs. IBGDA. Figure 16 shows that replacing IBRC in
DeepEP with IBGDA results in a very slight decrease in band-
width. IBRC relies on the GPU initiating communication via
a CPU proxy, while IBGDA involves the GPU SM initiating
communication directly. When DeepEP uses IBGDA with a
single shared QP across all communication channels, the GPU
SM threads handle WQEs serially, which cannot fully utilize
the GPU’s parallel processing capability. However, IBGDA
offers richer and more flexible interfaces, making it easier to
implement optimizations such as QTP and WPC.

QP Transmission Parallelization (QTP). With QTP, as
shown in Figure 16, SwiftEP achieves bandwidth improve-
ments from 2x to 5.8x. This confirms that QTP effectively
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masks RNIC addressing overhead and enhances bandwidth
utilization, demonstrating that the SM occupancy reduction
does not compromise bandwidth.

WQE Post Coalescing (WPC). Introducing WPC moder-
ately improves bandwidth in SwiftEP by up to 50.4% with
FP8, as shown in Figure 16. WPC reduces WQE operation
overhead and fully leverages DMA parallelism. The greater
improvement with FP8 is due to its more fragmented data
distribution from transmitting additional quantization scaling
factors, making it more responsive to WPC optimization.

8.3 Algorithm Bandwidth Performance

We evaluate the bandwidth improvement of SwiftEP during
the dispatch and combine phases of the inference prefill stage
across varying token counts.

As shown in Figure 17, SwiftEP achieves up to 101.8%
higher bandwidth than DeepEP in dispatch with FP8, 107.5%
with BF16 and 119.7% in combine. In both phases, the band-
width of SwiftEP closely approaches the theoretical upper
bound. By offloading token multicast in dispatch and reduce
in combine to TMA, SwiftEP significantly enhances NVLink
efficiency, resulting in substantially higher bandwidth. We
further conduct a detailed ablation study on the techniques
enabling these gains, including TO, DSM, and DTO.

8.3.1 Ablation Study

TMA-Offloaded token multicast and reduce operations
(TO). As shown in Figure 18(a), offloading NVLink transmis-
sion in dispatch to TMA increases bandwidth by up to 92.6%,
confirming that TO effectively alleviates the performance
bottleneck and improves bandwidth utilization. However, Fig-
ure 18(b) indicates that offloading the token reduce operation
in combine using a naive TMA approach reduces bandwidth.
This is due to the limited statically allocated shared memory:

unlike the sequential multicast in dispatch, the reduce requires
each SM to handle multiple tokens concurrently, drastically
reducing available shared memory per token. Consequently,
each reduce operation requires more iterative steps, increasing
latency and lowering effective bandwidth.

Dynamic Shared Memory allocation and alignment
(DSM). Figure 18(a) shows that introducing DSM improves
bandwidth by up to 7.1% over the naive TO method, due to re-
duced processing latency in multicast and more efficient TMA
memory transactions. In the combine phase (Figure 18(b)),
DSM increases bandwidth by 1.7 to 2.5x compared to the
naive approach, eliminating the shared memory capacity bot-
tleneck in TMA-driven NVLink transmission for Reduce.
Data Transmission Overlapping (DTO). Adding DTO
yields further bandwidth gains, especially with FP8 where
bandwidth increases by up to 13.1% (Figure 18(a)). FP8’s
quantization introduces smaller, more fragmented data pack-
ets. DTO leverages TMA’s asynchronous capability to im-
prove NVLink utilization and mitigate the performance bot-
tleneck caused by transmitting fragmented small data during
inference.

8.4 End-to-End Evaluation

We evaluate SwiftEP’s end-to-end performance using the
DeepSeek-R1 model with EP=16 and Data Parallelism of
16 for attention layers. Inference involves only dispatch and
combine communication, without allreduce or NCCL. Ex-
periments use the SGLang framework with TBO and FP8
dispatch, a batch size of 32, and an average input length of
1024. We set the output length to 1 to evaluate the perfor-
mance of the prefill stage. The context length is 64K, and the
chunked prefill size is 32K. We use a widely adopted bench-
mark dataset named sharegpt_v3_unfiltered_cleaned_split [6],
a standard cleaned and pre-split subset of the ShareGPT cor-
pus [4]. Compared to DeepEP, SwiftEP achieves a 21.2%
improvement in average Input Tokens Per Second (ITPS) per
GPU. ITPS describes how quickly an LLM processes the
input prompt during the prefill stage, while Time-To-First-
Token (TTFT) is the delay before the model produces its
first output token. Since prefill time scales roughly with input
tokens count / ITPS, higher ITPS generally leads to lower
TTFT.

This improvement stems from two key enhancements. First,
TMA offloading removes the NVLink transmission bottle-
neck, boosting intra-server communication bandwidth and
reducing its share of total execution time. Second, since com-
putation and communication proceed concurrently with TBO
enabled, buffer fusion eliminates redundant memory copies,
freeing SMs for computation.

9 Discussion and Limitations

Adaptation to MoE model training. In inter-server buffer
fusion, a major bottleneck arises from the millisecond-scale
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latency of memory registration when tensor buffers are regis-
tered for RDMA after computation. To alleviate this overhead,
we pre-register a fused buffer of the required size and modify
the inference framework so that computation results are writ-
ten directly into the pre-registered buffer. This design enables
RDMA communication to start immediately and allows the
same buffer to be reused across layers during inference. How-
ever, the training phase imposes a critical constraint: interme-
diate activations must be retained for backward propagation,
which precludes straightforward buffer reuse. To address this,
an alternating pre-registration strategy with multiple fused
buffers is necessary.

RNIC capability limits. WQE post coalescing introduces a
subtle trade-off related to PCle efficiency. In GPU-to-GPU
communication, GPU threads post WQEs to the QP and ring
the doorbell, triggering the RNIC DMA engine to parse each
WQE and issue multiple PClIe read requests to fetch SGEs
for transmission. Each PCle read incurs link-layer header
overhead [31]. Consequently, when a single WQE aggregates
too many SGEs, the cumulative PCle header overhead can
outweigh the control-plane savings from WQE coalescing,
leading to performance degradation. Empirically, this thresh-
old typically lies in the hundreds of SGEs, such as on CX7
NICs [43]. Operating well within this range, SwiftEP achieves
optimal performance without encountering this limitation.
QP scalability. While QP parallel transmission increases the
number of required QPs, this overhead remains manageable
for MoE models. Expert parallelism is naturally bounded by
the total number of experts, up to 384 in current open-source
models [54]. Furthermore, since libraries like TCCL [32] and
DeepEP optimize within-node communication, each RNIC
only needs to communicate with at most experts/8 remote
peers. With 4 QPs per RNIC pair, even the largest MoE mod-
els utilize only 192 concurrent QPs, which is far below the
CX7 NIC’s capacity of thousands [43], thereby avoiding QP
context cache misses entirely.

10 Related Work

Collective communication library for training and infer-
ence. Existing work on communication libraries [23,24,32,
63, 64] has improved performance and reduced network con-
gestion by optimizing communication patterns. For instance,
NCCL [24] uses a ring-based allreduce to avoid full-mesh traf-
fic, while DeepEP [64] employs NVLink for efficient token
multicast, minimizing inter-node transfers. A key limitation
across these libraries is the separation of tensor and RDMA
buffers, necessitating explicit data movement through GPU
SMs and introducing overhead. Our approach reduces SM
resource usage via buffer fusion, shortening communication
time in overlap scenarios. Moreover, we are the first to use
TMA for intra-node transfers, improving NVLink efficiency
and reducing dispatch bottlenecks. MegaScale-Infer [68] in-
troduces an Attention—-FFN-Disaggregation serving architec-

ture and proposes an M2N communication library for the
inference decode stage that leverages CPUs for inter-node
communication. In contrast, SwiftEP focuses on the prefill
stage and adopts direct GPU-to-GPU communication for both
inter- and intra-node transfers.

TMA reduce offloading and NVSwitch SHARP. Token
multicast and reduce are fundamental to MoE communica-
tion. Although NVSwitch SHARP [9] and programmable
network switches [26,37,65] support in-network computation
for symmetric collectives (e.g., allreduce), MoE communica-
tion is sparse and asymmetric: tokens are dynamically routed
to top-k experts, and reductions are performed only within
selected GPU subsets. This irregularity makes in-network of-
floading impractical. DeepEP [64] performs reduce on GPU
SMs, incurring nontrivial SM overhead. In contrast, we of-
fload token-wise MoE reduction to TMA, originally designed
for GEMM, thereby reducing SM utilization and improving
efficiency, especially in fine-grained dispatch and combine
phases.

Inter-node communication performance. Prior work [19,
67] improves inter-node performance through flow control
and advanced QP management to alleviate network conges-
tion. In contrast, this work does not target inter-server commu-
nication or congestion control. SwiftEP is orthogonal to these
efforts, focusing instead on intra-node communication, effi-
cient memory management, and computation—communication
overlap within GPU domains.

11 Conclusion

In this work, we identified critical inefficiencies in exist-
ing EP communication libraries for MoE-based LLM infer-
ence, including excessive SM consumption and underutiliza-
tion of interconnect bandwidth. We proposed SwiftEP, an
all-to-all communication library that leverages buffer fusion
and TMA offloading to achieve true zero-copy communi-
cation and maximize NVLink utilization. Experimental re-
sults on multi-GPU clusters demonstrate that SwiftEP sig-
nificantly outperforms DeepEP, achieving higher algorithm
bandwidth, reduced SM occupancy, and improved inference
request throughput. SwiftEP provides a practical solution for
accelerating MoE inference, enabling more responsive LLM
serving.
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A GPU Architecture and Interconnects

This appendix provides expanded technical details on GPU
architecture components and interconnect technologies.

Streaming Multiprocessor and Thread Execution. Each
SM manages a large number of lightweight threads, organized
into thread blocks—the fundamental unit of programmer-
defined parallelism. Threads within a block are grouped into
warps, the smallest scheduling and execution unit, typically
containing 32 threads. All threads in a warp execute the same
instruction simultaneously on different data under the SIMT
(Single Instruction, Multiple Threads) model. A warp cannot
execute multiple tasks concurrently, even if some threads are
idle due to branching. Each SM contains a fixed-size register
file for private per-thread data and an on-chip memory hierar-
chy of LI cache and software-managed shared memory. The
shared memory is accessible by all threads in a block and has
the same lifetime as the block.

Tensor Memory Accelerator (TMA). TMA is an asyn-
chronous copy engine enabling high-efficiency bidirectional
transfers between global and shared memory. For store opera-
tions (shared to global memory), it natively supports element-
wise reduce operations (e.g., add, min, max) and bit-wise
and/or for common data types such as FP32 and BF16. Its
key advantages include: (1) eliminating the use of SM regis-
ters for address calculation and data staging during memory
movement; (2) drastically reducing thread participation—only
one thread per warp is needed to initiate a TMA operation
versus requiring all warp threads in traditional copies; (3)
inherent asynchrony, which releases the initiating thread im-
mediately to perform other computations while the transfer is
handled by dedicated hardware.

GPU Interconnect. Figure 19 illustrates the two-domain
interconnect hierarchy. Intra-server interconnects, such as
NVLink/NVSwitch [47], provide high-bandwidth communica-
tion (e.g., hundreds of GB/s per GPU) among GPUs within a
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single server, typically supporting up to 8 devices. For peer-
to-peer transfers, a GPU exposes a dedicated NVLink buffer
memory address space to other GPUs in the server, enabling
direct memory-semantic operations.

Inter-server interconnects rely on high-performance net-
working like InfiniBand or RDMA over Converged Ether-
net (RoCE) [10, 56], offering lower bandwidth per NIC (e.g.,
tens of GB/s) but essential for multi-server scalability. Before
RDMA communication, a GPU driver pre-registers a memory
region as an RDMA buffer, allowing the RNIC to perform di-
rect read/write operations for GPU-to-GPU transfers without
host CPU involvement. This hierarchical interconnect enables
efficient token exchange in large-scale deployments.

B Implementaion Details

This appendix provides further implementation details for the
key techniques introduced in SwiftEP.

Multi-SGE Transmission. The multi-SGE transmission
mechanism extends the IBGDA interface to support scatter-
gather operations across non-contiguous memory regions.
Multiple threads are employed to populate each Scatter-
Gather Element (SGE) concurrently. If the total size of the
data segments exceeds the Work Queue (WQ) length, a ring
buffer is used to wrap the data appropriately, ensuring contin-
uous transmission without overflow.

QP Transmission Parallelization. By adopting the IBGDA
interface in place of IBRC, SwiftEP gains finer control over
Queue Pair (QP) configuration. During RDMA connection
establishment, the number of QPs is explicitly set accord-
ing to the number of predefined communication channels.
This allows the system to scale in alignment with applica-
tion communication requirements, improving concurrency
and throughput.

TMA Remote GPU Memory Access. The TMA interface
is abstracted into modular load and store operations using
PTX instructions. These operations are combined to construct
end-to-end NVLink data transmission procedures between
GPUs. This encapsulation offers a consistent and high-level
interface for remote memory access, which is utilized across
all inter-GPU communication tasks within SwiftEP, improv-
ing both usability and performance.
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