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Abstract
Mixture-of-Experts (MoE) models use expert parallelism (EP)

to distribute experts across GPUs, relying on collective com-

munication that synchronizes every device at every layer.

To minimize communication latency, hyperscalers provision

abundant network bandwidth in data centers and deploy

MoE-optimized stacks that require Hopper-generation GPU

features. But on commodity GPU clusters with shared and

nonuniform interconnects, this communication barrier seri-

alizes execution behind the slowest transfer.

We present stream expert parallelism (StreamEP), a par-

adigm that removes the collective communication barrier

entirely: each GPU independently receives tokens, executes

the appropriate layer, and forwards results as they become

ready. We build StreamInfer, a serving system that realizes

StreamEP on vanilla NCCL. StreamInfer introduces per-layer

token queues for asynchronous token management, a defrag-

menting scheduler that consolidates partial batches while

guaranteeing forward progress, and a two-phase communi-

cator for asynchronous and variable-size GPU-to-GPU trans-

fers. On 16×L40S and 16×A100 clusters with 200Gbps inter-

node networking, StreamInfer achieves up to 1.7× higher

decoding throughput than traditional EP, demonstrating that

efficient large-scale MoE serving is achievable on commodity

hardware.
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1 Introduction
Mixture-of-Experts (MoE) has become the mainstream ar-

chitecture for frontier language models, and it has demon-

strated strong results on code generation, reasoning, and

instruction-following benchmarks [4, 16]. By activating only

a small fraction of experts per token per layer, MoE mod-

els [4, 7, 8, 16, 21, 27, 30, 33] pack hundreds of billions to

trillions of parameters while remaining practical in cost.

These models far exceed the memory of a single GPU, so

they are sharded across many GPUs and servers for serving.

Expert parallelism (EP) has become the standard approach:

each GPU holds a subset of experts, and a pair of collectives,

dispatch and combine, shuffles tokens to the right GPUs for

expert computation and back at every MoE layer [21]. Im-

plementations realize this pair as all-to-all exchanges [4, 48]

or as all-gather and all-reduce collectives [49]. EP keeps ker-

nel efficiency high during decoding, but either realization

is a hard synchronization point: every GPU must finish its

exchange before any can move on, so the slowest link (Fig-

ure 1(a)) or most loaded device drags the pace for each MoE

layer. We call this barrier EP.
This straggler problem can be effectively hidden by

over-provisioning the bandwidth of GPU interconnects.

Hyperscaler data centers employ large NVLink domains (e.g.

NVL72) where each GPU has up to 900GB/s bandwidth for

both send and receive. When the model deployment exceeds

the NVLink domain, hyperscalers provision 400–800Gbps of

network bandwidth per GPU. In addition, they employ MoE-

optimized software stacks [1, 23, 24, 47, 48] which overlap

communication and computation through micro-batching,

by exploiting Hopper or later GPU features. Together, the

dedicated NICs, over-provisioned bandwidth, and the special

software can minimize and hide communication stragglers.
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Figure 1. Barrier EP (a) vs. StreamEP (b), with identical expert placement and a straggling link on GPU 2 marked in pink. Red frames mark

the module each GPU is currently executing. (a) Blocking Dispatch/Combine collectives run in lockstep, so every GPU stalls behind the

straggler. (b) Outputs stream over async P2P into per-layer 𝜇-queues, whose fill shows the tokens waiting in each. The scheduler on each

GPU continuously picks a queue to drain and execute without waiting for the full batch.

Unfortunately, such fabrics and GPUs are out of reach for

most users who need to serve MoE models on their own in-

frastructure for various reasons: data compliance, academic

HPC pipelines, or customized open-source models with con-

tinual training or RL [41]. We call these deployments com-
modity clusters: multi-node GPU systems with communica-

tion fabrics constrained relative to hyperscaler infrastructure.

They lack some combination of ultra-high-bandwidth intra-

node GPU connectivity, high NIC bandwidth per GPU, and

sufficient inter-node bisection bandwidth. These users of-

ten have pre-Hopper GPUs (e.g., A100, L40S) connected by

100–200Gbps commodity networking. For instance, only 6%

of GPUs available from NSF ACCESS providers meet the

requirements for DeepEP [48], and the proprietary network

fabrics of major cloud providers such as AWS and GCP sup-

port these optimized stacks only on specific instance and

backend combinations (§2.2).

On such clusters, the collective barrier becomes the dom-

inant cost, consuming up to 75% of each MoE layer’s exe-

cution time [22]. Beyond the lower bandwidth itself, three

factors cause communication stragglers and amplify the com-

munication bottleneck:

• Nonuniform and shared interconnects. Intra-node
links can be a mix of PCIe and NVLink, while each inter-

node link is often shared by more than one GPU, so mes-

sages arrive at widely varying times even when the data to

send/receive on each rank is perfectly balanced, as shown

in Figure 2.

• Communication load imbalance.While expert place-

ment can be decided to minimize MoE compute load im-

balance on each rank via algorithms like EPLB [5], the

imbalance of tokens to transfer [20] for each individual

pair of EP ranks can still be significant (§B).

• Transient network congestion. Under co-tenancy, even
a brief bandwidth dip on a single link stalls every GPU

behind the barrier (§6.5).

Together, these create communication stragglers that the
collective barrier forces every GPU to wait on.

This paper proposes Stream Expert Parallelism (StreamEP),
which unwraps the dispatch and combine collectives into

Figure 2. First peer, median, and last peer message arrival times

inside an instrumented NCCL all-to-all collective on an 8-node,

16-GPU cluster with 200Gbps RoCE on each node. More data is

shown in §A. Sizes from 256KB to 1MB are about the per-peer

message sizes GPT-OSS-120B generates in this cluster.

individual point-to-point messages to avoid getting blocked

by a straggler network link or GPU (Figure 1(b)). Instead of

waiting on the straggler, each GPU now begins computation

as soon as a partial batch arrives, without waiting for the full

batch, akin to stream processing. Without collectives always

returning the full batch, StreamEP accumulates the incoming

partial batch tokens in micro-queues (𝜇-queues, also 𝜇𝑄s),
which buffer input for computation. A scheduler on each

GPU independently decides which 𝜇𝑄 to drain and execute

in the next step, based on the queue depths. After execution,

the output is forwarded to other GPUs via asynchronous

p2p messages as well. The result is a natural pipeline: a GPU

computes on tokens that have already arrived, sends results

onward, and picks up the next arriving batch—tolerating

both bandwidth heterogeneity and dynamic load skew with-

out any explicit load balancing. Adaptive batching has been

widely used to provide both low latency and high throughput.

StreamEP achieves this naturally: incoming tokens queue

while the GPU executes previously scheduled computation,

yielding batches with sufficient arithmetic intensity without

letting GPUs idle.

Unwrapping these collectives opens up new system chal-

lenges that we address with dedicated mechanisms:

• Layer-level asynchronous execution.Without collec-

tive synchronization, each GPU must independently man-

age tokens arriving asynchronously frommultiple sources,
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track each token’s target layer, and schedule layer execu-

tions in an order that is no longer globally determined.

• Batch reformation overhead. At every layer boundary,

token batches are split and reformed as tokens are routed

to different GPUs for expert processing and back. This

per-layer batch reconstruction incurs significant overhead

from host-device metadata transfers and GPU memory

management, particularly with paged attention’s KV cache

management [19].

• Batch fragmentation. Removing synchronization barri-

ers causes token batches to fragment: tokens from a single

logical batch arrive at different times across GPUs, result-

ing in many small, inefficient executions of the same layer.

Naïve scheduling strategies either exacerbate this frag-

mentation or cause livelock with newly arriving requests.

• Dynamic point-to-point communication. Asynchro-
nous execution makes communication patterns unpre-

dictable: any GPU may send a variable-size token batch

to any other GPU at any time. Yet GPU-direct transports

such as NCCL require both endpoints to agree on buffer

sizes before initiating a transfer.

We design and implement StreamInfer, an MoE decoding

system that realizes StreamEP by addressing the aforemen-

tioned challenges with the following mechanisms: a layer-
wise adaptive token batching LLM execution infrastructure

(§4.3); a set of batch reformation optimizations that minimize

kernel launch andmetadata transfer overhead (§4.5); a defrag-
menting scheduler that consolidates partial batches into effi-

cient executions while guaranteeing forward progress (§4.4);

and a two-phase communicator that supports fully asynchro-

nous, variable-size GPU-to-GPU transfers over vanilla NCCL

without IBGDA (§4.6).

StreamInfer targets throughput-optimized serving: batch

inference workloads such as synthetic data generation, of-

fline evaluation, and bulk summarization, as well as high-

load online serving where maximizing tokens per second

from a fixed GPU budget is the primary objective. We eval-

uate StreamInfer on GPT-OSS-120B and GLM-4.5-Air with

ShareGPT and GSM8k workloads using a 16×L40S cluster
and a 16×A100 cluster, both with 200Gbps inter-node net-

working. StreamInfer achieves up to 1.7× higher decoding
throughput compared to traditional EP and maintains near-

constant throughput under realistic network interference

that degrades EP by up to 24% (§6.5), demonstrating that ef-

ficient large-scale MoE serving is achievable on commodity

accelerators and fabrics.

2 Background
2.1 Why Expert Parallelism for MoE Decoding
Serving a large MoE model whose parameters far exceed

the memory of a single GPU requires distributing the

model across multiple devices, often spanning multiple

nodes. Three parallelism strategies are available: pipeline

parallelism (PP), tensor parallelism (TP), and expert

parallelism (EP). We argue that EP is the only viable choice

for MoE decoding, while PP remains effective for prefill.

This mismatch makes prefill–decode disaggregation a

near-necessity for efficient large MoE serving.

Pipeline parallelism is ineffective forMoE decoding. PP
partitions the model into 𝑁 sequential stages and splits the

global batch of 𝐵 tokens into 𝑁 micro-batches of 𝐵/𝑁 tokens

each [14, 28]. For dense model training with large batches,

this yields efficient pipeline utilization. For MoE decoding,

however, PP is counterproductive. Autoregressive decoding

is memory-bandwidth bound: each token requires reading

the full expert weights from GPU memory, so throughput

depends on arithmetic intensity, the ratio of computation

to memory traffic [44]. MoE routing is already sparse; each

token activates only 𝑘 experts, so the effective per-expert

batch size is small to begin with. PP further divides this

already-small batch by 𝑁 , causing arithmetic intensity to

collapse when the cluster size is large, while extra problems

like pipeline bubbles are introduced.

Tensor parallelism does not scale beyond a single node.
TP shards weight matrices across devices and distributes

the computation of each layer, preserving arithmetic inten-

sity since the full token batch participates in every shard’s

computation [38]. However, TP requires all-reduce collec-

tives after both the attention and the MLP sub-layers of each

transformer block, demanding high bisection bandwidth

across all participating devices. This restricts TP to devices

connected by intra-node interconnects such as NVLink or

NVSwitch [38]. Fitting a large MoE model entirely within

a single node demands HGX-class machines with 8 high-

VRAM GPUs, hardware that is scarce in academic and many

enterprise settings (Table 2). Moreover, as the TP degree

increases, per-device tensor slices shrink, reducing kernel

efficiency [38].

EP is the natural fit for multi-node MoE decoding. EP
sidesteps both limitations mentioned above. By assigning

a subset of experts to each device, EP preserves high

arithmetic intensity: each device processes all tokens routed

to its experts using full-size weight matrices, keeping the

compute-to-memory ratio favorable even during decod-

ing [21]. This advantage usually grows when the EP-domain

is larger. When paired with data-parallel attention (repli-

cated attention weights, no cross-device communication),

collectives are confined to the MoE sub-layers, with two

per MoE layer: dispatch and combine. These collectives

are implemented either as all-to-all exchanges [4, 48] or

as an all-gather of tokens followed by an all-reduce of

expert outputs [49]. This eliminates the per-block attention

all-reduces that TP would require. EP also maintains high

kernel efficiency, since each device executes standard-sized

matrix operations on its local experts. These properties

have made EP the de facto standard for multi-node MoE
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Table 1. Hardware requirements of MoE-optimized EP communi-

cation stacks.

Library Overlap GPU Network

DeepEP LL [48] Two batch overlap SM90+ GPUDirect RDMA

pplx-kernels [23] Two batch overlap SM90+ GPUDirect RDMA

fabric-lib [24] Two batch overlap SM90+ GPUDirect RDMA

UEP [26] Two batch overlap SM90+ GPUDirect RDMA

NCCL EP [11] Two batch overlap SM90+ GPUDirect RDMA

FlashMoE [1] Fused SM70+ NVLink

Comet [47] Fused SM90+
∗

NVLink

NCCL (vanilla) — Any Any

SM90+ = Hopper or newer architectures.
∗
Comet’s fused

communication–computation kernels use SM90-specific features (TMA, WGMMA).

serving [4, 48].

PP for prefill and the case of disaggregation.While PP

fails for decoding, it is well-suited for prefill, where long

input sequences are processed in a single forward pass. Pre-

fill is compute-bound: hundreds or thousands of tokens

per request provide ample arithmetic intensity even after

micro-batch splitting. PP’s low communication overhead

(activations transferred only at stage boundaries) is a gen-

uine advantage over EP/TP’s per-layer collective commu-

nications. This phase-dependent optimality gap motivates

prefill–decode disaggregation [31, 32, 50], where prefill and

decode run on separate device pools each using its best-fit

parallelism. For large MoE models on commodity clusters,

disaggregation is not merely an optimization but approaches

a necessity: PP enables prefill to scale across nodes with

minimal communication, while EP keeps decoding efficient

despite sparse routing. This paper focuses on the decode side

of this split.

2.2 Optimizations on MoE
EP’s dispatch and combine collectives are the dominant la-

tency source during MoE decoding, and the systems commu-

nity has responded with increasingly specialized communi-

cation stacks, most built around all-to-all token exchanges.

We review two main approaches, two-batch overlapping and

fine-grained kernel fusion, and examine both their overlap

potential and their deployment requirements.

Two-batch overlapping (TBO). The most widely adopted

overlap strategy, introduced by DeepSeek-V3 [4], splits each

iteration’s token batch into two micro-batches and inter-

leaves them: while one micro-batch performs expert compu-

tation, the other executes its all-to-all dispatch or combine.

SGLang [49] and vLLM [19] have adopted this approach for

MoE serving. Effective TBO does not require a strictly zero-

SM communication backend. It requires communication and

expert kernels to make concurrent progress with limited

interference. Vanilla NCCL can run communication on a sep-

arate stream and could be extended specifically for TBO. But

even under ideal overlap, TBO preserves the collective bar-

rier for each micro-batch, so the slower of communication

Table 2. Freely available GPU resources across major U.S. academic

HPC clusters (no condo/PI-purchased hardware).

Cluster H+ Pre-H HGX Fabric

National (ACCESS-allocated)
Delta GPU 64 (7%) 848 64 (7%) SS 200G

DeltaAI 528 (100%) – – SS 200G

Bridges-2 GPU 80 (22%) 288 80 (22%) IB 400G

Anvil GPU/AI 84 (57%) 64 – IB 100–200G

Derecho GPU – 328 – SS 200G

Jetstream2 GPU – 360 – Eth 100G

Others 16 (6%) 240 – Mixed

Campus shared (institution-wide, free access)
MIT Engaging 68 (26%) 196 64 (24%) IB NDR

MIT SuperCloud – 488 – –

Harvard Cannon – 208 – IB HDR

USC Discovery – 70 – IB 100–200G

Stanford Sherlock – ∼75 –
∗

IB NDR

Berkeley Savio – ∼40 – IB FDR

Total 840 (21%) 3,205 208 (5.1%)

H+ = Hopper+ (H100/H200/GH200); percentages are H+ share of each cluster’s total.

Pre-H = A100/A40/L40S/V100/T4/MI100. HGX = Hopper+ GPUs in ≥8-GPU-per-node
configs; percentages are HGX share of cluster total. SS = HPE Slingshot. IB =

InfiniBand.
∗
Condo-owners partition only; excluded from HGX count.

and computation remains exposed.

Let 𝑏 denote the number of tokens in one micro-batch,

and let𝐶 and𝑀 denote its computation and communication

time. Without overlap, the micro-batch throughput is 𝑇 =

𝑏/(𝐶 + 𝑀). Each micro-batch still occupies the compute

resource for 𝐶 time and the network for𝑀 time, giving the

steady-state bound

𝑇 ideal

TBO
≤ 𝑏

max(𝐶,𝑀) =𝑇
𝐶 +𝑀

max(𝐶,𝑀) . (1)

For communication-bound execution, where 𝑀 > 𝐶 , the

maximum speedup is (𝐶 + 𝑀)/𝑀 = 1 + 𝐶/𝑀 . The benefit

therefore shrinks as communication becomes more domi-

nant. Pipeline fill and drain, kernel interference, and lower

micro-batch kernel efficiency reduce the attainable speedup

further. We compare StreamInfer against an optimistic TBO

projection based on this bound; StreamInfer still achieves

higher throughput (§6.2).

Fine-grained kernel fusion. Rather than overlapping two

separate kernels on different CUDA streams as TBO does,

Comet [47] and FlashMoE [1] fuse communication and com-

putationwithin a single GPU kernel at tile granularity (labeled
“Fused” in Table 1). Specialized thread blocks pull tokens from

remote GPUs via NVLink while other thread blocks execute

expert GEMMs on already-arrived tiles, overlapping both

dispatch and combine with computation at a much finer

grain than micro-batch alternation. However, these fused

kernels are tuned for NVLink-class low-latency intercon-

nects. Their fine-grained per-token remote accesses stall on

higher-latency links such as IB or RoCE, so they lose gener-

ality on commodity clusters.

The hardware gap. Most optimized NVIDIA paths in Ta-

ble 1 require Hopper-class GPUs. DeepEP [48], UEP [26],
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Figure 3. An MoE transformer layer: each token is routed to a

subset of experts by a learned gating function. Expert parallelism

distributes experts across devices; tokens are exchanged via barrier-

style collectives before and after expert computation. Every device

must wait at the barrier before executing the next layer.

NCCL EP [11], and Comet [47] use SM90 mechanisms such

as the Tensor Memory Accelerator (TMA) to move token

tiles asynchronously while preserving SM resources for ex-

pert computation. fabric-lib [24] avoids these SM90-specific

mechanisms, but ships kernels only for SM90 and newer

GPUs. FlashMoE [1] supports pre-Hopper GPUs, but its fused

design requires the NVLink fabric to stay efficient. The rel-

evant requirement is therefore the combination of a recent

GPU and a compatible high-bandwidth, low-latency GPU

network. Only 21% of surveyed academic GPUs are Hopper

or later, and just 5.1% reside in HGX-class nodes (Table 2).

Commercial cloud server support is similarly limited to spe-

cific instance and backend combinations. AWS EFA supports

UEP [26] and fabric-lib [24] only on P5. GCP support ranges

from no direct GPU networking on A2 to specialized GPUDi-

rect paths on A3 and A4. Vanilla NCCL therefore remains

the broadest common interface across these academic and

cloud GPU clusters for commodity use.

The barrier remains. These specialized mechanisms reduce

communication overhead and overlap transfers with expert

computation, but they retain operator-level batch synchro-

nization. TBO hides only the communication matched by

concurrent computation. Fused operators such as FlashMoE

pipeline communication and computation at tile granularity,

but the batch cannot advance until all required transfers

complete. A slow transfer therefore delays global progress in

both designs. StreamInfer operates under the same network-

bandwidth constraints, but removes this global advancement

barrier, allowing each GPU to process ready tokens while

slower transfers continue (§3).
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Figure 4. Demonstration of a single rank’s execution timeline for

three consecutive layers under (a) barrier EP and (b) StreamEP.

3 From Barrier EP to StreamEP
As illustrated in Figure 3, EP distributes experts across de-

vices and uses a pair of collectives, dispatch and combine,

at every MoE layer to shuffle tokens to the devices hosting

their assigned experts and return results. These collectives

are barrier-style: every GPU must wait for the entire token
batch to arrive before it can begin executing a layer.

Stream Expert Parallelism (StreamEP) takes a different

approach: it removes the barrier entirely. Instead of assem-

bling a complete batch before executing a layer, each GPU

begins computation as soon as any tokens arrive and for-

wards results immediately, without waiting for the rest of

the batch (Figure 1(b)). This applies uniformly across the

transformer: expert dispatch and combine, attention, and

any other operation that follows a collective exchange all

proceed in a streaming fashion. Fast intra-node transfers

deliver tokens first; the GPU computes on them while slower

inter-node transfers complete in the background. There is

no global synchronization point; each GPU’s execution is

driven purely by token arrival.

Removing the barrier turns the straggler impact from

global to local. Under barrier EP, a single bottleneck straggler

link stalls every other GPU at the collective barrier (Figure 4,

top). Under StreamEP, a straggler only delays the tokens

it carries; every other GPU processes its own tokens unim-

peded (Figure 4, bottom). As a result, latency improves be-

cause the worst-case straggler no longer sets the pace for

the entire system.

A natural concern is that eliminating the barrier will frag-

ment token batches into many small, arithmetically ineffi-

cient executions, resulting in low throughput. The reality

is the opposite. Under barrier EP, the GPU idles after early-

arriving tokens are ready, waiting for the remaining tokens

to complete their transfers. Under StreamEP, that same idle

interval becomes useful computation (Figure 4): the GPU

processes early arrivals immediately, and later tokens queue

during execution, arriving to form the next batch without

any explicit waiting. The spread in arrival times that was

previously a source of idle time is now the mechanism that

creates batching. Crucially, this batching is self-regulating.
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When computation is the bottleneck, tokens naturally queue

while the GPU processes earlier arrivals, accumulating into

batches large enough to attain higher arithmetic intensity.

When communication is the bottleneck, the GPU processes

smaller batches sooner, reducing per-step latency rather than

idling at a barrier. This matters because MoE decoding can-

not increase batch size arbitrarily: KV cache memory caps

the number of concurrent requests. Throughput, therefore,

improves by reducing per-step latency.

StreamEP also differs fundamentally from existing overlap

techniques. Two-batch overlapping (TBO) [4] and tile-level

kernel fusion [47] reduce the visible cost of the collective
by overlapping communication with computation from a

concurrent micro-batch or tile. However, neither technique

removes the barrier, and optimized implementations have

limited hardware compatibility: a straggler still gates col-

lective completion. StreamEP instead uses point-to-point

transfers to forward each token group as it becomes ready

and begins execution when that group arrives.

Realizing StreamEP, however, introduces system chal-

lenges. Without a collective to anchor layer boundaries, the

system must manage asynchronous token arrival, batch

reconstruction, and dynamic communication efficiently. §4

presents the design of StreamInfer, which addresses each of

these concerns.

4 StreamInfer Design
StreamEP’s barrier-free execution introduces several novel

system challenges: each GPU must independently manage

tokens arriving at unpredictable times, reconstruct efficient

batches from scattered arrivals, and communicate variable-

size payloads without collective synchronization.We address

these in StreamInfer, an MoE decoding system that imple-

ments StreamEP efficiently.

4.1 System Overview
Figure 5 shows the architecture of StreamInfer. The system

comprises a global coordinator and per-GPU StreamEP en-
gines.
Global coordinator.The coordinator is a CPU-based service
that manages request lifecycle and cluster state. It consists of

three components: (1) an API server that accepts serving re-

quests, maintains request states throughout auto-regressive

decoding, and handles tokenization/de-tokenization; (2) an

attention load balancer that considers both active request

count and KV cache occupancy to select the least-loaded

data-parallel (DP) rank for each new request. Once assigned,

a request remains bound to the same DP rank throughout its

decoding process to enable KV cache reuse; and (3) a cluster

manager that initializes communication channels between

engines and tracks GPU memory usage for the load balancer.

StreamEP engine. Each GPU has a dedicated StreamEP

engine that hosts both attention layers (replicated under DP)
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Figure 5. System architecture of StreamInfer. Each GPU runs a

StreamEP engine with 𝜇-queues, a defragmenting scheduler, an

executor, and a communicator. The global coordinator manages

requests and load balancing across engines.

and expert layers (partitioned under EP), consistent with

standard MoE serving systems [19, 49]. The critical differ-

ence is that StreamInfer does not use blocking collectives

for dispatching and combining tokens across parallel GPUs.

Instead, each engine independently receives tokens from

any peer, executes the appropriate layer (either attention

or expert), and forwards results to the next destination, all

without global coordination.

The engine design is separated into a data plane and a con-
trol plane: each token’s tensor data remains in GPU memory

throughout its lifetime and is transferred directly between

GPUs via NCCL, while the engine tracks and routes these

GPU-resident tensors through lightweight CPU-side meta-

data (§4.2). This avoids unnecessary host–device copies of

token tensor data and allows the CPU to make scheduling

and routing decisions without touching the GPU data path.

Based on this principle, each engine is organized around four

components that map directly to the challenges:

• A receptor and 𝜇-queues that manage tokens arriving

asynchronously from multiple sources, sorting them into

per-layer queues via metadata, addressing layer-level asyn-
chronous execution (§4.3).

• A defragmenting scheduler that selects which layer to

execute next, consolidating fragmented token batches into

efficient executions while guaranteeing forward progress,

addressing batch fragmentation (§4.4).

• An executor with batch reformation optimizations
that efficiently reconstruct contiguous batches from indi-

vidually arrived tokens while overlapping CPU-side meta-

data preparation with GPU computation, addressing batch
reformation overhead (§4.5).

• A two-phase communicator that supports fully asyn-

chronous, variable-size GPU-to-GPU transfers over NCCL

P2P without requiring IBGDA or NVSHMEM, addressing

dynamic point-to-point communication (§4.6).
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Executor Metadata for Tokens
RequestID: tracks generated output token and attention DP rank

LayerID: indicates the layer this token should be used as input for

<layer#> | <attn. DP rank> | <expert#>

Tensor: reference to the input tensor on the GPU

Topk_weights: used for top-k token merging

Figure 6. Token metadata tracked on the CPU. LayerID encodes
the target layer as <layer#> | <attn. DP rank> | <expert#>.

The receptor, dispatcher, and communicator each run in

dedicated CPU threads, decoupled from the main execution

thread that drives the scheduler and executor. This allows

token arrival and departure to proceed without blocking

GPU computation.

Shared experts. Some MoE architectures include shared
experts that process every token at each layer, in addition

to the top-K routed experts [4]. Since shared experts are

usually a small fraction of the entire MoE layer and every

token passes through shared experts, StreamInfer executes

them under data parallelism, immediately after the attention

computation on the same GPU, before dispatching token

copies to the routed experts.

4.2 Token Metadata and 𝜇-Queues
Without collective synchronization, each GPUmust indepen-

dently manage tokens arriving at unpredictable times from

multiple peers, determine which layer each token needs, and

decide the execution order, none of which is globally coordi-

nated. The execution engine handles this by associating each

token’s GPU-resident tensor data with CPU-side metadata

that tracks its identity and destination.

We consider an MoE model with 𝐿 layers, where each

layer comprises attention computation followed by expert

computation. We group gating and top-K merge with the

attention stage, since both execute locally on the token’s

home DP rank. Tokens within each engine are organized

into per-layer 𝜇-queues: each layer has two 𝜇-queues, one

attention queue for tokens awaiting that layer’s attention and
one expert queue for tokens awaiting that layer’s expert com-

putation. This separation reflects the two distinct routing

patterns in MoE: attention is executed locally on the token’s

home DP rank, while expert computation may require for-

warding to a remote GPU. The engine thus maintains 2 × 𝐿
𝜇-queues in total.

Figure 6 lists the metadata associated with each token.

Since asynchronous queuing may reorder tokens arbitrarily,

position-based identification is no longer possible, so each

token carries a RequestID to preserve its identity. The key

routing field is LayerID, a three-field tuple that the communi-

cator uses to determine the destination GPU and the receptor

uses to select the correct 𝜇-queue. Its attn. DP rank field is
preserved throughout a token’s lifetime to ensure it always

returns to the GPU holding its KV cache, while expert# is
set to null when the token is attention-bound and its expert

StreamEP Execution Flow
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Token Pool

ReqID: 36
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. . .
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ReqID:37, LayerID: layer#=1 | attn. DP rank=1 | expert#=1
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5 Dispatch

4 Batch reformation

3 Select Task
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𝜇-Queues
Attn. Expert

Figure 7. Token execution flow within a StreamEP engine (with

request 37 as an example). 1 Receive dispatched tokens from other

GPUs. 2 Stream to layer-specific 𝜇-queues (attention or expert)

based on LayerID. 3 Select the optimal task via the defragmenting

scheduler. 4 Perform batch reformation and launch GPU kernels.

5 Relabel output tokens with next-layer destinations and forward.

assignment has not yet been determined.

4.3 Execution Flow of StreamEP Engine
Figure 7 illustrates the five-stage token pipeline within each

engine. We explain each stage using request 37 as a running

example: a token targeting expert 1 at layer 1, originally from

attention DP rank 1. Each token carries a compact LayerID
that encodes this routing information; the full metadata spec-

ification is in §4.2.

Stage 1 : Receive tokens. The receptor is the entry point

for token batches arriving from other engines. The commu-

nicator (§4.6) transfers tensor data directly into local GPU

memory and hands the batch to the receptor, which processes

only the accompanying CPU-side metadata for routing. In

the running example, request 37 has been dispatched to the

local engine from another GPU after completing attention

at layer 1. The receptor places incoming tokens into a token
pool, where they are held alongside other recently arrived

tokens.

Stage 2 : Stream to 𝜇-queues. From the token pool, the

receptor inspects each token’s LayerID and routes it to

the appropriate 𝜇-queue. As described above, each layer

maintains an attention 𝜇-queue and an expert 𝜇-queue. Re-

quest 37, whose expert#=1 specifies a particular expert, is
routed to the expert 𝜇-queue for layer 1. Request 36, with

expert#=null, would instead be routed to the attention 𝜇-

queue for layer 1. This is where StreamEP’s natural batching
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takes effect: while the GPU is busy executing another layer,

tokens from different sources accumulate in the 𝜇-queues, co-

alescing into batches large enough for efficient computation

without any explicit synchronization.

Stage 3 : Select task with scheduler. Whenever the GPU

becomes idle, the defragmenting scheduler (§4.4) examines

all 𝜇-queues and selects the best (layer, type) combination to

execute next. Continuing the example, the scheduler selects

layer 1’s experts, which have accumulated tokens from re-

quests 23, 33, 37, and others. The selected 𝜇-queue’s tokens

are then passed to the executor for batch reformation and

computation.

Stage 4 : Batch reformation and execution. Since tokens
arrive individually from different GPUs, the executor must

first reform them into a contiguous batch before launching

computation (§4.5). It then launches the GPU kernels for

layer 1’s expert computation.

Stage 5 : Dispatch. After expert execution completes, the

dispatcher determines each output token’s next destina-

tion. For request 37, which just finished expert processing

at layer 1, the next step is the attention layer of layer 2.

The dispatcher relabels the token as LayerID: layer#=2,
attn. DP rank=1, expert#=null. This relabeling advances
the token to layer 2, preserves attention DP rank 1 so the

token returns to the GPU holding its KV cache, and sets

expert#=null because the expert assignment for layer 2

will only be determined by the router after layer 2’s atten-

tion computation. If the target GPU is remote, the dispatcher

forwards the token via the communicator (§4.6); if the target

attention DP rank is hosted locally, it is enqueued directly

into the local attention 𝜇-queue.

Top-K routing. MoE models route each token to 𝐾 experts

per layer; the final output is the weighted sum of all𝐾 expert

results. The five-stage flow naturally accommodates this: in

Stage 5 , the dispatcher sends one copy to each of the token’s

𝐾 assigned experts, and the results return independently.

Since the 𝐾 copies may arrive at different times, the receptor

tracks partial arrivals in the token pool and promotes a token

to its 𝜇-queue only once all copies have been received; we

detail the reassembly and merge mechanism in §4.5.

4.4 Defragmenting Scheduler
Removing the barrier means that token batches are no longer

delivered whole: tokens trickle in from different GPUs at

different times, and the same logical batch may fragment

across multiple 𝜇-queues. While StreamEP’s 𝜇-queuing mit-

igates this by letting tokens accumulate while the GPU is

busy, the scheduling policy determines how effectively these

fragments consolidate. We find that the policy significantly

impacts both latency and throughput.

Strawman 1: Most-token-first-serve (MTFS). A natural

strategy is to always execute the layer with the most queued

tokens, maximizing immediate batch size. However, MTFS

Figure 8. 𝜇-queue depth over time under the two scheduling poli-

cies. (a) MTFS scatters tokens across many layers simultaneously,

producing fragmented small-batch executions. (b) StreamInfer’s

defragmenting scheduler keeps execution concentrated in a single

frontier wave that sweeps the layers. For visibility, we only show a

subset of layers.

causes severe batch fragmentation (Figure 8(a)). Without

blocking collectives thatmerge tokens from all sources, token

batches naturally arrive in pieces, as some GPUs return their

outputs before others. MTFS exacerbates this by tending to

leave the last slice of tokens for each layer unexecuted, since

another layer may have accumulated more tokens by then.

These orphaned fragments cascade through the timeline,

resulting in many layers with scattered small batches rather

than a few layers with consolidated large batches.

Strawman 2: First-layer-first-serve (FLFS). The oppo-

site extreme strictly prioritizes earlier layers (lower layer

number), aggressively defragmenting by funneling all to-

kens into a single frontier wave. FLFS performs reasonably

well because autoregressive decoding naturally reinforces

consolidated waves across iterations: a well-merged wave

in one iteration benefits the next. However, it has a criti-

cal flaw: newly arriving requests enter at the earliest layer

and always take priority, potentially causing livelock under

high request rates as the system perpetually processes new

requests without advancing existing tokens to completion.

StreamInfer’s defragmenting scheduler. Our scheduler
balances the strengths of both strawmen: it promotes defrag-

mentation like FLFS while considering queue occupancy like

MTFS, avoiding both excessive fragmentation and livelock.

Algorithm 1 presents a simplified version. For each (layer,

type) pair, the scheduler computes a score by combining

the current queue depth with a weighted lookahead score.
The lookahead walks the execution chain (attention, expert,

next layer’s attention, and so on) for𝑊 steps, summing esti-

mated occupancy with exponentially decaying weights (con-

trolled by decay factor 𝛿). Crucially, the occupancy estimate

at each lookahead step combines the current queue depth

with recently drained (executed) token counts from the last

𝐵 scheduling steps. This prevents a just-drained layer from

appearing cold, because other ranks are likely still processing
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Algorithm 1 Defragmenting Scheduler

1: Input: 𝑁𝐿 : #layers, 𝑄 [𝑙, 𝑡 ]: tokens in layer 𝑙 ’s queue (𝑡 ∈
{attn, expert}), 𝛿 : weight decay,𝑊 : lookahead window, 𝐵: history win-

dow, 𝐷𝑖 [𝑙, 𝑡 ]: tokens drained 𝑖 steps ago (1 ≤ 𝑖 ≤ 𝐵)

2: Output: (𝑙∗, 𝑡∗ ) : optimal (layer, type) to schedule

3: Init. 𝑆𝑐𝑜𝑟𝑒𝑠 [𝑁𝐿 ] [2] ← 0

4: function Next(𝑙, 𝑡 ) ⊲ attn→expert→next layer’s attn

5: return (𝑙, expert) if 𝑡 = attn, else (𝑙+1, attn)
6: end function
7: for 𝑙 ← 0 to 𝑁𝐿 − 1 do
8: for each 𝑡 ∈ {attn, expert} do
9: if 𝑄 [𝑙 ] [𝑡 ] > 0 then
10: 𝐿𝑆𝑐𝑜𝑟𝑒 ← 0

11: (𝑙 ′, 𝑡 ′ ) ← Next(𝑙, 𝑡 )
12: for 𝑘 ← 1 to𝑊 do
13: if 𝑙 ′ < 𝑁𝐿 then
14: 𝑂𝑐𝑐 ← 𝑄 [𝑙 ′ ] [𝑡 ′ ] +∑𝐵

𝑖=1 𝐷𝑖 [𝑙 ′ ] [𝑡 ′ ]
15: 𝐿𝑆𝑐𝑜𝑟𝑒 ← 𝐿𝑆𝑐𝑜𝑟𝑒 +𝑂𝑐𝑐 × 𝛿𝑘
16: (𝑙 ′, 𝑡 ′ ) ← Next(𝑙 ′, 𝑡 ′ )
17: end if
18: end for
19: 𝑆𝑐𝑜𝑟𝑒𝑠 [𝑙 ] [𝑡 ] ← 𝑄 [𝑙 ] [𝑡 ] + 𝐿𝑆𝑐𝑜𝑟𝑒
20: end if
21: end for
22: end for
23: (𝑙∗, 𝑡∗ ) ← argmax𝑙,𝑡 𝑆𝑐𝑜𝑟𝑒𝑠 [𝑙 ] [𝑡 ] ⊲ Pick the best (layer, type)

24: return (𝑙∗, 𝑡∗ )

tokens nearby and new arrivals are in flight. The scheduler

therefore keeps execution concentrated around the active

wave rather than scattering to unrelated layers (Figure 8(b)).

Unlike FLFS, the scheduler can defer small fragments that

are far from the main wave and whose execution would not

aid defragmentation, allowing StreamInfer to tolerate occa-

sional severe stragglers; unlike MTFS, it resists fragmenting

tokens across many layers simultaneously.

4.5 Batch Reformation
In traditional EP, the dispatch and combine collectives deliver

tokens in a fixed order that remains contiguous across layers,

so no per-layer batch reconstruction is needed. StreamEP

breaks this invariant: tokens arrive asynchronously from

different GPUs and land at scattered GPU memory locations.

Before launching a layer’s computation, the executor must

reform these tokens into a contiguous batch. After the sched-

uler selects a 𝜇-queue, the CPU collects the Tensor refer-

ences of all queued tokens and transfers them to the GPU. A

reformation kernel then gathers the scattered token tensors

into a single contiguous input buffer.

For attention layers, the CPUmust additionally collect per-

token context lengths and look up each token’s KV cache

page table indices under paged attention [19], since tokens

from different requests map to different physical pages.

Top-K reassembly.When top-K > 1, each token’s 𝐾 expert

copies travel independently and may arrive at different times.

The receptor tracks partially reassembled tokens in the to-

ken pool, keyed by <RequestID, LayerID>: each arriving

𝜇-Batch i-2 𝜇-Batch i-1 𝜇-Batch i 𝜇-Batch i+1 : Transfer

CPU

H2D/D2H
(GDRCopy)

GPU

Launch Sched. Prep. Post Proc. Launch Sched.

Compute Reform Compute Reform

Post data Metadata

Figure 9. Batch reformation overhead hiding. While the GPU com-

putes 𝜇-Batch 𝑖−1, the CPU schedules and prepares 𝜇-Batch 𝑖 , and

GDRCopy transfers post-processing data for 𝜇-Batch 𝑖−2 and meta-

data for 𝜇-Batch 𝑖 in parallel.

copy adds its tensor reference and gating weight to the corre-

sponding entry. Once all 𝐾 copies have arrived, the receptor

promotes the token to the appropriate attention 𝜇-queue. The

weighted merge is then performed during batch reformation:

for attention layers following top-K expert computation, the

reformation kernel fuses the gather with the weighted merge

of each token’s 𝐾 copies, producing one merged tensor per

token. This amortizes kernel launch overhead by merging all

tokens in the scheduled batch in a single pass; each token’s

Tensor metadata is updated to reference the merged result.

Overlapping reformation with computation. Although
reformation is a new per-layer cost, it can be mostly hidden.

While the GPU computes 𝜇-Batch 𝑖−1, the CPU concurrently

schedules and prepares 𝜇-Batch 𝑖 , transferring its metadata

to the GPU (Figure 9). Once the GPU finishes 𝜇-Batch 𝑖−1,
it immediately runs the reformation kernel for 𝜇-Batch 𝑖

and launches computation without stalling for CPU-side

work. Post-execution results such as gating indices and ex-

pert assignments are similarly copied back to the CPU for

the dispatcher. All metadata transfers use GDRCopy [37],

which minimizes host–device copy overhead; we detail this

in §5.

4.6 Two-Phase Communicator
As the background showed (§2.2), all existingMoE-optimized

communication stacks require hardware capabilities such as

IBGDA and InfiniBand that might be unavailable on com-

modity clusters. The only universally available communica-

tion library is NCCL, but its point-to-point APIs pose two

challenges for asynchronous operation: (1) both sender and

receiver must invoke NCCLSend/NCCLRecv simultaneously

to initiate a transfer, and (2) the receiver must know the

sender’s rank and tensor size in advance. In StreamInfer,

due to asynchronous scheduling, any engine may receive

variable-size batches from any other GPU at any time. The

communication pattern is no longer the structured collective

exchange that barrier EP provides.

Figure 10 illustrates our solution: a two-phase communica-

tion protocol that enables fully asynchronous, variable-size

transfers over NCCL without any specialized hardware.

Phase 1: Metadata exchange. Before initiating GPU-side
data transfer, the sender transmits token metadata including
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Figure 10. Two-phase communication protocol. Phase 1 exchanges

lightweight metadata via the message queue on the CPU to coordi-

nate buffer allocation. Phase 2 transfers tensor data via NCCL on

the GPU.

source rank, number of tensors, and tensor sizes to the re-

ceiver through lightweight CPU-side message queues [13].

Each communicator maintains a message queue that iter-

atively consumes metadata from all senders. Upon receiv-

ing metadata, the receiver allocates an appropriately sized

NCCL receive buffer, resolving the buffer-size agreement

problem. For example, when the dispatcher forwards re-

quest 37’s output (now labeled layer#=2, attn. DP rank=1,
expert#=null) to the GPU hosting attention DP rank 1, it

first sends the token metadata via the message queue so the

receiver can prepare the corresponding buffer.

Phase 2: Tensor transfer. With buffer sizes established,

both sides launch their respective NCCLSend and NCCLRecv
kernels on dedicated GPU streams. Critically, after launching

the NCCL kernels, the CPU proceeds immediately to the next

communication task that checks the message queue for new

metadata and coordinates another transfer without waiting

for the GPU transfer to complete. The receiver synchronizes

with the GPU only before releasing the received tensor to

the receptor, ensuring data integrity. The sender defers syn-

chronization: it checks for completed sends only to reclaim

send buffers and throttles concurrent NCCL sends to bound

memory usage. This design, combined with dedicated send

and receive threads that avoid distributed deadlock, allows

the communicator to manage multiple concurrent transfers

across all peers efficiently, achieving the dynamic point-to-

point communication that StreamEP requires without any

hardware beyond NCCL support.

5 Implementation
We implement StreamInfer from scratch, adopting model

layer implementations from vLLM [19] and SGLang [49]. The

model executor is written in Python, while the performance-

critical components (communicator, receptor, scheduler, and

dispatcher) are implemented with about 9K LoC in C++ and

exposed via pybind11. The scheduler and executor run in the

main Python thread; the receptor and dispatcher operate on

dedicated POSIX threads with their own CUDA streams, en-

abling communication–computation overlap and bypassing

Python’s Global Interpreter Lock (GIL) for full concurrency.

Layer-wise CUDA graphs. We use CUDA graphs to amor-

tize kernel launch overhead at low batch sizes. Unlike con-

ventional systems that record 𝐺 graphs for the entire model,

StreamInfer operates at layer granularity, requiring 𝐿 ×𝐺
graphs total. To avoid the naïve memory footprint of per-

graph static buffers, we share intermediate buffers across all

layer graphs at the same batch size, reducing overhead by a

factor of 𝐿.

Host–device coordination. The attention executor

requires several fine-grained CPU–GPU transfers per layer:

allocating KV slots, transferring per-token metadata to GPU

for paged attention, and copying expert indices and gating

weights back to CPU for token routing. To minimize latency

of these small transfers, we employ GDRCopy [29, 37],

which offers lower overhead than standard CUDA memcpy.

6 Evaluation
We evaluate StreamInfer on two commodity GPU clusters

with two MoE models [9, 30] and two workloads [2, 3], com-

paring against four parallelism strategies in SGLang (§6.1).

Our evaluation answers the following questions:

• Does StreamInfer improve decoding throughput and inter-

token latency over state-of-the-art parallelism strategies

on resource-constrained clusters? (§6.2 and §6.3)

• How does StreamInfer scale with increasing request con-

currency compared to barrier-based expert parallelism?

(§6.4)

• Does StreamInfer tolerate network variability better than

barrier-based expert parallelism? (§6.5)

• Howmuch does each component of StreamInfer contribute

to overall performance? (§6.6)

6.1 Evaluation Setup
Clusters. Our primary testbed, Sphere, comprises eight

servers, each with two NVIDIA L40S GPUs (48GB) con-

nected via PCIe and a single ConnectX-6 NIC (200Gbps

RoCE) shared by both GPUs. We also evaluate on Delta, an
academic cluster of four servers, each with four NVIDIA

A100 GPUs (40GB) connected via NVLink and a single

200Gbps Cray Slingshot NIC per server. Both clusters

represent commodity environments where per-GPU

network bandwidth is limited and contended.

Models.We use two open-source MoEmodels in BFloat16

(Table 6). GPT-OSS-120B activates only 4.4% of parameters

per token, making it highly communication-bound under EP;

we use it as the primary model for all experiments. GLM-4.5-

Air activates 11.3% via top-8 routing over smaller experts, pro-

ducing denser activations and a larger per-token KV cache

footprint; we use it in §6.4 to stress-test concurrency scaling

under tighter memory budgets.

For details of both models, see §C. As MoE load-balancing

is orthogonal to our work, we also apply EPLB-like expert
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Figure 11. Two-batch overlap execution flow that interleaves com-

munication and computation across two micro-batches.

Figure 12. Decoding throughput comparison of StreamInfer on

two resource-constrained clusters. For EP-TBO, the crosshatched

segment represents the improvement attributed to projection.

placement to StreamInfer and the baselines. See §D for more

details.

Baselines. We compare StreamInfer against four paral-

lelism configurations in SGLang [49], the state of the art in

open-source MoE serving:

• Expert parallelism (EP): EP across all 16 GPUs, using all-

gather for token dispatch and all-reduce for token combine

at each MoE layer. This is SGLang’s portable realization

of the dispatch and combine collectives, and it carries the

same barrier semantics as all-to-all-based EP.

• Pipeline parallelism combined with tensor paral-
lelism (PP×TP): PP avoids inter-node collectives but in-

troduces pipeline bubbles and limits per-stage batch size.

On Sphere we use PP×TP of degree 8×2; on Delta, 4×4 to
keep TP intra-node.

• Expert parallelism over two replicas (EP×DP): two
model replicas, each serving with EP over half of the clus-

ter.

• Expert parallelism with ideal two-batch overlap (EP-
TBO): EP with two micro-batches pipelined, overlapping

one batch’s communication with another’s computation.

Because the evaluated SGLang configuration does not sup-

port TBO on pre-Hopper GPUs, we measure EP at half of

the maximum concurrency and apply the ideal bound in

Equation (1), as illustrated in Figure 11.
1

Beyond the main throughput comparison, we use EP as

the sole baseline in subsequent experiments, as it is the best-

performing baseline in practice.

1
The half-concurrency run measures 𝑇 for one TBO micro-batch. Our

communication-bound setup gives 𝐶/𝑀 ≈ 0.33, so the ideal factor is

1 +𝐶/𝑀 ≈ 1.33.

Figure 13. Throughput–ITL trade-off experiments.

Workloads andMetrics.We use ShareGPT [2], a chat work-

load with high length variance, and GSM8k [3], a math rea-

soning workload with shorter, more uniform lengths. Re-

quests arrive via a Poisson process at a saturating rate with

empirical length distributions. We report decoding through-

put (tokens/s) and mean/P99 inter-token latency (ITL). For

section 6.2, to measure the highest sustainable throughput,

we use the metric from the peak 60-second window after the

system reaches the highest global batch-size, excluding the

ramp-up and long tails. For later sections, since we study

the performance under different offered loads, we include

metrics from the entire serving duration.

6.2 Throughput Analysis
Figure 12 compares decoding throughput for GPT-OSS-120B

across both clusters at maximum sustainable concurrency.

Sphere (8×2×L40S). StreamInfer achieves 36 K tokens/s

on ShareGPT and 40K tokens/s on GSM8k, outperforming

the best practical baseline (EP) by 1.7× and 1.4×, and the ide-
ally projected EP-TBO by 1.4× and 1.1×, respectively. PP×TP
delivers the lowest throughput at roughly 5K tokens/s, as

pipeline bubbles and small per-stage batch sizes severely

underutilize the GPUs. EP reaches only 21 K and 28 K token-

s/s on ShareGPT and GSM8k: 16-GPU collectives at every

MoE layer are expensive over commodity networking, and

the barrier forces all GPUs to wait for the straggler. EP-TBO

overlaps communication with computation but halves the

effective batch size, yielding 25 K and 35K tokens/s.

Delta (4×4×A100). Delta differs from Sphere in three

ways: smaller GPU memory (40GB vs. 48GB), NVLink in-

stead of PCIe intra-node, and four GPUs per server sharing

a single NIC. StreamInfer achieves 25K and 31K tokens/s

on ShareGPT and GSM8k, outperforming EP by 1.3× and

1.5×. The relative advantage is smaller for two reasons. First,

A100’s smaller memory limits batch concurrency, reducing

cross-node traffic and the communication bottleneck. Sec-

ond, Delta’s 4×4 topology places more GPUs behind fast

NVLink, so only four inter-node NIC hops can gate a step.

On Sphere, by contrast, all eight PCIe and eight NIC hops

operate at comparable speeds and any can become a bot-

tleneck. PP×TP reaches 15 K tokens/s, substantially higher

than on Sphere, thanks to fewer pipeline stages and NVLink-

accelerated tensor parallelism.
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Figure 14. Decoding throughput against concurrency, the number

of requests in flight, for GPT-OSS-120B on ShareGPT. Each point is

annotated with the offered request rate that produced it.

Figure 15. Throughput of StreamInfer and SGLang EP on GLM-

4.5-Air with full and halved layers on Sphere.

EP-TBO over-estimates real performance. Recall

that EP-TBO is an optimistic projection assuming zero

communication-computation interference (§6.1); a real

implementation would fall short, making StreamInfer’s true

advantage larger than reported.

Duplicating weights collapses concurrency. In EP×DP
settings, each replica carries its own copy of the weights,

leaving less VRAM for KV cache and shrinking the global

batch, thus reducing concurrency and arithmetic intensity.

6.3 Throughput-Latency Tradeoff
We sweep the request rate andmeasure throughput andmean

ITL simultaneously (Figure 13). EP plateaus at about 14K

tokens/s on both ShareGPT and GSM8k; beyond this point,

higher request rates only inflate ITL. StreamInfer pushes the

throughput frontier to 26 K and 25K tokens/s. Under light

load, StreamInfer exhibits slightly higher ITL due to queu-

ing delay from asynchronous execution. As load increases,

communication–computation overlap keeps StreamInfer’s

ITL growing slowly, while EP’s lockstep barrier causes ITL

to spike. With a moderately relaxed ITL SLO, StreamInfer

delivers substantially higher throughput, reducing overall

serving cost.

6.4 Concurrency Handling
In Figure 14, we plot throughput against different request

rates to study the performance under different concurrency

levels (i.e., global batch sizes). Notably, StreamInfer has a

more significant throughput advantage when the concur-

rency is higher, because StreamInfer pays a fixed cost on

Table 3. Interference traffic scenarios used in the network variabil-

ity experiment, ordered by increasing severity. Each scenario injects

background traffic derived from the AWS trace in Figure 16(a).

Scenario Description

Single

Background traffic on one inter-node link;

remaining links unaffected

Single (2×) Same as single-link with double the

interference traffic volume

All

Four independent generators, one per inter-node

link, covering all links simultaneously

Bidirectional-All (Bi-all)

Every node both sends and receives background

traffic, exercising all links bidirectionally

every layer (e.g. scheduling, batch reformation, and metadata

transfer), which is better amortized when each micro-batch

is larger.

To further study the effect of concurrency on throughput,

we switch to GLM-4.5-Air, whose attention head dimension

(128 vs. 64 in GPT-OSS-120B) doubles per-token KV cache

consumption, reducing maximum concurrency by over 50%

under the same memory budget. We evaluate two configura-

tions on Sphere: the full 46-layer GLM-4.5-Air and a halved-

layer variant (23 layers) that frees memory to roughly double

maximum concurrency, keeping all other variables (model

architecture, routing, and cluster topology) fixed.

In a low concurrency scenario with a full model of 46 lay-

ers, KV cache limits concurrency, and StreamInfer achieves

7.6 K tokens/s on ShareGPT and 11.7 K tokens/s on GSM8k

(Figure 15), a modest improvement of up to 1.2× over EP. At

low concurrency, batches are small, leaving little room for

asynchronous execution to accumulate tokens and amortize

scheduling overhead. In a high concurrency scenario with

a halved model with 23 layers, the freed memory roughly

doubles maximum concurrency, and StreamInfer’s advan-

tage widens to 1.3× on ShareGPT and 1.4× on GSM8k. EP

degrades under higher concurrency: larger batches amplify

per-layer collective volume, and the barrier serializes on the

slowest GPU at every layer. StreamInfer processes tokens

without global synchronization, and higher concurrency nat-

urally produces larger partial batches that improve GPU

utilization rather than inflating communication cost. These

results confirm that StreamInfer’s throughput scales with

concurrency while EP’s barrier cost grows with it.

6.5 Network Interference Tolerance
In both HPC and enterprise scenarios, commodity clusters

can be shared among tenants, exposing serving workloads

to unpredictable network interference, either as end-host

NIC interference or transient network congestion. Alongside

inference engines under 100 requests per second offered load,

we replay an AWS interference trace [35] (Figure 16(a)) with

a median bandwidth of 185.1 Gbps but a wide P1–P99 spread,

and construct four scenarios of increasing severity (Table 3),

from single-link to bidirectional all-link interference con-

suming only 7.5% of total bandwidth on average.
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Figure 16. Network variability tolerance. (a) Bandwidth trace from an AWS cluster (median 185.1 Gbps) [35]. (b) Throughput comparison of

SGLang EP and StreamInfer under progressively severe interference scenarios. (c) Throughput–ITL operating points under each scenario,

showing that StreamInfer’s operating point remains tightly clustered while SGLang EP shifts toward lower throughput and higher ITL.

Figure 17. Ablation experiments of StreamInfer.

EP degrades as soon as a single link experiences inter-

ference (Figure 16(b)), losing up to ∼24% throughput under

bidirectional all-link interference, far out of proportion to the

modest bandwidth consumed. The barrier serializes on the

worst instantaneous link: the node with the highest spike

gates the entire collective. Separating TCP control traffic

from NCCL’s RoCE datapath onto different NICs does not

help, confirming the bottleneck is in the collective itself.

StreamInfer maintains nearly constant throughput across all

scenarios. Figure 16(c) shows EP’s operating point drifting

toward lower throughput and higher ITL as interference in-

tensifies, while StreamInfer’s operating points remain tightly

clustered. Without a global barrier, localized interference de-

lays only the tokens on affected links without propagating

system-wide.

6.6 Ablation Study
We ablate StreamInfer’s key components (Figure 17) using

three configurations:

• MTFS: most-tokens-first-serve scheduling, no batch refor-

mation optimizations, no CPU–GPU overlap.

• +Defrag: adds the defragmenting scheduler.

• +Defrag+Opt (full StreamInfer): adds batch reformation

optimizations and CPU–GPU overlap.

The defragmenting scheduler is the largest contributor:

switching from MTFS to +Defrag improves throughput by

3.2×. Without defragmentation, partial token batches are

scheduled as many small executions, severely underutilizing

GPU compute due to low arithmetic intensity. The sched-

uler consolidates fragments into larger batches, recovering

arithmetic intensity. Batch reformation optimizations and

CPU–GPU overlap (+Defrag+Opt) further improve through-

put by 4.5% by reducing per-layer metadata transfer and

Table 4. Averaged per-batch CPU cost of the engine loop on GPT-

OSS-120B, split by module, and the fraction of each stage hidden

behind GPU execution. How well a batch overlaps depends on what

batch precedes and follows it.

Attention Expert

Stage Per step Hidden Per step Hidden

Schedule 127.2 𝜇s 50.6% 29.6 𝜇s 68.3%

Prepare 90.2 𝜇s 50.0% 23.3 𝜇s 66.9%

Launch 289.4 𝜇s 66.6% 75.4 𝜇s 65.9%

Post-process 126.6 𝜇s 96.4% 57.8 𝜇s 97.4%

CPU total 633.4 𝜇s 67.0% 186.1 𝜇s 76.2%

GPU execution 178.4 𝜇s — 437.3 𝜇s —

kernel launch overhead, which accumulates rapidly as asyn-

chronous scheduling increases the rate of layer invocations.

Table 4 further breaks down the CPU overheads of layer-

wise scheduling and shows to what extent the overlapping

techniques introduced in §4.5 can hide these overheads be-

hind GPU computation. Example captured traces showing

the CPU/GPU timelines are provided in §E. Notably, the

percentage of hidden CPU work depends on the GPU ker-

nel runtime of adjacent batches. Because an expert batch

is usually surrounded by expert batches, and since expert

batches have longer per-step compute time than attention,

CPU-control overheads for experts are better overlapped.

Also, scheduling and preparing an attention batch take more

time than expert batches because there is more metadata as-

sociated with attention batches (e.g. KV-Cache management)

to process.

6.7 End-to-End Serving
StreamInfer is a decode-only engine, so it needs to be de-

ployed as the decoding worker of a prefill–decode disag-

gregation setup. Operating that architecture in production

requires request routing and capacity planning to keep the

prefill and decode throughput balanced under varying work-

loads, which is orthogonal to this work. For simplicity, we

separately profile the SGLang prefill phase while offloading
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Table 5. Profiled prefill time and projected makespan for serving a

5000-request batch on Sphere. In order to simulate the cost of KV-

Cache transfer, the prefill time is measured while SGLang offloads

resulting KV-Cache to Mooncake.

Total makespan

Workload In /Out Prefill SGLang EP StreamInfer

ShareGPT 174 / 435 12.4 s 171 s 96 s
GSM8k 137 / 287 8.8 s 111 s 66 s

to an external KV-cache service [32] and then use the decod-

ing throughput measured in earlier sections to project the

end-to-end serving time of request batches, each consisting

of 5000 sequences sampled from the corresponding dataset.

As shown in Table 5, prefill takes only a tiny fraction of the

end-to-end serving because it can process a whole prompt

in one compute-bound forward pass, which is much more

efficient than decoding. StreamInfer finishes the batch about

1.7× faster on both datasets. These end-to-end gains are close
to its decoding advantage alone, exactly because prefilling is

very fast under such workloads.

Overall, due to the fundamental throughput gap between

prefill and decode, for decode-heavy and moderately-prefill-

heavy workloads, StreamInfer can provide decent end-to-

end speed-ups or reduce the required decoding hardware

resources in a PD-disaggregated cluster. If the workload is

extremely prefill-heavy or even prefill-only (e.g., LLM binary

decision based on a long text), StreamInfer decoding will not

be helpful.

7 Related Work
Mixture-of-Experts models. The sparse MoE layer [36]

decouples model capacity from per-token compute by ac-

tivating only a subset of experts per input. GShard [21],

Switch Transformers [8], and GLaM [7] scaled this idea to

trillions of parameters, and recent production models have

all integrated MoE as the backbone, including Mixtral [16],

DeepSeek [4, 6], Qwen [33, 45], Kimi [18], and GLM [10].

LLM and MoE serving systems. Orca [46] introduced con-
tinuous batching; vLLM [19] and SGLang [49] introduced

fine-grained and structural KV cache management. Dist-

Serve [50], Splitwise [31], and Mooncake [32] disaggregate

prefill and decode onto separate hardware. Attention-FFN

disaggregation (AFD) [25, 40, 42, 51] enables flexible resource

allocation across attention and expert modules. These opti-

mize scheduling, memory, and phase-level allocation; Stream-

Infer targets a different bottleneck and dissolves the commu-

nication stall under EP in every MoE layer.

Communication optimization for distributed MoE de-
ployment.A rich body of work reduces EP’s communication

cost (§2.2). FasterMoE [12] replicates hot experts locally; Tu-

tel [15] dynamically switches collective patterns; Lina [22]

optimizes expert placement and communication scheduling;

DeepSpeed-MoE [34] provides end-to-end MoE training and

inference with optimized primitives. More recent kernel-

level fusion works, including DeepEP [48], pplx-kernels [23]

and its successor fabric-lib [24], UEP [26], Comet [47], Flash-

MoE [1], and MegaScale-MoE [17], streamline the all-to-all

communication in EP and overlap it with expert computa-

tion. All retain the synchronization barrier, while StreamIn-

fer eliminates it entirely, letting each GPU compute as tokens

arrive. FAST [20] instead targets the communication load

imbalance itself, scheduling all-to-all transfers so that each

link carries a comparable volume. Its rebalancing happens

inside each server before traffic crosses the network, so the

approach relies on intra-node interconnects such as NVLink

being far faster than inter-node links.

Parallelism strategies. Pipeline parallelism [14, 28] reduces

arithmetic intensity during decode via micro-batch splitting;

tensor parallelism [38] preserves batch size but requires per-

layer all-reduce, limiting it to intra-node use; expert paral-

lelism [21] maintains per-device intensity and is the de facto

choice for multi-node MoE serving [4, 48]. Moebius [43]

enables fast hot-switching between expert parallelism and

tensor parallelism. StreamInfer keeps EP’s placement model

but replaces the synchronous dispatch and combine collec-

tives with asynchronous point-to-point transfers, removing

the barrier that makes EP vulnerable to stragglers.

Per-expert queuing. QLLM [39] introduces expert queues

for batch-level preemption, while StreamEP uses the queues

for dynamic re-batching.

8 Conclusion
This paper presented Stream Expert Parallelism (StreamEP),

a paradigm that eliminates the collective synchronization

barrier in MoE decoding by letting each GPU independently

receive, compute, and forward tokens as they arrive. Our sys-

tem, StreamInfer, realizes StreamEP on vanilla NCCL using

per-layer 𝜇-queues, a defragmenting scheduler, and a two-

phase communicator. On 16×L40S and 16×A100 clusters,

StreamInfer achieves up to 1.7× higher decoding through-

put over traditional EP and maintains near-constant perfor-

mance under network interference, demonstrating that the

synchronization barrier, not the hardware, is the fundamen-

tal bottleneck for MoE serving.
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Figure 18. Per-peer arrival times on an 8-node, 16-GPU cluster.

Left: first, mean, and last peer arrival. Right: the first-to-last gap

and the median-to-last gap as fractions of the collective’s duration.

Figure 19. Token-count imbalance of communication and MoE

compute within each decoding step, averaged over all steps and

layers; 1.0 is perfect balance.

Appendices
Appendices are supporting materials that have not been

peer-reviewed.

A Varying Message Arrival Times
Figure 2 reports the message sizes that a decoding work-

load generates in our cluster. Figure 18 extends the same

instrumented all-to-all to more message sizes.

B Message-Level Load Imbalance
§A fixes every peer’s message size to isolate the network’s

contribution to straggling. Figure 19 measures the imbal-

ance of the traffic itself, that is, how many tokens need to

be transferred from one rank to another during the collec-

tives between DP-attention layers and EP-MoE layers. We

compare the maximum and the mean number of tokens in

such messages of every decode step. Notably, with EPLB-like

expert placement, the max-to-mean gap of each rank’s MoE

compute load is minimal, while the gap of tokens to send is

more significant.

For this experiment, due to testbed availability issues, we

use a scaled-down version (4 nodes, 8 GPUs) of the aforemen-

tioned Sphere cluster to run the SGLang baseline with half

of the layers of GPT-OSS-120B. The token routing pattern is

preserved by methods described in §D.

C Detailed Model Configuration
Table 6 shows the detailed configurations of the models we

tested in the evaluation.

Table 6.Model configurations.

GPT-OSS-120B GLM-4.5-Air

Total / Active params 117B / 5.1B 106B / 12B

Experts 128 128 + 1 shared

Top-𝑘 4 8

Layers 36 46

Hidden dim 2,880 4,096

Expert intermediate dim 2,880 1,408

Head dim 64 128

Attn heads / KV heads 64 / 8 96 / 8

Figure 20. Captured StreamInfer trace examples for GPT-OSS-120B

running on the Sphere testbed in bf16. Arrows point from a CPU

scheduling operation to the corresponding GPU execution.

D Model Serving Details
Dummy KV-Cache. StreamInfer is a decoding-only system,

so every request’s prompt KV has to come from somewhere:

either a prefill instance streams it in or a KV-Cache storage

service sends it in. Both options are orthogonal to the barrier-

free decoding technique. Since KV transfer techniques differ

wildly in performance and can impact the decoding perfor-

mance, we serve with dummy cache tensors for both Stream-

Infer and the baselines to isolate the decoding component

alone. We preserve the model arithmetic, the data movement,

and the sequence length distribution. This setup also lets us

cut the layer count when the testbed size is limited.

MoE Routing Profiles. Dummy cache and cutting layers

cannot produce meaningful gating decisions, so we profile

the per-sequence, per-token routing outcomes of serving the

datasets using the actual model and replay them by request

and token position during the experiments. In this way, a half-

layer configuration also inherits the same routing behavior

as the full model.

EPLB-Like Expert Placement. Relying on the routing pro-

file replays, we further balance each dataset’s profile by re-

arranging which experts live on which rank, so that MoE

compute is close to perfectly balanced across ranks, and both

StreamInfer and the baselines serve using this placement.
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EP Collectives. The version of SGLang used for evaluation

does not support all-to-all EP execution on the evaluation

hardware. It rather employs all-gather/all-reduce for running

MoE models like the GPT-OSS series.

E Example Traces
Figure 20 shows the two exemplary segments from the trace

used to present Table 4. It shows that the attention com-

putes are shorter and more sparse, while expert computes

are longer and bulkier because they are dominated by the

up and down projections. This explains why the overheads

for scheduling expert batches are more adequately hidden

behind computes. It also shows that, when an attention batch

follows an expert batch, more of the overheads are success-

fully overlapped.
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