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Abstract

The Mixture-of-Experts (MoE) architecture scales large language
models (LLMs) to trillions of parameters by activating only a small
subset of experts per token. In practice, MoE inference is commonly
deployed with Expert Parallelism (EP), which places whole experts
on different GPUs to preserve kernel efficiency. However, produc-
tion EP deployments often suffer from two bottlenecks: (1) expert
workload imbalance, which creates computation and communica-
tion stragglers, and (2) communication inefficiency, where inter-GPU
transfers dominate latency even after balancing. We present EPIC,
an experience-driven EP inference system that addresses these is-
sues progressively for real deployments. EPIC mitigates imbalance
via performance-aware expert migration and runtime expert acti-
vation, and then improves communication with topology-adaptive
transport kernels and fine-grained computation–communication
overlap. EPIC has been deployed at scale across O(10K) GPUs in
our online inference service for both open-source models (e.g.,
Qwen3-Coder and DeepSeek-R1) and internal models, reducing
communication time and per-token latency by up to 40% and 21%,
respectively.

CCS Concepts

• Networks → Data path algorithms; Data center networks; •
Computing methodologies→Machine learning.
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1 Introduction

Large language models (LLMs) are rapidly scaling from billions to
trillions of parameters, bringing strong generalization across a wide
range of tasks [3, 15, 20, 35]. In our online inference service, this
scale directly translates to higher memory footprint, higher per-
token cost, and tighter latency requirements, where users expect
interactive responses and operators must meet strict SLOs under
fluctuating traffic. To make trillion-parameter inference practical,
our production deployment adopts the Mixture-of-Experts (MoE)
architecture [22, 30, 40], which activates only a small subset of
experts per token and keeps per-token compute manageable. As a
result, MoE has become the default choice for serving many state-
of-the-art LLMs in our fleet, spanning both open-source models
and internal proprietary models.

A key enabler for serving MoE at scale is Expert Parallelism
(EP) [39, 46], which places entire experts onto different GPUs. Com-
pared to tensor parallelism, EP preserves GEMM/kernel efficiency
and avoids fine-grained partitioning overhead, making it attractive
for latency-sensitive online inference. However, after operating EP-
based MoE inference in production, we found that EP frequently
fails to deliver the expected latency/throughput benefits because
of two main bottlenecks, i.e., end-to-end decoding latency: expert
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workload imbalance and communication inefficiency. These
bottlenecks persist across models and traffic patterns, and become
more pronounced as we scale out to more nodes.

Bottleneck #1: expert workload imbalance in production. In EP,
tokens are dynamically routed to experts by a gating module, and
the resulting token distribution is often highly skewed [18]. In
our online traces, a small fraction of experts frequently become
“hot” and receive disproportionately more tokens than others. This
imbalance creates stragglers in both computation and communi-
cation: GPUs hosting hot experts experience longer compute and
communication times, while GPUs hosting cold experts remain
underutilized but must still wait at synchronization points. Across
production traffic, we repeatedly observe large gaps between the
busiest expert and the average expert within the same decoding
step, which directly increases time-per-output-token (TPOT).

Existing systems like Expert Parallelism Load Balancing (EPLB) [8]
mitigate imbalance via periodic reshuffling experts based on his-
torical statistics. In our deployment, however, these approaches
reveals practical limitations. First, expert workload regularly devi-
ate from historical averages, and periodic rebalancing is unable to
adjust in real-time. Second, they only optimize compute balance
between GPUs but ignore the balancing of network traffic. As a
result, imbalance remains a dominant source of tail latency in our
service.

Bottleneck #2: communication inefficiency after balancing. Ex-
isting MoE communication optimizations largely follow two di-
rections. One is to leverage high-bandwidth transports to alleviate
bandwidth bottlenecks. For example, DeepEP [7] uses NVLink intra-
node and RDMA inter-node (IBGDA [1]). However, a fixed transport
policy may not fit all deployment scenarios. In our multi-node clus-
ters, we find DeepEP’s design to be inefficient: traffic can be pushed
through congested rails/spine links. When multiple top-k experts
for a token reside on the same node, identical token payloads are
transmitted multiple times over the NIC, wasting bandwidth. The
other direction tries to overlap computation and communication,
such as two-batch overlap (TBO) [21]. While effective for very large
batches, in our online setting where batch sizes are often small to
medium, splitting batches reduces compute efficiency, yielding lim-
ited or even negative gains.

These production lessons motivate EPIC, an experience-driven
system for EP-based MoE inference. A key takeaway from our
deployment is that the two bottlenecks are coupled in practice:
eliminating imbalance is necessary to avoid stragglers, but once
the workload becomes balanced, communication efficiency deter-
mines the achievable latency. Therefore, EPIC addresses EP bot-
tlenecks progressively: it first establishes a balanced baseline and
then applies communication-centric optimizations to approach the
hardware limits.

Tomitigate imbalance, EPIC extends EPLBwith mechanisms that
co-design periodical expert placement and real-time adjustments.
At the placement level, EPIC performs topology aware reshuffling
to balance both compute and network loads. To react to short-term
workload variations observed in production, EPIC supports light-
weight, intra-host expert migration using high-bandwidth intercon-
nects (e.g., NVLink), enabling rapid adaptation without violating
latency budgets. Together, these mechanisms reduce stragglers and
improve utilization under real traffic patterns.
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Figure 1: EP Inference workflow of a MoE model.

Building on the balanced workload, EPIC further improves com-
munication efficiency. First, EPIC provides topology-aware trans-
port kernels and de-redundancy mechanisms to eliminate duplicate
transfers. Second, EPIC enables per-expert fine-grained computa-
tion that hides communication without reducing GEMM efficiency.
In reality, EPIC selects the most fitting combination of optimization
policies catered to each scenario to achieve the best performance.

EPIC has been deployed at scale in our online inference service,
serving both open-source MoE models (e.g., Qwen3-Coder [35] and
DeepSeek-R1 [20]) and internal proprietary models, and achieves
up to 21% lower TPOT and 27% higher TPS while maintaining ser-
vice stability. This work contributes: (1) production insights on
EP-based MoE inference and two latency-dominant bottlenecks;
(2) an imbalance-mitigation framework that integrates topology-
aware placement with low-cost migration to balance compute and
communication; (3) communication optimizations that are adap-
tively applied to match workload requirements; and (4) validation
at production scale across models, hardware, and configurations.
This work does not raise any ethical issues.

2 Background and Motivation

We operate a large, multi-tenant online model inference service.
Over the past few years, we have observed two clear shifts in
production: models have moved from dense LLMs to Mixture-of-
Experts (MoE), and serving has moved from single-GPU to multi-
node EP inference.
From dense to MoE model. Today, almost all of our served LLM
capacity (by tokens and GPU-hours) is MoE, including both open-
source and in-house ones. As model sizes continue to grow, dense
LLMs are expensive to serve under tight SLOs. In contrast, MoE
models scale capacity by activating only a small subset of experts
per token, keeping per-token compute affordable while enabling
trillion-parameter models.
From single-GPU to multi-node EP. As model sizes increase,
a single GPU cannot accommodate a whole model. Currently, al-
most all of our LLM inference traffic runs on multi-GPU, often
multi-node, deployments (ranging from 8 GPUs within a node to
clusters spanning up to 8 nodes). MoE serving typically relies on
EP [39, 46], which places each expert’s parameters local to a single
GPU (as shown in Figure 1). Compared to TPwith the same scale, EP
greatly reduces communication volume and improves performance.

As an inference service provider, our objective is to deliver both
throughput (TPS) and latency (TPOT) guarantees, while minimizing
the cost. Different scenarios pin TPOT and TPS at different targets.
For example, agentic workflows may require ultra-low TPOT (e.g.,
10-30 ms), while offline generation tolerates looser latency. In gen-
eral, increasing batch size (i.e., requests per step) raises TPOT (more
concurrent work) but improves TPS (better compute efficiency). In
production, we select batch size per scenario to satisfy its SLOs.
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(c) Imbalance ratio at each EPLB rebalance step.
Figure 2: Expert workload imbalance distribution and temporal variations in DeepSeek-R1 inference deployment.

Config Real (Imbalanced) Theoretical
(Balanced)Hot GPU Cold GPU

Dispatch (𝜇s) 155.7 74.2 86.3
Expert GEMM (𝜇s) 191.0 127.4 147.0

Combine (𝜇s) 231.0 376.1 187
TPOT (ms) 65.2 65.2 54.2

Table 1: Performance comparison between balanced

(theoretically-optimal) and imbalanced (real) gating.

Given this batch size, EPIC targets the dominant bottleneck
in MoE inference: EP communication. In production, two issues
consistently limit performance in EP:

2.1 Expert workload imbalance

Before serving amodel, we estimate a theoretical inference step time
for a given batch size by decomposing one step into constituent
kernels, benchmarking them in isolation, and summing their laten-
cies. In production, however, the measured TPOT is consistently
higher than these estimates. The dominant cause is expert workload
imbalance.

Expert workload imbalance.MoE gating assigns uneven num-
bers of tokens to experts, creating hot experts that receive dispro-
portionate traffic. GPUs hosting these experts must transfer and pro-
cess more data, inflating both communication time and expert-side
compute. Figure 2(a) shows a sampled decode step across three
layers, plotting tokens received per expert. In all three, loads vary
widely, with the busiest expert receiving 74 times the layer aver-
age. We quantify this skew with the imbalance ratio, defined per
layer as the maximum tokens received by any expert divided by the
layer mean. This metric captures the bottleneck because per-step
latency is gated by the slowest expert. Figure 2(b) reports layer-wise
imbalance ratios over 500 steps across four sampled production
traces. Even the most balanced intervals remain 2.5, while the most
imbalanced one reaches 10.6.

Table 1 (DeepSeek-R1, unoptimized; EP16 on 16×H20) profiles
hot and cold GPUs under imbalanced versus balanced routing. The
hot GPU incurs longer dispatch time (more incoming tokens) and
longer expert compute (more tokens processed), while the cold
GPU’s kernels complete sooner but stall at the combine barrier
waiting for the hot GPU. Compared to a balanced routing baseline,
real skew inflates the slowest-GPU dispatch+combine path from
273.3 to 450.3 𝜇s (the cold GPU is dominated by its combine-barrier
wait) and hot-GPU expert compute from 147.0 to 191.0 𝜇s, raising
TPOT from 54.2 to 65.2 ms.

Existing EPLB cannot fully resolve expert imbalance. State-of-
the-art systems adopt EPLB [8], periodically (e.g., every 10 minutes)
reshuffling experts across GPUs based on historical workload statis-
tics. By co-locating hot and cold experts, EPLB smooths aggregate
load and achieves GPU-level balance.

However, EPLB cannot adapt in real-time when workloads shift
between rebalance intervals. Figure 2(c) plots the imbalance ratio
measured immediately after each periodic rebalance (one every
200 decode steps) in a DeepSeek-R1 deployment. Despite repeated
reshuffling, the ratio remains 1.6–2.9× and never approaches 1
(perfect balance), because the historical statistics used by EPLB
quickly become stale within the next 200 steps. This motivates fine-
grained mechanisms to mitigate imbalance at per-step timescales.
In our experience, combining on-demand, dynamic migration with
periodic EPLB yields better balance.

In addition, existing EPLB algorithms optimize for compute bal-
ance while overlooking communication, which can induce net-
work bottlenecks in practice. Because EPLB is topology-blind to the
GPU↔NIC mapping, it can place the two heaviest experts on any
pair of GPUs—including the pair that shares one NIC on our H20
hosts.

2.2 Communication is not one-size-fits-all

As in Figure 1, EP’s dominant communication patterns are dispatch
and combine. Requests are batched and processed in each layer as
following: after attention computation, the gate selects top-k experts
per token, which are then dispatched correspondingly. Then, expert
computation executes locally on the hosting GPUs, and results are
combined back on the originating GPUs. This repeats across layers
and steps.
From NCCL to DeepEP. Conventional CCLs (e.g., NCCL) may
incur large overhead when directly used for EP. First, they require
collect sending and receiving metrics so ranks learn who to receive
from. Second, they encode communication shapes as kernel param-
eters that hinder CUDA Graph capture, which is critical for reduc-
ing CPU launch overhead in online inference. Third, their kernels
occupy SMs until completion, limiting compute–communication
overlap.

DeepEP [7] addresses these constraints with specifically designed
dispatch/combine kernels. As shown in Figure 3, it pre-allocates
sufficiently large send/receive buffers so all tokens can be transmit-
ted concurrently, minimizing latency. For each token’s top-k des-
tinations, transport is locality-aware: same-GPU copies stay local,
same-host traffic uses NVLink load/store, and inter-node transfers
use GPU-driven RDMA (IBGDA [1]). With IBGDA, network I/O is
offloaded to NICs. The GPU only rings doorbells and can release
SMs for overlapped computation immediately after issuing all sends.
Building on this asynchronous path, DeepEP provides a two-batch
overlap (TBO) mode (Figure 4) that splits a batch into two halves,
computing on one while communicating the other. These make
DeepEP the de facto CCL for MoE inference.
Limitations of DeepEP. Despite its strengths, DeepEP’s default
strategies are not universally optimal.
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Figure 3: Dispatch and combine patterns in DeepEP (B = batch

size, E = # local experts per rank, R = # GPUs).

Batch Size Attention Expert GEMM Dispatch Combine

8 134 68 50 51
16 139 69 88 64
32 157 70 88 80
64 190 86 70 110
128 256 117 166 203

Table 2: Kernel time (𝜇s) under different batch sizes for a

Qwen3++ model with EP16 on H20 GPUs.
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tation kernel efficiency.

(1) Redundant inter-host transmissions and fabric hot spots. DeepEP
sends each token concurrently to all top-k destination experts,
even when multiple experts reside on the same host or GPU.1 This
maximizes concurrency but can waste bandwidth. That choice fits
DeepEP’s original environment, i.e., large EP scale across many
hosts, where destinations are typically spread across hosts and re-
dundancy is limited. They also useH800 clusterswith high inter-host
bandwidth (e.g., 8×400 Gbps per host). Our production fleets dif-
fer: deployments scale span 1–8 nodes under different bandwidth
constraints. For example, our H20 clusters have fewer NICs thus
lower inter-host bandwidth (4×400 Gbps per host). As a result, the
inter-host network becomes the bottleneck.

(2) Overlap efficacy at small batches. TBO is effective only when
the batch is large enough. At small or medium batches, splitting the
batch hurts performance: as shown in Table 2, compute kernel la-
tencies change little at small batch sizes because expert kernels are
predominantly memory-bandwidth bound (weight loads dominate).

1We specifically refer to DeepEP’s low-latency kernel designed for decode.
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Figure 5: EPIC’s system architecture overview

For example, splitting a batch of 16 into two 8s nearly doubles total
compute time (Expert GEMM doubles from 69𝜇s to 2×68𝜇s, and
attention doubles from 139𝜇s to 2×134𝜇s), adding approximately
196𝜇s of computation and 50𝜇s of additional communication, which
is larger than the theoretical overlap ceiling (i.e., total communi-
cation time, 202𝜇s), so TBO yields a slowdown. In our production
environment, TBO hardly provide benefits since the batch is usually
small (e.g., ≤128) under tight SLOs. For smaller batches, we need
overlap strategies that preserve kernel efficiency and avoid extra
weight loads.

(3) Large memory footprint. DeepEP achieves low latency by
preallocating generous send/receive buffers so dispatch and com-
bine can proceed without blocking, even under worst-case all-to-all.
The footprint scales with model shape (hidden size H), total expert
count X = E×R (E experts per GPU, R GPUs), and per-GPU batch
size B. Concretely, DeepEP provisions approximately B×H and
B×H×X elements for dispatch send/receive, and B×H×X elements
for both send and receive during combine. A DeepSeek-R1 model
with batch size 128 requires roughly 1.1 GB of extra memory per
GPU. On 80-GB GPUs, model weights already consume most of the
memory, leaving limited headroom for the KV cache. Long-context
workloads exacerbate this constraint: reduced KV-cache capacity
forces smaller batches, which in turn lowers throughput and in-
creases TPOT. Hence, we need to minimize buffer footprint while
preserving performance.

(4) Prone to failures. EP communication is globally synchronized:
in dispatch and combine, each GPU exchanges data with everyone;
if any single GPU fails, this round of communication fails. Current
DeepEP implementations do not handle such anomalies and raise
exceptions directly, corrupting the entire inference pipeline. A large
EP region binds more GPUs into a synchronized communication
group, which makes the entire inference system more prone to
failures. In production, failures are unavoidable. Therefore, it’s
necessary for the CCL to detect, isolate, and resolve failures.

3 Design Overview

EPIC tackles two core bottlenecks in MoE inference: workload
imbalance and communication inefficiency. The design follows a
progressive principle: first establish balance, then optimize com-
munication. Imbalance creates stragglers that dominate latency
regardless of communication efficiency; therefore, EPIC first elim-
inates skew to expose the true communication bottleneck, and
then applies targeted communication optimizations to reduce the
remaining latency.

For workload imbalance, complementing periodic EPLB, EPIC re-
balances experts and adjusts replica activation in real time based on
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the layer’s top-k routing pattern. For communication inefficiency,
EPIC propose multiple transport strategies and a finer grained over-
lapping strategy as an alternative to DeepEP’s fixed strategies and
applies them based on the workload. Additionally, EPIC implements
memory optimization techniques and fault-tolerant mechanisms
for EP communication that are critical to large-scale operational
deployment. We detail the real-time rebalance mechanism in §4
and the communication optimizations in §5.

4 From Imbalance to Balance

This section introduces how EPIC solves the imbalance problem
by a combination of coarse-grained periodic load-balancing and
fine-grained real-time expert rebalancing.

4.1 Problem formulation

Consider an MoE model with 𝐸 experts served across𝐺 GPUs. Each
GPU provisions 𝑆 slots to host expert weights, one expert per slot.
When 𝑆 ∗𝐺 > 𝐸, some experts are mapped to multiple slots.

Given the current step’s token activations we aim to map 𝐸 ex-
perts onto 𝑁 ∗𝐺 GPU slots to minimize the maximum per-GPU
workload, including the communication (dispatch + combine) and
computation (GEMM) time. Suboptimal placements co-locate hot
experts on one GPU, creating a compute hotspot (Figure 6(a)). Even
when compute is balanced, placing hot GPUs behind the same NIC
creates a network hotspot (Figure 6(b)). Effective placements (Fig-
ure 6(c)) jointly balance compute and communication by spreading
hot experts across GPUs and NICs.

Minimizing the makespan across resources, i.e., the maximum of
per-GPU compute load and per-NIC inter-host traffic, yields a gen-
eralized assignment problem with cardinality and shared-resource
constraints, which is NP-hard. Additionally, the migration overhead
should also be considered. Thus, computing and applying a global
optimum at each step is infeasible for low-latency inference; We
therefore decompose the rebalancing into a periodic global shuffle
based on historical statistics, and an instant node-local adjustment
based on real-time routing results. Periodic shuffling is triggered
based on real-time accumulated statistics and executes between de-
coding steps. Real-time migration, in contrast, operates within the
current step, performing intra-host expert swaps on the fly. EPLB
completes its placement update before the next step begins.

4.2 Periodic EPLB algorithm

The periodic EPLB algorithm collects historical statistics and shuf-
fles experts across the EP group to minimize imbalanced workload.
EPIC considers both communication and compute, and uses a hier-
archical bin-packing algorithm to solve this.

In our production deployment, one inference job runs on homo-
geneous GPUs with identical compute capacity. Leveraging this
symmetry, EPIC decouples compute and communication objectives,
by first balancing per-GPU compute by distributing workloads
evenly across GPUs, and then mapping GPUs to server/NIC posi-
tions to balance communication:
• Collect workload statistics.We collect a load vector 𝑐 = [𝑐0, 𝑐1, . . . , 𝑐 |𝐸 |−1],
where 𝑐𝑖 is the total number of tokens processed by expert 𝑖 in
the past window.

NIC NIC

GPU
0E0

GPU
1E1

GPU
2E3

GPU
3E2

E7 E4 E5 E6

(a) Compute imbalance.

NIC NIC

GPU
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Figure 6: Expert placement examples. 𝐸 = 7 experts across
𝐺 = 4 GPUs. Each GPU provisions 𝑆 = 2 slots.

• Decide expert redundancy. Atop 𝑐 , we use greedy search to com-
pute a redundancy vector 𝑟 = [𝑟0, 𝑟1, . . . , 𝑟 |𝐸 |−1], where 𝑟𝑖 de-
notes the number of redundant slots allocated to expert 𝑖 , to
minimize the maximum effective load max𝑖 𝑐𝑖

1+𝑟𝑖 .
• Assigning experts to GPUs. Let 𝑁𝑔 denote the slots hosted by
GPU 𝑔. The objective is to minimize the maximum GPU load
max𝑔∈𝐺

∑
𝑛∈𝑁𝑔

𝑐 𝑓 (𝑛) , where 𝑐 𝑓 (𝑛) is the load of the expert as-
signed to slot 𝑛. We use a greedy strategy: experts are sorted by
their computation loads, and each expert is assigned to the GPU
with the lowest current total load.

• Assigning GPUs to server. For the case where multiple GPUs share
the same NIC, we need to minimize the maximum communica-
tion time across NICs. We adopt a greedy placement strategy: at
each step, the system places a GPU onto the machine position
that leads to the smallest increase in the global maximum per-
NIC communication volume. By scattering hot experts across
GPUs attached to different NICs, this step prevents communica-
tion hotspots and balances bandwidth utilization.
EPIC’s EPLB provides a baseline upon which lightweight dy-

namic migration can further adapt to short-term workload fluctua-
tions.

4.3 Real-time expert migration

EPIC ’s real-time migration targets short-term, rapidly fluctuat-
ing workloads. Per-step latency budgets make low migration over-
head and fast decision-making the primary design constraint. For
a typical expert weight size (e.g. ≈ 42 MB for DeepSeek-R1), on
H20/H800, NVLink at 450/200 GB/s moves one expert in 92/210 µs,
whereas RDMA at 200/400 Gbps needs 1.7/0.8 ms. Given O(10)ms-
level TPOT budgets and thus O(100)𝜇s-level per-layer budgets, we
restrict real-time rebalance to intra-host transfers.

EPIC performs rebalance immediately after gating and fuses it
into a single kernel with dispatch communication. The kernel first
runs a short rebalance phase to apply expert swaps, then enters the
dispatch phase with the updated placement. To enable fast decisions,
EPIC utilize a simple greedy algorithm to calculate the rebalancing
plan:

(1) Per-GPU workload statistics. Each GPU counts per-GPU activa-
tions for its local input tokens, i.e., the number of tokens activating
experts resident on each GPU, and then performs AllReduce-Sum
to obtain global per-GPU loads {𝐿𝑔}. Critically, this AllReduce and
the subsequent plan generation are overlapped with the mandatory
BF16→FP8 quantization that precedes every dispatch.

(2) Plan generation. On each host, GPUs are sorted by 𝐿𝑔 and
greedily paired(heaviest with lightest, second heaviest with sec-
ond lightest, etc.). For each pair (𝑔ℎ, 𝑔𝑙 ), we consider swapping
one expert from 𝑔ℎ with one from 𝑔𝑙 . We try to select the swap
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Pre-swap: 𝐿! = 160, 𝐿" = 100

Post-swap: 𝐿! = 130, 𝐿" = 130
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𝑔!

Figure 7: Dynamic rebalance example. Swapping 𝑒0 on𝑔0 with

𝑒1 on 𝑔1 reduces max. workload from 160 to 130.

that reduces the maximum workload the most. Figure 7 shows
an example, by swapping 𝑒0 on 𝑔0 with 𝑒1 on 𝑔1, the maximum
workload decreases from 160 to 130. We accept this swap only if
it lowers the pair’s max load by at least a threshold 𝜏 (in tokens),
where 𝜏 = 𝑡𝑠𝑤𝑎𝑝/𝑡𝑡𝑜𝑘 , 𝑡𝑠𝑤𝑎𝑝 = 𝑤/𝑣𝑐𝑜𝑚𝑚 , and 𝑡𝑡𝑜𝑘 is the profiled
per-token compute time,𝑤 is the expert weight size, and 𝑣𝑐𝑜𝑚𝑚 is
the communication bandwidth. This ensures the expected reduction
in compute time exceeds the swap cost.

(3) In-kernel swap. The fused kernel applies the planned swaps: it
performs device-to-device copies to exchange the selected experts
between slots on (𝑔ℎ, 𝑔𝑙 ) and updates the device-resident placement
map.

(4) Token dispatch. After rebalancing, the kernel proceeds to the
dispatch phase and routes tokens using the updated mapping, so
benefits materialize within the same launch.

This design delivers fast responsiveness to fluctuation with neg-
ligible overhead.

Deployment effect. In production across EP8–EP64 deployments
of open-source models such as DeepSeek-R1 and Qwen-Coder,
our imbalance-oriented mechanisms reduce the imbalance ratio
by about 40% versus naive EPLB and cut TPOT by 10–18%. How-
ever, once workload is well balanced, the bottleneck shifts to dis-
patch/combine: communication still accounts for 12–22% of end-to-end
TPOT, and several default design choices in DeepEP prove subopti-
mal for our workloads and topology. These observations motivate
the communication-centric optimizations presented next to further
reduce end-to-end latency.

5 Communication Optimizations

DeepEP’s direct all-to-all approach to communication and the TBO
strategy fits its original environment with large EP scale and high
inter-host bandwidth clusters. However, they present issues in our
deployments with smaller scale EP and higher NVLink bandwidth
as introduced in §2.2.

From a general optimization perspective, we should: (1) Reduce
transmitted bytes and prefer high-bandwidth paths. (2) Balance
link utilization to avoid NIC and cross-rail hotspots. (3) Preserve
compute efficiency under overlap by minimizing SM occupancy for
communication. In practice, the importance of these factors varies
across workloads and topologies. On top of DeepEP’s original tech-
niques, we need a broader portfolio of strategies and the ability to
switch among them at runtime to optimize EP in our environment.

In this section, we introduce EPIC’s communication optimiza-
tions: topology-adaptive routing (§5.1) and per-expert overlap (§5.2),
which together reshape how dispatch/combine traffic is routed and
scheduled. Two further mechanisms that are essential for produc-
tion deployment but orthogonal to the communication algorithms
themselves—reducing the EP memory footprint and tolerating in-
instance GPU failures—are deferred to §6 and §7 respectively.

GPU 0 GPU 1 GPU 0 GPU 1

NIC NIC NIC NIC

(a) Mode 0: IBGDA-direct.

GPU 0 GPU 1 GPU 0 GPU 1

NIC NIC NIC NIC

(b) Mode 1: NVL intra, IBGDA inter.

GPU 0 GPU 1 GPU 0 GPU 1

(c) Mode 2: PXN relay.

GPU 0 GPU 1 GPU 0 GPU 1

(d) Mode 2: PXN + de-redundancy.
Figure 8: Communication modes in EPIC: (a) Mode 0: IBGDA-

direct (SM-free intra/inter-node); (b) Mode 1: NVLink intra-

node with IBGDA inter-node; (c)–(d) Mode 2: NVLink intra-

node with PXN relay inter-node, without and with de-

redundancy that eliminates duplicate inter-host copies.

5.1 Communication techniques and trade-offs

We implement four communication modes (Figure 8) that embody
different points along different trade-offs:
• Mode=0: SM-free intra-node and inter-node (IBGDA-direct). Use
IBGDA for both intra- and inter-node transfers to avoid SM con-
tention. Favorable when overlap is critical and communication
should not perturb GEMM kernels.

• Mode=1: NVLink intra-node, IBGDA inter-node (direct). Exploit
NVLink for higher bandwidth, while keeping inter-node on IBGDA.
Improves communication efficiency but reduces overlap head-
room due to NVLink kernel SM usage.

• Mode=2: NVLink intra-nodewith PXN relay inter-node (topology-
aware). Alleviate cross-rail/NIC hotspots via relaying. For dis-
patch, first send inter-node to the same-index GPU on the remote
host, then forward intra-node via NVLink to the final destination
(inter→intra). For combine, reverse the order (intra→inter): lo-
cally gather to one GPU, then send inter-node. This spreads load
across NICs and avoids many-to-1 or 1-to-many congestion in
imbalanced workload with hot GPUs. In our multi-rail clusters,
it eliminates cross-rail traffic when index-aligned GPUs share a
rail—traffic that would otherwise traverse the spine switch. Based
on PXN, we further eliminate duplicate inter-node transmissions.
For dispatch, if multiple target experts live on the same host, send
a single copy inter-node and multicast intra-node. For combine,
we apply the symmetric reverse (aggregate intra-node and issue
one inter-node send). This directly cuts inter-node volume.

5.2 Per-expert overlap

Two-batch overlap (TBO) splits a batch into two sub-batches and
overlaps their workflows, but fragments kernels and effectively
doubles matrix weight loads, making it viable only when batches are
large enough. For medium and small batches, we need finer-grained
overlap that hides communication latency without compromising
compute efficiency.

Key insight: overlap along the expert dimension, not the

batch dimension. Prior overlap approaches (TBO) partition the
batch dimension. GroupedGEMM execution time comprises two
parts: loading each expert’s weight matrix from global memory
and the arithmetic on the loaded tiles. Halving the batch halves the
arithmetic per expert but still requires loading all expert weights in
each sub-batch, so weights are loaded twice overall—doubling the
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Figure 10: DeepEP vs Per-expert overlap of EPIC.

memory-bandwidth cost and pushing the kernel into the bandwidth-
bound regime. We instead partition the expert dimension: it groups
experts and pipelines dispatch/compute/combine across groups, but
each group’s GEMMoperates on the full batch of tokens destined for
those experts. Each group loads only its subset of expert weights,
while per-expert token count (and thus computation workload)
stays unchanged.

Figure 9 validates this with a GroupedGEMM microbenchmark:
Splitting a batch into two sub-batches incurs 30–99% higher total
compute time than the non-split baseline due to redundant weight
loads, whereas splitting with 2 or 4 expert groups adds only 1–8%
overhead at moderate-to-large token counts.
Insight: expert workloads are naturally independent. Fig-
ure 10(a) illustrates DeepEP’s bulk-synchronous design. It enforces
phase barriers, i.e.,GEMMs wait for full dispatch and combine waits
for all local experts before starting, creating head-of-line blocking.

Critically, experts have no inter-dependencies after gating: each
expert processes its own tokens independently. A local expert can
launch GEMM as soon as its inputs for that expert arrive via dis-
patch and, upon completion, immediately return outputs to source
GPUs during combine.
Our design: group-wise pipelining of experts. Leveraging this
independence, EPIC adapts the classic pipeline principle (PipeDream,
GPipe)—which distributes weights across GPUs and micro-batches
the input—to a single-device, expert-dimension setting: it partitions
each GPU’s local experts into multiple groups and pipelines dis-
patch, compute, and combine across groups, overlapping communi-
cation of one group with computation of another without fragment-
ing per-group GEMM size. Figure 10(b) shows an example with two
groups: E0, E1 and E2, E3.

Within each group, stages run in a fixed order and the group’s
experts are processed together to preserve kernel size and avoid
fragmentation: (1) The GPU first issues dispatch sends for the cur-
rent group only (e.g., the first two experts across all GPUs). (2) Once

GPU 1

Dispatch Combine

Recv Buff [0]

Recv Buff [1]

Dispatch Combine

GPU 0

(a) Double buffer in DeepEP.
GPU 1

Dispatch Combine

Recv Buff [0]

Dispatch Combine

GPU 0

(b) Single buffer in EPIC.
Figure 11: EPIC reduces buffer with signal notification.

the required tokens for the group’s experts have arrived, GEMMs
for all experts in the group are launched. (3) As soon as those
GEMMs finish, outputs from the group’s experts are returned to
source GPUs without waiting for other groups.

Across groups, we stagger these stages to form a pipeline, allow-
ing different groups to occupy different phases concurrently while
enforcing minimal dependencies to prevent NIC and SM contention.
(1) Dispatch staging: the next group begins dispatch only after the
current group’s dispatch completes, ensuring early groups can re-
ceive tokens without interference from later groups. (2) Compute
staging: the next group’s GEMMs are scheduled after the current
group’s GEMMs completion, eliminating possible SM contention
between GEMMs of different groups.
Choosing the number of groups. The number of groups 𝑚
presents a trade-off between kernel efficiency and overlap ratio. We
select𝑚 empirically based on the workload and profiling results
and find 𝑚 = 2 or 𝑚 = 4 typically balances overlap and kernel
efficiency well.

PEO is fully compatible with the communication optimizations
in §5.1: each group’s dispatch/combine can use PXN relay just
like a full all-to-all, and de-redundancy still applies across groups—
if different tokens are destined for different experts on the same
remote GPU (regardless of whether those experts belong to the
same group), only one inter-host transfer is needed.

6 Reducing EP Memory Footprint

As discussed in §2.2, DeepEP’s communication buffers incur large
memory overhead (hundreds of MB to GB). This becomes prohib-
itive in scenarios with long contexts (large KVCache) or offline
generation with large batches. We introduce two optimizations that
substantially reduce footprint with negligible performance impact.

(1) Single-buffer reuse instead of double buffering. DeepEP allo-
cates two receive buffers so each sender can start the next commu-
nication even if the receiver has not finished reading the previous
payload. This avoids read–write races across GPUs but doubles
memory usage. We replace it with a lightweight synchronization:
for each sender–receiver pair, the receiver flips a device-visible “con-
sumed” flag after finishing reads. The sender begins writing the next
epoch only after observing this flag. In practice, this halves comm
buffer memory with only a minor performance impact (< 10𝜇𝑠).

(2) Reducing the size for combine buffers. DeepEP provisions
combine receive space as batch_size × num_experts to simplify
address calculation, but each rank only receives at max batch_size
× top-k tokens. Thus, we resize combine buffers to batch_size ×
top-k. Then, during dispatch we piggyback a compact top-k id (e.g.,
1 byte when k≤256) alongside the token header. During combine,
the receiver writes results directly into the k-sized slot for that
token. This eliminates over-provisioning and reduces memory by a
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factor of roughly E/K (e.g., 32× at E=256, K=8). The extra metadata
is tiny relative to payloads and has negligible runtime overhead.
Policy selection. The optimal policy depends on the scenario
(e.g., model, hardware, and SLO). For a new deployment, EPIC
performs a brief sweep over candidate combinations and constructs
a per-batch-size policy table that selects the one minimizing TPOT
under SLO constraints. At runtime, EPIC picks the policy matching
the current batch size.

7 Failure Handling

Availability is critical to online serving: a single GPU crash that
brings down the entire inference instance severely violates SLOs.
While DeepEP cannot progress if any GPU in the EP group fails,
EPIC provides a non-disruptive failure-handling mechanism that
masks out the failed GPU and continues serving within the same
decode step.
In-band failure detection. EPIC uses in-band detection rather
than slow out-of-band hardwaremonitors. During each communica-
tion round, every GPU maintains a per-peer timer; if the expected
data does not arrive before the timeout, the peer is marked un-
reachable in a device-resident bitmask. Once a failure is detected,
subsequent dispatch/combine operations in the same step bypass
the failed rank via the updated bitmask, preventing cascading stalls.
The mechanism is entirely GPU-local and CUDA-graph compatible:
timeouts and bitmask updates execute inside the captured graph,
and the CPU inspects the bitmask only after graph completion to
trigger recovery.
Expert-weight recovery. After the failed rank is isolated, EPIC
recovers the lost experts through a tiered strategy: (1) If redun-
dant copies of the lost experts exist on surviving GPUs, no recon-
struction is needed—tokens are simply routed to surviving replicas.
(2) Otherwise, lost expert weights are rebuilt from a distributed
CPU-side weight cache—which is pre-loaded with all expert param-
eters at instance startup. EPIC exploits the sequential execution
of transformer layers to pipeline weight recovery with ongoing
computation: while the model computes layer ℓ , the expert weights
of layer ℓ+1 are restored in the background; a layer blocks only if
its recovery has not yet completed. This layer-wise overlap hides
most recovery latency behind normal inference computation.

8 Deployment

Our system is a CCL built on DeepEP [7], exposing dispatch and
combine APIs for real-time EP communication. Production infer-
ence engines based on SGLang [12] and vLLM [13] call these inter-
faces directly. Before 2025, our EP stack used NCCL [6] all-to-all;
since early 2025, we have migrated to DeepEP and have since ex-
tended, hardened, and continuously optimized it for our workloads.

We deploy this stack for both real-time inference (e.g., chat
and agentic workflows) and offline generation (e.g., reinforcement-
learning pipelines), serving hundreds of thousands of customers
across external enterprise tenants, consumer products, and inter-
nal teams running open-source MoE models (e.g., DeepSeek-R1,
Qwen3-Coder) as well as in-house models. Our inference fleet spans
principal clusters across NVIDIA, AMD, and in-house GPU fami-
lies, interconnected by scale-out fabrics ranging from 4×400,Gbps
to 8×800,Gbps per host, with autoscaling for diurnal and bursty
demand. Over the past year, our CCL has supported inference jobs

across O(10K) GPUs; all online-serving scenarios run on our CCL,
selecting optimizations per SLO tier.

SLO tiers shape deployment choices, including host provisioning,
batch sizing, transport selection, and overlap strategies. Interac-
tive/agentic workloads target 10–30,ms TPOT with batch sizes of
8–32, mid-latency tiers typically use 32–128, and offline tiers pri-
oritize TPS with larger batches. KV-cache footprints span short
contexts (tens of tokens) to long contexts (tens of millions), con-
straining GPU memory headroom and influencing communication
buffer sizing.

For each model family and GPU type, we run configuration
sweeps to tune parameters before rollout. On lower inter-host
bandwidth clusters (e.g., H20), de-redundancy and relay forward-
ing reduce peak NIC load and improve communication time and
TPOT by up to 40% and 21%, respectively. In small/medium batches,
fine-grained per-expert overlap avoids the inefficiency of two-batch
overlap and improves TPOT by up to 17.6%. Overall, these tech-
niques deliver up to 27% higher TPS in production.

We have open-source part of EPIC code (including per-expert
overlap and failure-handling) at (URL omitted for blind review).

9 Evaluation

In this section, we first evaluate the end-to-end performance of EPIC
across diverse models, hardware, scales, and batch sizes(§9.2). We
then quantify the impact of periodic and dynamic expert rebalance
(§9.3), followed by an assessment of the communication-centric
optimizations (§9.4).

9.1 Evaluation setup

Testbed.We report results from our NVIDIAH20 and H800 clusters.
Each server hosts eight GPUs behind NVSwitch. H20 provides 450
GB/s per-GPU NVLink bandwidth and four 400 Gb/s NICs per
server, while H800 provides 200 GB/s per-GPU NVLink and eight
400 Gb/s NICs per server.
Models and workload. We evaluate EPIC on two open-source
MoE models, Qwen-3-Coder (480B parameters) and DeepSeek-R1
(685B parameters). The model configuration details are listed in
Table 3. Across all experiments, weights and activations use FP8,
while the KV cache uses BF16. The workload is drawn from our pro-
duction traffic. The median input and output lengths are 2,396 and
512 tokens, respectively. We employ data parallelism for attention
module and expert parallelism for expert module.
Baselines.We benchmark EPIC against the state-of-the-art EP CCL
(DeepEP [7]), the expert rebalance scheme EPLB [8], and the widely
used TBO scheme [10]. For the DeepEP baseline, we configure it
with the default transport mode (NVLink intra-node + IBGDA inter-
node, i.e., Mode 1) and TBO overlap where applicable. PXN-like
forwarding and de-redundancy are not available in the baseline. For
end-to-end comparisons, EPIC and these baselines are integrated
into vLLM with identical model, kernel, and configurations.

Model #Layers #Experts top-k Hidden Size MoE intermediate Size
DeepSeek-R1 61 256 8 7168 2048
Qwen3-Coder 62 160 8 6144 2560

Table 3: Model parameters.
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Figure 12: End-to-end improvement.
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Figure 13: Communication time improvement.

Metrics. For end-to-end evaluation, we report decoding TPOT
(latency) and TPS (throughput). We also report communication time
to attribute end-to-end gains, defined as the sum of dispatch and
combine per step, and its kernel component (send+recv) to reflect
GPU-side occupancy and overlap headroom. Unless noted, results
are collected in steady-state decode (excluding prefill), averaged
over multiple steps.

9.2 End-to-end effect

End-to-end improvement. We report end-to-end TPOT/TPS and
per-step communication across model, scale, cluster, and batch size
(Figures 12, 13). Baseline is the unoptimized system (DeepEP+EPLB).
Opt1 is our system with imbalance optimizations in §4 including
both communication-aware EPLB and dynamic expert migration,
and Opt1+2 add our communication optimizations in §5.

Figure 12 summarizes end-to-end latency (TPOT) and through-
put (TPS) across batch size, model, and cluster settings. By scale
(Figure 12(a), DeepSeek/BS32/H20), we can see the TPOT decreases
as the scale grows up, because the expert computation is more
spread out. At 8 H20 GPUs, Opt1+2 has no benefit over Opt1 be-
cause all communication goes via NVLink, but the gain starts to
show immediately when we deploy the model to 2 servers with 16
GPUs. By model (Figure 12(b), EP32/H20/BS32), comparing the gain
of Opt1, Qwen achieves larger end-to-end gains than DeepSeek
because fewer experts concentrate tokens and create stronger skew.
However, we see more TPOT gains on DeepSeek when we apply
more communication optimizations; again, it’s because DeepSeek
has more experts and the traffic is more spread out. By cluster
(Figure 12(c), Qwen/EP32/BS32), H20 benefits more than H800 be-
cause inter-host bandwidth is the bottleneck on H20; reducing
NIC hotspots translates more directly to end-to-end latency reduc-
tion and TPS increase. On H800 the improvements are present but
smaller. By batch size (Figure 12(d), DeepSeek/EP32/H20), TPOT
decreases and TPS increases as our communication-aware opti-
mizations are applied, with gains growing at larger batches where
per-step traffic is higher. This matches the communication trends
and the overlap results: lightweight kernels (Mode 0/1) benefit more

from overlap at high batch size 𝐵𝑆 , while PXN+de-redundancy
(Mode 2) yields the lowest raw communication without overlap.

Communication time improvement. Figure 13 shows the cor-
responding communication time reductions, which explain the
end-to-end trends. By scale (Figure 13(a)), we see a 13% performance
gain when we apply expert balancing via Opt1. For multi-server
settings, we receive up to 40% gains. By model (Figure 13(b)), Qwen
exhibits larger communication reductions than DeepSeek under the
same EP/cluster because stronger skew increases many-to-one and
one-to-many contention; periodic EPLB alleviates these hotspots.
But DeepSeek gains more communication reductions when we
apply Opt2 on top because of the higher expert count. By cluster
(Figure 13(c)), on H800, the baseline is less bandwidth-limited, so
the relative improvement is smaller. By batch size (Figure 13(d)),
per-step communication grows with batch size, and our optimiza-
tions cut a larger absolute share accordingly. PXN+de-redundancy
(Mode 2) achieves the lowest communication without overlap; with
overlap, modes with shorter kernels (Mode 0/1) hide more commu-
nication behind compute at a large batch size.

9.3 Imbalance optimization

Periodic EPLB.We evaluate our communication-aware periodic
EPLB against two baselines: random placement and a compute-only
EPLB [8]. As shown in Figure 16, ourmethod reduces dispatch/combine
times by 28.2–31.9% vs. random and 5.0–11.8% vs. compute-only
EPLB, and shortens end-to-end decode-step latency by 13.8–16.9%
and 4.8–6.3%, respectively. Gains grow with batch size because
per-step traffic scales with B and top-k. Compute-only EPLB leaves
NIC hotspots that become the bottleneck under higher load, while
our placement spreads traffic across NICs/hosts.

Dynamic expert migration. Figure 14(a)(b) shows the effect of
dynamic expert migration under different imbalance ratios we ex-
tracted from production traces. As the imbalance ratio increases, to-
tal communication without migration grows from 367𝜇s to 432.6𝜇s
(+17.9%) and 714.1𝜇 (+65.1%), while with dynamic migration it rises
more gently from 254.3𝜇s to 292.4𝜇 (+15.0%) and 467.6𝜇s (+59.9%).
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Figure 14: Effect of dynamic expert migration under different imbalance ratios and EP scales [Qwen, H20, BS32].
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Figure 16: Effect of improved EPLB algorithm under different

batch sizes [EP32, Qwen, H20].

The resulting reduction versus no migration strengthens from 30.7%
to 32.4% and 34.5%. TPOT shows the same pattern. Overall, higher
imbalance severely degrades performance, whereas dynamic mi-
gration shortens TPOT by 12–18%.

Figure 14(c)(d) compares dynamic migration against no migra-
tion across EP scales 16, 32, and 64. Without migration, total com-
munication grows from 386𝜇s−→585𝜇s−→ 790𝜇s and TPOT 74.0ms−→
77.4ms −→ 90.5ms With migration, they rise more slowly ( 278𝜇s −→
476𝜇s −→ 607𝜇s, 70.1ms −→ 70.5ms −→ 77.4ms). Migration cuts commu-
nication by 18.6–28.0% and TPOT by 5.3–14.5%, with larger gains at
higher EP becausemore experts amplify skew andmany-to-one traf-
fic patterns; migration spreads experts and traffic across GPUs/NICs
to relieve hotspots.
Dynamic expert migration combined with period EPLB. Fig-
ure 15 compares the baseline EPLB (computed on a prior window)
against EPIC EPLB (communication-aware periodic reshuffle) and
EPIC EPLB + Migration (adding intra-host migration at runtime) on
Qwen and DeepSeek across batch sizes from 16 to 64. We can see
that EPIC EPLB already cuts communication and TPOT noticeably,
and adding dynamic intra-host migration yields further gains—up
to roughly 35% lower communication and 20% lower TPOT at larger
batches. The gains grow with batch sizes because per-step traffic

increases while stale placements leave NIC hotspots; migration
spreads hot experts intra-host to relieve these hotspots. We observe
that Qwen benefits more than DeepSeek (e.g., at batch size 64, TPOT
drops 19.5% for Qwen vs. 14.5% for DeepSeek) since fewer experts
lead to higher per-expert concentration and stronger skew at the
same EP scale.

9.4 Communication optimization

Effect of communication kernel optimizations.We compare
the communication kernels in §5.1: Mode 0 (IBGDA-direct, SM-free),
Mode 1 (DeepEP: NVLink intra-node + IBGDA inter-node), and
Mode 2 (PXN relay + de-redundancy). Across settings (Figure 17),
total communication time consistently orders as Mode 2 ≤Mode 1 <
Mode 0, while kernel time (send+recv) orders as Mode 0 < Mode 1 ≤
Mode 2. Furthermore, the effect differs depending on the scenario:
• Clusters (Figure 17(a)): Mode 2 helpsmore onH20where inter-host
bandwidth is the bottleneck compared with H800. On H20, Mode
2 reduces communication from 235.48 to 134.00𝜇s vs. Mode 0
(-43.1%) and from 190.21 to 134.00𝜇s vs. Mode 1 (-29.6%). On H800
the gains are smaller (-20.9% vs. Mode 0 and -4.9% vs. Mode 1).

• Models (Figure 17(b)): DeepSeek benefits more than Qwen (Mode
1−→Mode 2: 131.78−→125.33𝜇s, -4.9% vs. 112.07−→110.08𝜇s, -1.8%),
mainly because DeepSeek’s larger hidden size drives higher com-
munication volume.

• EP scale (Figure 17(d)): Mode 2’s advantage over Mode 1 shrinks
with scale: EP16: 148.66−→97.69𝜇s (-34.3%), EP32: 190.21−→134.00𝜇s
(-29.6%), EP64: 214.50−→176.52𝜇s (-17.7%). This is because per-host
duplication decreases as experts spread out. EP8 is intra-node
only, so Mode 1 = Mode 2 and both outperform Mode 0.

• Imbalance (Figure 17(c)): with growing imbalance, DeepEP (Mode
1) rises from 316.84 to 823.14𝜇s (+160%), whereas Mode 2 grows
from 190.98 to 379.17𝜇s (+99%), yielding 39–56% lower time than
Mode 1 across ratios. PXN relieves many-to-one/one-to-many
contention and de-redundancy removes duplicate inter-host sends.
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Figure 17: Effect of communication kernel optimizations. Mode 1 aligns with Standard DeepEP.
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Figure 19: Kernel optimizations combinedwith compute com-

munication overlap [DeepSeek, H20, EP32].

The trade-off is higher kernel time (e.g., at ratio 1: Mode 0/1/2 =
32.63/54.10/72.68𝜇s).

Effect of comp communication overlap.We compareNon-Overlap,
TBO, and PEO across batch sizes and EP scales (Figure 18). For
batch size ≤ 128, PEO consistently lowers TPOT by 0.9–17.6% and
1.8–8.3% compared to TBO and Non-Overlap, respectively. We ob-
serve that on our H20 cluster, TBO behaves worse in all of our cases,
at all batch sizes. At batch size 32 across EP scales, PEO is always
better than TBO and mostly better than Non-Overlap: relative to
TBO it reduces TPOT by 18.9-36.9%; relative to Non-Overlap it is
lower at EP8 (-6.1%) and EP16 (-6.6%), but slightly higher at EP32
(+1.0%). As EP size increases, each GPU hosts fewer experts and the
per-GPU compute workload shrinks. In this regime, PEO’s parti-
tioning of the expert computation into multiple groups elongates
the effective compute time (due to reduced per-group arithmetic
intensity and additional kernel-launch overhead), which eventu-
ally exceeds the overlap benefit and leads to a net negative effect.
In short, TBO only pays off at very large batches, whereas PEO
delivers gains even at small–medium batches and smaller EP scales.
Effect of kernel optimization combined with overlap.With-
out overlap (Figure 19(a)), Mode 2 consistently achieves the lowest
communication time across batch sizes. With overlap enabled (Fig-
ure 19(b)), Mode 0/1 benefit more than Mode 2 because their kernels
occupy fewer SMs. From batch size 16 to 64, 64, Mode 0 yields the
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Figure 20: Failure recovery latency after node-level failures.

smallest TPOT under overlap (lower by 2.2–3.3% vs. Mode 1 and
3.3–5.3% vs. Mode 2 (81.5/91/114 ms).

9.5 Failure recovery

Failover recovery latency. We measure how long it takes to
recover from a node failure causes the EP group to shrink to EP8 (§7).
We compare Load from disk, which reloads the lost expert weights
from local disk onto surviving GPUs, with EPIC, which fetches the
weights from the distributed CPU-side cache. Figure 20 reports the
exposed recovery time on Qwen across failure scales (one to seven
failed nodes, i.e., EP16→EP8 through EP64→EP8). Disk reload stalls
decoding for 12.8–24.1 s, dominated by serialized disk reads onto
the surviving GPUs. EPIC brings the exposed recovery time down
to 219–371ms across all scales—roughly two orders of magnitude
faster. Combined with in-band failure detection that completes
within one collective round (<1ms via bitmask propagation, §7),
end-to-end recovery stays well below half a second even when
seven nodes are lost at once, so a peer failure manifests as a brief
TPOT spike rather than an instance restart.

10 Lessons-Learned

Lesson #1: CCLs can—and should—transmit anything the

workload demands. A CCL is not limited to transporting tokens
(activations) for distributed parallel computation. In EPIC, we also
transmit expert weights across GPUs to rebalance load via real-time
migration (§4), and transfer auxiliary metadata (e.g., load statistics)
to coordinate placement decisions and failure recovery without
CPU-side round-trips. The boundary between computation and
communication is not fixed: the CCL should be designed around
what the workload actually needs to move, rather than a rigid set
of predefined primitives.

Lesson #2: there is no one-fit-all configuration for diverged

workloads. No single communication strategy fits all workloads.
In online inference, heterogeneous traffic patterns and SLO tiers
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demand different optimizations; early vanilla DeepEP exposed is-
sues uncommon in its original setting, including redundant inter-
node transfers and large memory footprint. We addressed these via
topology-aware de-redundancy, tighter CCL memory budgeting,
and engine-level scheduling (orthogonal to this paper).

We also support pretraining (in-house and external) using a
different CCL tuned for training. While patterns are similar, con-
straints differ: (i) large batches tighten the CCL memory budget,
requiring aggressive buffer reuse; (ii) compute dominates step time,
making small prep kernels (e.g., permutations) negligible, so the
CCL should prioritize collective throughput over latency.

Lesson #3: CCL optimization must be driven by both hard-

ware capabilities and end-to-end workload bottlenecks. Two
keys guide effective CCL design: (1) fully exploiting underlying hard-
ware, and (2) optimizing from the actual end-to-end bottleneck of the
upper-layer workload. On the hardware side, DeepEP leverages GPU-
driven IBGDA to post and progress network operations directly—
eliminating CPU proxy threads and their associated control-plane
latency—and leverages TMA [2] as a communication engine to free
SMs. On the workload side, the CCL must reason about the overall
end-to-end bottleneck—not just communication latency in isolation.
For instance, load imbalance is a system-level bottleneck that man-
ifests as compute stragglers; the CCL can address it by migrating
expert weights at the cost of slight extra communication, yet the
end-to-end TPOT improves because the dominant compute strag-
gler is eliminated. A hardware capability’s headline benefit on one
benchmark does not predict its deployment payoff on another—CCL
design must take a stance on which bottleneck it targets.

Still, some hardware features are ill-suited to dynamic EP. NVSwitch
multicast and in-network reduction favor static collectives, while
MoE’s per-step top-𝐾 routing makes group membership unpre-
dictable. Future hardware could better support variable-size mes-
sages and programmable, ephemeral fan-out/fan-in groups. Like-
wise, many zero-SM copy engines require host-side synchroniza-
tion/submission, reintroducing CPU overhead and negating benefits
in our trials. Fully GPU-managed communication and QoS mecha-
nisms that isolate GEMM from communication traffic would better
match dynamic MoE workloads.

11 Related Work

LLM serving, disaggregation, and heterogeneous inference.

Prior work improves LLM inference through batching/scheduling
and KV-cache management. Orca proposes iteration-level sched-
uling for autoregressive decoding [44], vLLM reduces KV-cache
fragmentation with PagedAttention [29], and Sarathi-Serve refines
schedules (e.g., chunked prefills) to balance throughput and latency
under SLOs [14]. At the cluster level, Llumnixmigrates workloads to
mitigate imbalance [41], ServerlessLLM improves elasticity via fast
loading/offload [23], and dLoRA orchestrates multi-tenant adapter
serving [43]. For MoE, MegaScale-Infer disaggregates attention
and experts during decoding and customizes data movement for
expert parallelism [46]; related heterogeneous pipelines include
FastDecode [25] and Lamina [17]. Overall, MoE serving introduces
additional challenges beyond dense models, notably expert hot
spots and routing-dependent communication.

MoE optimization. MoE models [20, 28, 35] scale to trillions of
parameters while keeping per-token compute low. Expert Paral-
lelism (EP) [27, 36] maps experts to GPUs and preserves kernel
efficiency, but suffers expert workload imbalance from skewed to-
ken routing. Prior approaches add balancing terms or per-expert
capacity limits during training [22, 30, 36], improving balance but
often reducing accuracy. Serving-time EPLB reshuffles or replicates
experts using historical load [8], yet stale statistics can miss rapid
shifts and leave residual imbalance. Training-time real-time expert
migration [24, 26] can improve balance, but its state-transfer and
synchronization costs are typically too high for online inference
latency targets. Recent systems further address MoE efficiency from
complementary angles. Janus [32] co-designs routing and all-to-all
schedules for training clusters; Lina [31] optimizes communication
by exploiting expert locality; Brainstorm [19] dynamically parti-
tions experts for heterogeneous clusters; SmartMoE [45] searches
for optimal parallelism strategies for MoE layers; and AMoE [34]
proposes adaptive expert selection to mitigate load imbalance. EPIC
differs from these by targeting online inference latency (not training
throughput) with a progressive design that combines NIC-aware
EPLB, per-step intra-host migration, and topology-adaptive com-
munication.
Collective Communication Optimization. Collective communi-
cation is fundamental to distributed ML. Traditional libraries [4–
6, 11] and schedule optimizations [16, 33, 37, 38, 42] mainly optimize
bandwidth-bound primitives (AllReduce, Broadcast, AllGather)
and offer limited support for the irregular, fine-grained traffic of
token-level MoE dispatch in EP inference. Specialized libraries
such as DeepEP [7] and PPLX [9] therefore introduce explicit
dispatch/combine primitives for token-to-expert top-k routing.
EPIC builds on DeepEP by adding topology-aware routing, band-
width de-redundancy, and fine-grained communication–computation
overlap to better exploit hardware in large-scale MoE inference.

12 Conclusion

We presented EPIC, an optimization framework for EP-based MoE
inference addressing two key bottlenecks: expert workload im-
balance and communication inefficiency. EPIC reduce workload
imbalance via communication-aware period expert rebalance and
lightweight intra-host migration, and further boosts performance
with various communication optimization mechanisms. EPIC has
been deployed in our online serving system and greatly improves
inference performance in various scenarios.
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