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Abstract

To accelerate Mixture-of-Experts (MoE) inference, the hy-
brid parallelism paradigm is first applying pipeline paral-
lelism (PP) to vertically divide the model into stages, with
each stage further divided horizontally using tensor or expert
parallelism. On the algorithm side, dynamic Top-K routing
reduces computation by activating fewer experts per token on
average. In this paper, we explore the application of dynamic
Top-K routing to PP-enabled MoE inference, aiming to fully
unleash their combined potential. We identify key perfor-
mance bottlenecks arising from Top-K value variation across
layers, which conflicts with PP’s typically uniform stage par-
titioning, as well as opportunities to optimize memory usage
through their integration.
To address these challenges, we present SMIDT, an efficient
MoE inference framework tailored for dynamic Top-K rout-
ing. SMIDT features: (1) an adaptive, module-level uneven
partitioning strategy to balance computation across PP stages,
(2) a memory-aware expert replication scheme (DPMoE)
that reduces communication overhead, and (3) a lightweight
search algorithm combining binary search and dynamic pro-
gramming to generate efficient parallelism plans. We imple-
ment SMIDT on SGLang, a state-of-the-art LLM inference
framework, evaluate it on 32 A40 GPUs and 16 A100 GPUs,
and compare with manually tuned parallelism strategies. Ex-
perimental results show that, when co-locating prefill and de-
coding phases, SMIDT achieves 1.20–3.13× throughput im-
provements for prefill-only tasks and 1.05–1.89× for prefill-
decoding tasks. When disaggregating prefill and decoding
tasks, SMIDT improves average and P99 time-to-first-token
(TTFT) by 1.10–1.17× and 1.21–1.26×, respectively.

1 Introduction
Mixture-of-Experts (MoE) has emerged as a standard mech-
anism to scale large language models (LLMs), due to that
it can achieve dramatic parameter growth while only in-
troduces a small amount of computation. Recent frontier
models (e.g., DeepSeek-V3 (Liu et al. 2024), Qwen3-235B-
A22B (Yang et al. 2025), and Kimi-K2 (MoonshotAI 2025))
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exemplified this trend and reported strong results on multi-
lingual and generative benchmarks.

However, efficiently serving MoE models remains both
critical and challenging. While several optimizations have
been proposed, two main directions have shown promise.
First, from the system side, hybrid parallelism is widely
adopted. A common approach is to apply pipeline paral-
lelism (PP) to divide the model into stages, each with an
even number of layers. Within each stage, tensor parallelism
or expert parallelism is used to further improve throughput.
Second, from the algorithm side, dynamic Top-K routing has
gained popularity for reducing computation during MoE in-
ference while maintaining model quality (Yue et al. 2025;
Huang et al. 2024; Zeng et al. 2024). Unlike traditional static
Top-K routing (Liu et al. 2024; Yang et al. 2025; Moon-
shotAI 2025), which assigns a fixed number of experts per
token, dynamic routing adjusts the number of active experts
based on token characteristics, often resulting in fewer ex-
perts being selected on average.

Unfortunately, integrating dynamic Top-K routing into
PP-enabled MoE inference introduces significant layer-
wise workload variation, leading to compute imbalance and
pipeline bubbles that undermine its performance benefits.
Our profiling shows that dynamic routing strategies pro-
duce highly variable Top-K values across layers, rendering
uniform pipeline partitioning ineffective. Meanwhile, time-
based partitioning, commonly used to balance computation,
results in severe GPU memory imbalance, with some stages
often under-utilizing memory resources. For example, more
than 30% of GPU memory can be wasted in some stages.
While this unused memory could potentially be leveraged
to enable layer-wise parallelism that reduces communica-
tion or computation cost, such enhancements introduce new
compute and memory imbalances, further complicating the
framework design.

In this paper, we present SMIDT (Strategy for MoE
Inference with Dynamic Top-K), a high-performance infer-
ence framework that realizes an efficient combination of PP-
enabled hybrid parallel inference and dynamic Top-K rout-
ing. The main contributions are summarized as follows.
• SMIDT adopts the fine-grained partitioning mechanism

to balance the time durations across PP stages. In ad-
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dition, SMIDT introduces a flexible module-wise paral-
lelism called DPMoE, which trades spare GPU memory
for reduced communication gains.

• SMIDT devises an automated, Top-K-aware configura-
tion search algorithm that can navigate a much broader
design space, jointly optimizing pipeline partitioning,
stage-wise parallelism choices, memory usage, and com-
munication overhead.

• SMIDT is implemented based on SGLang in the experi-
ment. Evaluations on three MoE models are provided to
show the superiority of SMIDT, including Qwen2-57B-
A14B, Qwen3-235B-A22B and DeepSeek-V2. Specifi-
cally, SMIDT achieves up to 3.13× and 1.89× through-
put gains for prefill-only tasks and summarization tasks
under PD colocation. Under PD disaggregation, SMIDT
achieves up to 1.17× improvement in terms of average
TTFT for long-decoding tasks.

2 Background
2.1 Mixture-of-Experts and Dynamic Top-K
Mixture-of-Experts. The Mixture-of-Experts (MoE) archi-
tecture involves multiple parallel experts composed of feed-
forward networks (FFNs) and a learnable router that allo-
cates most related few experts for a given token. It enables
dramatic growth in parameter volume while driving only
sub-linear compute increases. Recently, DeepSeek-V3 (Liu
et al. 2024), Qwen3-235B-A22B (Yang et al. 2025), and
Kimi-K2 (MoonshotAI 2025) expanded their model scale
using the MoE architecture and achieved significant results
on multilingual and generative benchmarks.
Dynamic Top-K techniques. Serving large MoE mod-
els is costly. DeepSeek spends about 87k dollars per day
for more than 200 H800 nodes to deploy DeepSeek-V3/R1
services (DeepSeek 2024). To mitigate this challenge, re-
cent works have proposed the dynamic Top-K routing al-
gorithms. Compared with the traditional static Top-K rout-
ing which allocates the same number of experts for each to-
ken, the emerging dynamic Top-K routing adaptively selects
suitable numbers of experts for different input tokens. For
example, Top-P (Huang et al. 2024) routing adds activated
experts for a token until the cumulative gate probability ex-
ceeds a threshold. It is demonstrated that such a dynamic
routing method can greatly reduce the computation FLOPs
by activating less experts on average and provides compara-
ble or higher model quality. For example, Ada-K (Yue et al.
2025) routing adds a lightweight RL-based allocator that de-
cides per-token expert budgets, cutting FLOPs by more than
25% without accuracy loss.

2.2 MoE Inference and Parallelism Strategies
Prefill and decoding. Generally, LLM inference can be
divided into two stages, prefill and decoding. In the prefill
phase, the full prompt is processed in parallel to generate
the first token, and the KV states are cached in GPU mem-
ory. After this, the decoding phase generates subsequent to-
kens one at a time auto-regressively based on the KV cache
and updates it step-by-step.

Figure 1: Throughput comparison of different parallelism
strategies under fixed Top-K and prefill / decoding lengths.
For example, ‘T8, 500:20’ means the Top-K value is 8
and the average prompt and output length is 500 and 20.

Figure 2: Average Top-K distribution across layers for dy-
namic Top-K routing.

Parallelism strategies. Several parallelism strategies were
introduced for partitioning model parameters and activa-
tions. Beyond conventional data parallelism (DP) and ten-
sor parallelism (TP), expert parallelism (EP) was specially
designed for MoE models, where each GPU holds a sub-
set of experts, necessitating all-to-all communication for to-
ken routing (SGLang Team 2024a; Shoeybi et al. 2020; Jin
et al. 2025). Pipeline parallelism (PP) partitions transformer
layers into sequential stages, typically with balanced com-
putational overhead (Chen et al. 2025). It processes input
mini-batches as overlapped micro-batches, enabling concur-
rent execution across stages through pipelined scheduling,
where each stage operates on different micro-batches simul-
taneously.

It is widely acknowledged that PP is advantageous in
throughput-oriented LLM inference due to its low communi-
cation overhead, especially in the prefill phase (Zhong et al.
2024; Agrawal et al. 2025; Zhang et al. 2025). Figure 1
shows the throughput comparison of using PP, TP, and EP
to serve Qwen2-57B-A14B with 8 A40 GPUs connected via
PCIe. Two summarization tasks are chosen for the workload,
one with 1,000-input/50-output tokens on average, and the
other with 500-input/20-output tokens. As illustrated in Fig-
ure 1, for the fixed Top-K routing, simply adopting naı̈ve
equal-division PP can achieve an average speedup of 1.29×
and 1.31× against TP and EP, showing the advantage of PP.

3 Motivation
To further optimize inference performance, in this paper,
we explore combining dynamic Top-K routing with PP-
enabled hybrid parallel execution. Our initial study shows
that simply combining the two does not consistently deliver
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Figure 3: Memory imbalance across stages after balancing
based on the stage-wise execution time. Qwen3-235B-A22B
is used on 32 A40 GPUs. The threshold of the static memory
is set as 40 GB, considering the necessary remaining mem-
ory for the intermediate buffers.

the expected performance gains. Instead, we observe notice-
able pipeline bubbles during inference, which indicate inef-
ficient utilization of compute resources across stages. The
root cause of this inefficiency lies in the compute imbalance
across pipeline stages introduced by dynamic top-k routing.
Different layers exhibit considerable variation in their top-
k selection patterns, leading to heterogeneous computation
costs per layer. Figure 2 shows the distribution of the ac-
tual Top-K values under Top-P routing (Huang et al. 2024),
one of the most common dynamic Top-K routing methods.
We can see that the Top-K values vary noticeably across dif-
ferent layers. The similar layer-wise variation pattern also
holds for other dynamic Top-K strategies including Ada-K
routing (Yue et al. 2025) and AdaMoE (Zeng et al. 2024).

To mitigate the pipeline bubbles and achieve efficient in-
ference performance, we need a suitable parallelism plan
with balanced PP partitioning. Considering the significant
layer-wise load variation as well as the complicated com-
bination of different parallelism approaches, an automatic
search algorithm is further required, which should be aware
of the dynamic Top-K routing.

In addition, we observe that simply partitioning the stages
based on the time basis incurs severe memory imbalance
across pipeline stages. As shown in Figure 3, deploying
Qwen3-235B-A22B on 32 GPUs with 8-stage partitioned
via a time-based strategy reveals uneven memory allocation,
where early stages with less layers have significantly lower
memory footprints, leading to the expensive GPU memory
under-utilized. For instance, Stage 0 wastes over 37% of its
available capacity.

Rather than letting this memory go unused, we consider
to innovate layer-wise parallelism for trading memory usage
for reduced computation or communication cost, further im-
proving the inference pipeline. However, incorporating such
innovations reintroduces compute and memory imbalance
across stages, exacerbating the complexity of the parallelism
configuration problem. As a result, we need to extend our
parallelism configuration search algorithm to jointly con-
sider a much larger search space, consisting of many fac-
tors such as PP partitioning choices, dynamic Top-K pat-
terns, layer-wise parallelisms, memory consumption, execu-

Notation Description

N number of layers
S number of PP stages
L sequence of attention and MoE modules
li,a, li,m attention/MoE module of the i-th layer

L[bj−1 : bj ]
sequence of attention and MoE modules ranging
from bj−1 to bj (not including bj)

B sequence of PP segmentation indices
bi PP segmentation index, ranging from 0 to 2N
T,E,D sequences of TP/EP/DP degree for modules
ti,a, ti,m TP degree for attention/MoE of layer i
ei,a EP degree for attention of layer i (always 1)
ei,m EP degree for MoE of layer i
di,a, di,m DP degree for attention/MoE of layer i

T [bj−1 : bj ]
sequence of TP degrees of modules ranging
from bj−1 to bj (not including bj)

E[bj−1 : bj ]
sequence of EP degrees of modules ranging
from bj−1 to bj (not including bj)

D[bj−1 : bj ]
sequence of DP (DPMoE) degrees of modules
ranging from bj−1 to bj (not including bj)

P total number of GPUs
r GPUs per stage
M memory limit per GPU
U integer set {1, . . . , S}
V integer set {1, . . . , 2N}
W integer set {1, . . . , r}

Table 1: Description of the notations used in this paper.

tion time and communication overhead.

4 SMIDT Design
To address the above challenges, we design SMIDT, an effi-
cient inference framework for MoE models under dynamic
Top-K routing, with the following innovations. The detailed
notations used in this section are listed in Table 1.

4.1 Fine-Grained Partitioning and Flexible
Module-Wise Parallelism

Existing inference frameworks generally partition the model
with the entire single transformer layer as the smallest unit
when using PP, which is a key factor leading to the ineffi-
ciency under dynamic Top-K routing. In SMIDT, we support
a finer module-level partitioning so that the inner modules
including attention and MoE can be individually assigned
to the corresponding stages. This fine-grained partition pro-
vides a more flexible operational space for balancing the PP
stages, thereby offering more opportunities to enhance the
overall efficiency.

Though such a manner enables a time balancing stage par-
tition of PP, as mentioned in Section 3, it further leaves sub-
stantial spare memory in some PP stages. Inspired by DPAt-
tention (SGLang Team 2024a), which utilizes spare stor-
age space in exchange for a reduction of communication by
replicating attention weights along the DP dimension, we
propose a DPMoE strategy which can eliminate commu-
nication overhead in a similar manner by replicating MoE
weights along the DP dimension. By selectively applying
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Figure 4: DPMoE illustration with 4 GPUs. For example,
‘DP1’, ‘TP1’, ‘EP1’ refer to the first rank of the DP, TP,
and EP parallelism, respectively, while ‘Exp 4’ refers to
the 4th expert.

DPMoE to some MoE layers stored in the GPUs with idle
memory, SMIDT achieves significant end-to-end efficiency
gains without consuming additional resources. Figure 4 pro-
vides a comparison between MoE layers with/without DP-
MoE for a clearer understanding. As shown in the figure, by
applying DPMoE, the heavy communication spanning four
GPUs (Figure 4a) is turned into a light communication span-
ning only two GPUs (Figure 4b).

4.2 Non-Trivial Parallelism Strategy Searching
Next, a key challenge is generating an efficient hybrid par-
allelism strategy that combines standard parallelisms with
the new DPMoE for a given model. Note that both the fine-
grained partition and the newly added DPMoE mode sig-
nificantly expand the search space. The parallelism strategy
search becomes a complex task, which is beyond the scope
of the existing parallelism search methods (Lin et al. 2025).
We need a more effective automatic search algorithm to pro-
duce the parallelism strategy in this situation.

In the following, we first formalize the search space and
then we define a mixed integer optimization problem for
generating a desired parallelism strategy for model partition.
After this, we present an efficient search algorithm to solve
the problem, followed by a complexity analysis.
Exponential search space. Considering an MoE model
with N Transformer layers, each of which has C parallelism
strategy choices, there are totally CN configurations in the
search space. In addition, module-wise stage partitioning
makes it even more complicated. For a specific PP degree
of S, the N layers with 2N modules of attention and MoE
involve

(
2N−1
S−1

)
choices for fine-grained stage partitioning.

The overall count of parallelism strategies for a specific S is(
2N−1
S−1

)
CN . Efficiently searching for an optimal parallelism

strategy with such exponential space is challenging.
Problem definition. Our objective is to determine the op-
timal module-level partition strategy and module-wise par-
allelism configuration under diverse PP degrees. In practice,
the choices of feasible PP degrees is typically limited, there-

fore we do not treat the PP degree as a variable to sim-
plify the problem and we can enumerate widely-used PP de-
grees to search for non-trivial strategies, and then identify
the globally desired plan across all candidate PP degrees.

Given an MoE model with N Transformer layers, we de-
fine the set L = [l1,a, l1,m, ..., lN,a, lN,m] of length 2N as
its main components, where li,a and li,m refer to the atten-
tion and MoE modules of the i-th layer. We ignore low-cost
modules like normalization. Assume that the degree of PP is
S, that is, L is decomposed into S stages L = [L1, ..., LS ].
Define the optimized variables B = [b0, b1, ..., bS ] as the
PP segmentation points, where bj are integers from 0 to
2N and 0 = b0 < b1 < ... < bS−1 < bS = 2N .
Then we can represent Lj by Lj = L[bj−1 : bj ] for
all j. Each attention and MoE module is further config-
ured with TP, EP, or DP (the EP degree is set as 1 for at-
tention, and DP denotes the DPMoE for MoE). We define
the optimized variables T = [t1,a, t1,m, ..., tN,a, tN,m],
E = [e1,a, e1,m, ..., eN,a, eN,m], and D =
[d1,a, d1,m, ..., dN,a, dN,m] as the degrees of TP, EP,
and DP for different modules. Specially, as stated before,
ei,a = 1 for all i. Then we represent T,E,D by T =
[T1, ..., TS ], E = [E1, ..., ES ], and D = [D1, ..., DS ], where
Tj = T [bj−1 : bj ], Ej = E[bj−1 : bj ], and Dj = D[bj−1 :
bj ] define the specific partition of the modules in stage j.

For stage i, the time duration is related to the spe-
cific component Li and its corresponding inner parallelism
strategy, so we represent the time duration of stage i by
Dur(Li, Ti, Ei, Di). If a specific module is partitioned with
degrees t, e, d, then it totally requires t×e×d GPU cards.
To simplify the problem, we restrict that each PP stage oc-
cupies the same number of GPUs, so ti,a×ei,a×di,a =
ti,m×ei,m×di,m = r for all i, where r = P/S is the num-
ber of GPUs used for each stage and P is the total num-
ber of GPUs. For convenience, we use ti, ei, di to denote
the i-th element of T,E,D, respectively in the following.
At last, we need to consider the memory. We should ensure
that each GPU card will not exceed its memory bound. For
each PP stage j with the parallelism strategy Tj , Ej , Dj , we
use Mem(Lj , Tj , Ej , Dj) ∈ Rr to denote the memory con-
sumptions of the corresponding r GPU cards. Based on the
above definitions, now we can formulate the optimal model
partition problem as follows

min
B,T,E,D

max
j

Dur(Lj , Tj , Ej , Dj),

s.t. max(Mem(Lj , Tj , Ej , Dj)) ≤ M ∀j ∈ U

Lj = L[bj−1 : bj ], ∀j ∈ U

Tj = T [bj−1 : bj ], ∀j ∈ U

Ej = E[bj−1 : bj ], ∀j ∈ U

Dj = D[bj−1 : bj ] ∀j ∈ U

0 = b0 < b1 < ... < bS−1 < bS = 2N

ti×ei×di = r, ∀i ∈ V

bj ∈ V, ∀j ∈ U,

ti, ei, di ∈ W ∀i ∈ V,

ei = 1 if i%2 = 1

(1)
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Algorithm 1: BINARY SEARCH

1: Input:N , Transformer layer number; P , Device number; M ,
Memory limit per device; S, PP degree; eps, Tolerance thresh-
old of duration accuracy, set by default as 0.1 ms.

2: Output:Plan, A concrete parallelism plan for PP degree of S.
3: dlo ← 0; dhi ← Dur(L)
4: while dhi − dlo > eps do
5: dmid ← dlo+dhi

2
6: status, P lan← Feasible(dmid, N, P,M, S)
7: if status is True then
8: dhi ← dmid

9: else
10: dlo ← dmid

11: end if
12: end while
13: return Plan

where M is the largest available memory of a GPU card, the
integer set U := {1, ..., S}, V := {1, ..., 2N}, and W :=
{1, ..., r}. Our goal is to minimize the largest time duration
in PP stages since it determines the overall efficiency of PP.
In addition, we need to ensure that each GPU card does not
exceed its memory bound.

To precisely estimate Dur(·) and Mem(·), the solver
employs the profiler tools of NVIDIA Nsight Sys-
tems (NVIDIA 2025) and PyTorch (PyTorch 2025) to col-
lect the duration and memory footprint information of each
module at runtime under different configurations, including
the dynamic Top-K distribution and the parallelism combi-
nations of TP, EP, and DP.
Search algorithm. To solve this problem, we design a
search algorithm integrating multiple simplifications and op-
timizations from several observations. First, the optimiza-
tion problem 1 is a classic min-max problem, allowing us to
leverage the binary search method to efficiently find a mini-
mum duration for the slowest PP stage given the PP degree
S, as elaborated in Algorithm 1. Here, we adjust the low and
high bound of the duration dlo and dhi to make them close to
the minimum feasible duration, and dhi is initialized as the
duration of all layers. Second, for every duration candidate
of binary search, we check its feasibility (Line 6 of Algo-
rithm 1). Note that our goal is to minimize the stage dura-
tion under a memory budget, similar to the two-dimensional
knapsack problem aiming at higher value under the weight
constraint (Mathews 1896). Inspired by the classic dynamic
programming algorithm for the knapsack problem (Salkin
and De Kluyver 1975), we design the FEASIBLE algorithm
to search for the feasible plan in Algorithm 2.

The algorithm searches for the non-trivial module-level
partition plan and leverages Knapsack function (Line 5) to
find optimal module-wise parallelism strategy. Finally, we
employ a greedy heuristic to accelerate the dynamic pro-
gramming searching in Algorithm 2. A native dynamic pro-
gramming approach calls the Knapsack subroutine once for
every pair of layer indices (i, j) where 1 ≤ i ≤ j ≤ 2N , re-
sulting in O(N2) total calls. We observe a monotonic prop-
erty that given a fixed left boundary of a stage, extending the
right boundary increases both duration and memory cost,

Algorithm 2: FEASIBLE

1: Input:D, Time limit; N , Transformer layer number; P , De-
vice number; M , Memory limit per device; S, PP degree.

2: Output:Status, Status of feasibility; Plan, A concrete paral-
lelism plan for PP degree of S.

3: r ← P/S; left← 0; right← 0; stages← 0; Plan← {}
4: while left ≤ 2N do
5: duration, StageP lan← Knapsack(left, right, r,M)
6: if right ≤ 2N and duration ≤ D then
7: right← right+ 1
8: else
9: , StageP lan← Knapsack(left, right− 1, r,M)

10: Plan← Plan
⋃
{StageP lan}

11: stages← stages+ 1
12: left← right
13: end if
14: end while
15: if stages ≤ S then
16: return True, Plan
17: end if
18: return False, None

which inspires us to greedily select the longest feasible in-
terval starting from each position. Based on this insight, we
apply a sliding-window scheme to partition the entire se-
quence of layers into contiguous sub-intervals. This opti-
mization significantly reduces the number of Knapsack calls
to at most O(N), as only one knapsack evaluation is needed
per window. Furthermore, by reusing the results produced
through previous Knapsack, each layer participates in ex-
actly one stage searching step, resulting in an amortized time
complexity of O(NM) for the entire sliding-window parti-
tioning process.

After getting the partition and parallelism strategy for a
specific PP degree through Algorithm 1, we decide the opti-
mal PP degree by comparing the estimated throughput of all
enumerated candidate PP degrees.
Complexity analysis. The overall time complexity of our
search algorithm can be decomposed into two parts. First,
the binary search over the limited duration parameter D in-
curs a factor of O(logD). Second, for each candidate dura-
tion, we invoke the FEASIBLE dynamic programming rou-
tine that contributes O(NM) as analyzed above. Therefore,
we derive the overall time complexity as O

(
logD × NM

)
by multiplying the complexity of the above two components.
This complexity is significantly lower than the theoretical
upper bound discussed in search space analysis. The algo-
rithm is practically efficient, for example, it only takes less
than 0.2 seconds to search for the case of serving the Qwen3-
235B-A22B model with 94 layers on 32 GPUs. By contrast,
exhaustive search takes 2.9 hours and 23.7 hours for 12 lay-
ers and 14 layers on 8 GPUs, respectively.

4.3 System Implementation and Optimizations
We implement SMIDT on SGLang v0.4.9.post1 (SGLang
Team 2024b; Zheng et al. 2024), a state-of-the-art LLM
inference framework. SMIDT supports two deployment
modes: PD disaggregation and colocation, which differ in
whether the prefill and decode phases are run on separate
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Task Type Input:Output Len.

HellaS 200:1
BoolQ Simple QA 200:1
MMLU 400:1

DailyM 1000:50
MultiN Summarization 3500:100
PaulG 3500:100

ShareGPT Conversation 500-2000:100-1000

Table 2: Downstream tasks used in the evaluation. The num-
bers of prompt length and output length refer to the average
length in the workload for benchmarking.

GPUs or the same ones.
Asynchronous PP communication. We find that the SOTA
inference frameworks employ synchronous PP communica-
tion paradigms, where the current pipeline stage initiates
computation for the next batch only after the next stage
has successfully received the activations sent from the cur-
rent stage. This blocking mechanism results in idle waiting
and hurts the overall GPU utilization. To address this prob-
lem, we implement the asynchronous PP communication in
SGLang, enabling communication overhead to be hidden by
computation costs, thereby improving inference throughput.
Dynamic Top-K kernel implementation. In
SGLang, efficient MoE inference relies on two
classes of highly-optimized GPU kernels: high-
performance GEMM kernels and permutation ker-
nels (including moe align block size and
pre reorder triton kernel). The permutation
kernels perform tensor alignment along the token dimen-
sion, serving as a preprocessing step to maximize the
efficiency of the subsequent GEMM kernel. However,
existing permutation kernels require globally fixed Top-K
as input, which makes them incompatible with dynamic
Top-K routing, as a result, preventing the utilization of
GEMM kernels. To support per-token Top-K while re-
taining the benefits of the hand-tuned GEMM kernels, we
reimplemented the permutation kernels via Triton.

5 Evaluation
5.1 Setup
Platform setup. We adopt SGLang as our baseline frame-
work, which is one of the pioneering MoE inference frame-
works (SGLang Team 2024b). The main testbed consists of
four servers hosting a total of 32 NVIDIA A40 GPUs (48
GB each), linked internally via PCIe 4.0 × 16 and intercon-
nected across nodes by 100 Gbps InfiniBand. To validate on
high-end inter-GPU connections like NVLink, we also eval-
uate with a two-server cluster equipped with 16 NVIDIA
A100 GPUs (80 GB each), which are connected via NVLink
3.0 and 200×8 Gbps InfiniBand.
MoE models and dynamic Top-K. We leverage three
large MoE models, Qwen2-57B-A14B (Yang et al. 2024)
and Qwen3-235B-A22B (Yang et al. 2025), and DeepSeek-
V2 (DeepSeek-AI et al. 2024). We adopt two representative

dynamic Top-K routing schemes, Top-P routing and Ada-K
routing. For Top-P routing, we directly use its publicly re-
leased checkpoints, and for Ada-K routing, since it is not
open sourced so far, we adopt our reproduced version.
Datasets. In Table 2, under PD colocation, we adopt six
prefill-dominant tasks, where CNN-DailyMail, MultiNews,
and PaulGrahamEssays (Hermann et al. 2015; Fabbri et al.
2019; Goel 2024) are summarization tasks, while MMLU,
BoolQ, and HellaSwag (Hendrycks et al. 2021; Christopher
et al. 2019; Zellers et al. 2019) are question answering tasks.
Under PD disaggregation, we evaluate with the ShareGPT
dataset (Teams 2023). For each evaluation, we run three
passes and report the average number.

5.2 End-to-End Evaluation
Under PD colocation. We first evaluate SMIDT using
Qwen2-57B-A14B with a small-scale setup with 8 A40
GPUs. Figure 5 shows the throughput comparison under
these tasks using different dynamic Top-K routing tech-
niques. For each task, we compare SMIDT against two man-
ually tuned baselines with and without PP, which are hand-
tuned to attain the highest throughput under the correspond-
ing parallelism combination options including DP, PP, TP,
and EP, while the optimizations of SMIDT are not consid-
ered. Figure 5a refers to the results on prefill-only tasks,
where only a single output token is generated based on the
prompt. Compared with the baseline without PP, hand-tuned
PP achieves a higher throughput, which is consistent with
the observation in Section 2. Against two hand-tuned base-
lines, SMIDT improves the throughput by 1.78-3.08× and
1.17-1.31×, respectively. Although both hand-tuned PP and
SMIDT employ the same PP degree of 8, SMIDT brings
further improvement through the optimization of parallelism
strategy and systematical implementation.

Figure 5b refers to the summarization tasks, which in-
clude both prefill and decoding phases. SMIDT search re-
sults show a PP degree of 4 is optimal for all workloads
except CNN-DailyMail-P, which requires PP 2 and TP 4.
Compared with the baselines, SMIDT improves the through-
put by 1.71-1.89× and 1.07-1.16×, respectively. We observe
that SMIDT’s throughput gain is a little lower than in prefill-
only scenarios, as PP is not advantageous in the decoding
phase (Zhong et al. 2024). However, the two phases need
to share the same parallelism strategy under PD colocation.
But results show that PP is still a desired choice for the
prefill-dominant tasks where the decoding length is short,
and, SMIDT can achieve significant efficiency gains.

We further extend to a large-scale setup of 32 A40 GPUs
to evaluate the performance of SMIDT by using a much
larger model Qwen3-235B-A22B. As shown in Figure 6,
we remove the baselines with PP degree less than 4, be-
cause such small PP degrees while large TP degree intro-
duce heavy inter-node communication. As the PP degree in-
creases, the throughput of the baselines initially improves
but begins to decline when the PP degree exceeds 8, demon-
strating that higher PP degrees do not necessarily yield better
performance. The optimal PP degree suggested by SMIDT
is 8 for all tasks. Compared with all baselines, SMIDT
achieves the average speedups 1.28×, 1.46× and 1.62× re-
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Figure 5: End-to-end throughput comparison of different parallelism strategies under prefill-dominant tasks. The tasks with the
‘-P’ and ‘-K’ suffices refer to Top-P and Ada-K routing, respectively. (a) shows results for prefill-only tasks and (b) shows for
short-decoding tasks for summarization. Qwen2-57B-A22B is used on 8 A40 GPUs.

Figure 6: End-to-end throughput comparison of different
parallelism strategies. Qwen3-235B-A22B is used on 32
A40 GPUs for large-scale deployment.

Figure 7: End-to-end throughput comparison on 16 A100
GPUs under the MMLU task. Ada-K routing is used for
DeepSeek-V2 and Top-P routing is used for Qwen3-235B-
A22B, respectively.

spectively for these three tasks. The speedup stems from
SMIDT’s capability to adaptively select the best PP degree,
and additionally utilize the DPMoE technique to achieve a
significant higher throughput under the PD colocation.

Finally, we validate the SMIDT optimization on the high-
end NVLink setup with 16 A100 GPUs. Although the
intra-server communication bandwidth is much higher with
NVLink, it’s widely acknowledged that the MoE communi-
cation overhead is still a significant bottleneck in distributed
serving (Liu et al. 2024). Figure 7 shows the NVLink-based
evaluation on DeepSeek-V2 and Qwen3-235B-A22B, where
SMIDT still achieves 1.14-1.31× and 1.18-1.37× through-
put improvement, respectively.

Figure 8: TTFT comparison along different prefill decoding
lengths under PD disaggregation. The top and bottom num-
bers at the x-axis refer to the average prefill and decoding
lengths, respectively.

Under PD disaggregation. We further evaluate the latency
improvement of SMIDT under PD disaggregation. We al-
locate 8 GPUs for the prefill and decoding phases, respec-
tively. As suggested by the literates (Zhong et al. 2024;
Zhang et al. 2025), we apply PP to the prefill phase and
compare the metrics of TTFT (Time-to-First-Token) to fo-
cus on the SMIDT optimization on PP. Figure 8 shows
the TTFT comparison along different lengths with the
ShareGPT dataset. The baseline is configured with PP de-
gree of 8, which achieves the lowest TTFT among the par-
allelism strategies from manual search. Similar to the find-
ings in PD colocation studies, SMIDT’s parallelism strate-
gies consistently outperforms the baseline with different pre-
fill and decoding lengths, achieving mean and P99 TTFT
improvements of 1.10-1.17× and 1.21-1.26×, respectively.

5.3 Ablation Study
We break down the contribution of each optimization pro-
posed in Section 4. Figure 9 shows the speedup effect of
each SMIDT technique under PD colocation. The baselines
correspond to the configurations with the highest throughput
when SMIDT optimizations are not applied and are chosen
from our manual search. As indicated in Figure 9, SMIDT
searching with fine-grained partitioning contributes to the
speedup of 10% and 6% for PaulGrahamEssays and MMLU,
respectively. DPMoE then contributes to 4% and 14% more
speedups for the two tasks. Finally, the asynchronous PP
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Figure 9: Speedup of each SMIDT optimization technique
A, B, and C with the explanation in the parenthesis. FG PP
refers to fine-grained PP partitioning and Async PP refers
to asynchronous PP communication. Top-P routing is used.

Figure 10: Memory usage per GPU under the SMIDT paral-
lelism strategy with Qwen3-235B-A22B on 32 A40 GPUs.

communication contributes to 2%, and 10% more speedups,
respectively. As the number of pipeline stages increases, the
blocking effect accumulates across the pipeline and becomes
more significant at a higher PP degree. Therefore, asyn-
chronous PP communication provides more contribution to
the MMLU workload, for which the optimal PP degree is 8.

5.4 Analysis of Memory Usage

Figure 10 shows the memory usage of each GPU card for
the Qwen3-235B-A22B model on 32 GPUs. For a fair com-
parison with the evaluation in Figure 3, we set the same KV
cache budget to hold the same number of tokens in the mem-
ory. Compared with the memory usage in Figure 3, the mem-
ory imbalance issue is basically addressed after SMIDT op-
timization and rare memory is wasted.

To understand how the wasted memory is exploited in
SMIDT, we further show the specific configurations of the
time-based partitioning baseline and SMIDT in Table 3, in-
cluding the detailed model partition and the average degree
of DPMoE at each PP stage. As elaborated in the table, the
partition of SMIDT is much more balanced, in terms of the
number of attention and MoE modules in each stage. Ac-
cording to the search results given by SMIDT, the degrees
of DPMoE of different MoE layers are not necessarily equal.
For example, among the twelve MoE layers in Stage 4, the
degrees of DPMoE are 1 for nine of them, and 2 for the other
three MoE layers. Hence the average DPMoE degree is 1.25
for this stage.

#Attn Modules #MoE Modules
PP Stage Baseline SMIDT Baseline SMIDT

0 9 11 9 (1.00) 11 (1.64)
1 10 11 10 (1.00) 10 (1.70)
2 10 11 10 (1.00) 12 (1.50)
3 12 12 12 (1.00) 12 (1.42)
4 12 13 12 (1.00) 12 (1.25)
5 13 12 13 (1.00) 12 (1.42)
6 14 12 14 (1.00) 13 (1.31)
7 14 12 14 (1.00) 12 (1.42)

Table 3: The statistics of the attention and MoE modules for
each PP stage. The numbers in the parenthesis refer to the
average degree of DPMoE across layers in the correspond-
ing PP stage.

6 Related Work
Parallelism plan searching. For training, nnScaler (Lin
et al. 2024) constructs a rich, constraint-guided search space
through three primitives for generating efficient parallelism
plans. For inference, DistServe (Zhong et al. 2024) disag-
gregates prefill and decoding phases and proposes a simula-
tor to evaluate per-phase combinations of TP and PP paral-
lelism to produce high-throughput plans. For the scenario of
PD colocation, Seesaw (Su et al. 2025) proposes a method
to dynamically switch the parallelism strategy between pre-
fill and decoding. However, they do not consider the pattern
of large MoE models. Apex (Lin et al. 2025) is a simula-
tor to search for the optimal parallelism strategy and helps
to decide whether to use EP or TP in MoE models, while
it does not support PP for MoE models. Furthermore, all
these works do not consider the layer-wise imbalance pat-
terns, rendering them unsuitable for the scenarios targeted
by SMIDT. To the best of our knowledge, SMIDT is the first
work that systematically addresses the inefficiency in com-
bining PP with dynamic Top-K routing for MoE models.
PP optimizations in LLM inference. Some approaches
also address pipeline bubbles caused by stage-level work-
load imbalance. For example, TD-Pipe (Zhang et al. 2025)
temporally separates prefill and decoding phases to elimi-
nate phase-switch bubbles, while gLLM (Guo et al. 2025)
uses adaptive token throttling for fine-grained batch schedul-
ing. In contrast, SMIDT tackles the imbalance introduced by
combining pipeline parallelism with dynamic Top-K rout-
ing, distinct from prior work focused on phase divergence or
batch size variation.

7 Conclusion
Powered by an automatic search algorithm, SMIDT resolves
key challenges in combining dynamic Top-K routing with
pipeline parallelism. It introduces a module-level partition-
ing scheme and a flexible DPMoE strategy to balance stage
durations and fully utilize spare GPU memory. Evaluated on
7 datasets across 3 MoE models using 32 A40 GPUs and 16
A100 GPUs, SMIDT achieves significant improvements in
throughput and latency.
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