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Abstract

Large Language Model (LLM) serving must meet stringent
Service Level Objectives (SLOs) for both the prefill and de-
code phases. Some existing solutions disaggregate the two
phases, causing potential resource idleness or compute re-
dundancy. Others split the prefill phase into chunks and fuse
it with decode iteration, creating a dilemma between SLO
compliance and high utilization. To address these issues, an
efficient serving system should dynamically adapt compute
allocation, decouple compute from memory management,
and execute prefill and decode independently. We present
MuxWIsE, an LLM serving framework that adopts a new par-
adigm, intra-GPU prefill-decode multiplexing, to meet these
requirements. To fully exploit the paradigm, MUxWISE inte-
grates a bubble-less multiplex engine, a contention-tolerant
estimator, and an SLO-aware dispatcher. Evaluation shows
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that MuxWIsE improves peak throughput under SLO guaran-
tees by an average of 2.20X (up to 3.06X) over state-of-the-art
baselines.
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1 Introduction

Large language models (LLM) services now perform well
across diverse workloads [19, 30, 33]. At the request level,
an LLM processes input in two phases: a prefill phase that
produces the first token, followed by a decode phase that
iteratively generates the remaining tokens. The ratio of in-
put length (prefill) to output length (decode) varies across
tasks [6, 43]. At the application level, tasks such as chat-
bot services or agent-based workloads [34] often consist of
multiple turns of requests with shared context.
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Figure 1. A typical workflow in LLM serving systems: User1
sends two consecutive requests, with the second reusing the
context from the first. User2 sends 1 request.

To achieve high throughput for serving these workloads,
existing LLM serving systems employ several optimizations.
Figure 1 presents a typical workflow. While requests arrive
at different times, inflight batching stalls the ongoing decode
phase to prefill new requests and then processes all decode
iterations together in a single batch. It greatly improves com-
pute utilization for the memory-intensive decode phase [47].
Since multi-turn requests share context, LLM serving sys-
tems reuse intermediate results (i.e., the KV cache) both
within and across requests through a KV cache pool [26, 52].

LLM services also impose stringent Service Level Objec-
tives (SLOs). For instance, chatbot typically requires Time-
To-First-Token (TTFT) under 500 ms for prefill and Time-
Between-Tokens (TBT) under 100 ms for decode. Since prefill
and decode interleave in an LLM serving system, SLO viola-
tions may arise. In Figure 1, inflight batching stalls ongoing
decode. A long prefill can thus delay decode, potentially vi-
olating its SLO. To sustain high goodput-peak throughput
with SLO guarantees—existing methods fall into two cate-
gories: disaggregated serving [32, 53] and chunked prefill [1].

As for disaggregated serving, Splitwise [32] separates the
prefill and decode phases into distinct instances for SLO guar-
antees, which has two drawbacks. Firstly, it cannot adapt to
serving dynamics. In Splitwise, GPUs are statically allocated
at initialization. Under fluctuating request loads and diverse
serving patterns, it often leads to resource underutilization.
Secondly, it decreases goodput due to shrinking the KV cache
pool. With the same number of GPUs, disaggregation allo-
cates a separate cache pool for each instance, reducing the
effective cache pool size. This lowers cache hit rate [45] (e.g.,
from 36.6% to 4.2%), leading to unnecessary recomputation
and degraded goodput. Furthermore, while LoongServe [44]
supports dynamic GPU allocation based on the request se-
quence length and execution phase, it cannot support the
cross-request KV cache reuse, incurring significant recom-
putation overhead in multi-turn workloads.

Chunked-prefill [1] is another approach to meet decode
SLOs. It splits the prefill phase into chunks within each GPU
and fuses each chunk with a decode iteration. To ensure
computational equivalence, each chunk reads the KV cache
generated by all previous chunks. It ensures the decode SLOs
by capping the token budget, defined as the sum of new to-
kens from the prefill chunk and the decode batch. By tuning
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the chunk and decode batch sizes, it adapts to serving dynam-
ics. Since it avoids disaggregation, it also prevents goodput
loss from a reduced KV cache pool.

Unfortunately, chunking is not a free lunch. It creates
a dilemma between SLO compliance and high utilization.
Because prefill chunk and decode iteration must execute
together, the token budget governs both decode SLO attain-
ment and GPU saturation. Yet, finding a sweet budget in
practice is infeasible. E.g., deploying a 70B LLM on 8 A100
GPUs requires a 4K budget to saturate the GPU, which is 8%
larger than the SLO-compliant budget (256 for a 100 ms TBT
SLO). Moreover, TBT in chunk-prefill is inflated by repetitive
KV cache access from the prefill chunk. With extremely long
reused context, common in multi-turn workloads, chunked-
prefill may even fail to meet SLO guarantees (§2.3.2). Ulti-
mately, chunked-prefill cannot sustain high goodput.

Achieving high-goodput LLM serving requires more flex-
ible compute management. We propose intra-GPU prefill-
decode (PD) multiplexing as a promising new serving par-
adigm. Specifically, the prefill and decode phases are exe-
cuted on different streaming multiprocessors (SMs) within
the GPUs. In the new paradigm, 1) compute partitions can be
reconfigured with low overhead to adapt to serving dynam-
ics; 2) multiplexed phases share GPU memory, keeping the
KV cache pool efficient; 3) with spatial sharing, prefill and de-
code execute independently, avoiding the tradeoff between
SLO compliance and utilization.

Realizing this paradigm is non-trivial. Firstly, phase co-
ordination is still required to enable inflight batching and
improve compute utilization. However, since prefill and de-
code latencies differ significantly, naive coordination of-
ten leaves GPU bubbles. Secondly, spatial multiplexing in-
troduces unpredictable contention. Although existing ap-
proaches [10, 12, 13] partition compute, they provide little
control over shared resources such as memory bandwidth.

To this end, we propose MUXWISE, an LLM serving frame-
work that achieves high goodput across diverse workloads.
MuxWISE comprises three modules: a bubble-less multiplex
engine, a contention-tolerant estimator, and an SLO-aware
dispatcher. The engine partitions prefill into layers with neg-
ligible overhead, aligning execution latencies for bubble-less
multiplexing. The contention-tolerant estimator provides
worst-case latency predictions by combining a solo-run pre-
dictor with a contention guard derived from one-time offline
profiling. Built atop the engine and estimator, the SLO-aware
dispatcher schedules diverse LLM requests efficiently by se-
lecting multiplexing plans to maximize goodput.

We implement MUxWIsE on top of SGLang [52], extending
it with PD multiplexing. MUXWISE is evaluated extensively
on both small and large LLMs using real-world workloads.
Experiments show that MuxWIsE achieves an average 2.20x
goodput improvement (up to 3.06X) over state-of-the-art
solutions. In summary, our contributions are:
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Figure 2. Main architecture of most LLMs.

Table 1. Diverse patterns of typical LLM tasks. Minimum,
mean, and maximum values for each metric are reported. The
input length includes the length of new and reused context.

‘ Input length Output length Reused length

ShareGPT [4] 4/226/1024  4/195/1838 \
LooGLE [25] 3380/30k/81k 2/15/326 \
OpenThoughts [17] | 311/709/4633  684/8374/32k 243

Conversation [34] |891/7538/123k  1/342/2000 0/4496/120k
Tool&agent [34] [891/8596/123k 1/182/2000 0/4905/120k

o We identify key requirements for LLM serving with high
goodput through a detailed analysis of prior works.

e We propose a new LLM serving paradigm-PD multiplexing—
aligned with these requirements, and present a clean de-
sign to effectively serve LLMs with high goodput.

e We evaluate MUxWIsE under diverse workloads, demon-
strating its superiority over state-of-the-art solutions.

2 Background & Motivation
2.1 LLM Services

Architecture of LLMs. Most LLMs [5, 15, 37, 38] are built
upon the transformer architecture [39], with model-specific
modifications. Figure 2 illustrates a typical transformer layer,
which is replicated multiple times to form an LLM model.
Each transformer layer contains an attention layer and a
feed-forward network (FFN) layer.

Attention computation requires access to all keys and
values from processed tokens and also generates the keys
and values of new tokens. To avoid redundant computation,
LLM serving systems store this data in a KV cache. In the
prefill phase, the KV cache is populated from the requests
in previous turns. In each decode iteration, the KV cache is
derived from earlier prefill and decode iterations.

Diverse workload patterns. Table 1 illustrates the diverse
patterns of five typical LLM tasks. The first three are single-
turn requests: ShareGPT [4] is a chatbot task, LooGLE [25] is
a long-context understanding task, and OpenThoughts [17]
is a reasoning task. LooGLE has a long input length due
to long documents. Reasoning often requires long thought
processes, so OpenThoughts tends to have a longer output
length than others. Requests in OpenThoughts share the
same system prompt, which is a constant input context (i.e.,
reused length in the table). Conversion and Tool&agent [34]
are two real-world multi-turn tasks. The output tokens from
earlier requests become the input context for later requests
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Figure 3. Required compute and memory for processing
different phases under SLO constraints with varied reused
context lengths. For prefill (a), the batch size is fixed at 1, the
new context length is set to 2K, and TTFT is set to 400ms.
For decode (b), the batch size is fixed at 32, and TBT is set to
100ms. These settings are commonly seen in online serving.

in the same session. We use these workloads to conduct
experiments that both motivate and evaluate our design.

2.2 Characterization under SLO constraint

Many prior works [32, 44, 53] have investigated the relation-
ship between resource requirements and SLO attainment
concerning input length and batch size. Their experiments
show that the prefill phase is compute-intensive, with com-
pute demand growing linearly with input length, while the
decode phase is memory-intensive. However, they mainly
focus on the simple single-turn case, which does not consider
the effect of reused input length.

Under these circumstances, we further study how the
reused length impacts the compute and memory demands
of prefill and decode. In our experiment, the reused length
spans the range shown in Table 1, and LIaMA-70B [15] is de-
ployed with tensor parallelism [51] on a server with 8 A100
GPUs. All GPUs are configured with the same partial com-
pute resource, defined by the SM number. For each reused
length, we determine the best-fit GPU partition ratio (de-
noted as GPU,4tio) to satisfy the SLO target. Figure 3 reports
the total compute demand of LlaMA-70B under different
reused lengths, computed as GPUy,y;m = GPU,gtio X 8.

As shown in Figure 3-(a), prefill phase requires increas-
ingly more compute resources to meet SLO targets as the
reused length grows. In contrast, the compute demand of the
decode phase shows less sensitivity. Thus, it is also critical
to allocate more compute to the prefill phase as the reused
length increases. Further, the distinct compute requirements
of two phases necessitate a runtime compute resource parti-
tion for SLO attainment and high utilization.

Figure 3-(b) shows that the KV cache required by both
the prefill and decode easily reaches tens or even hundreds
of gigabytes. This is common in multi-turn LLM services,
which produce ultra-long reused contexts. It is preferable to
keep the KV cache in the same memory space (aggregated
serving) for efficient reuse across phases and requests.
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In a nutshell, we make two observations: 1) Appropriate
and dynamic compute partition is essential for meeting the
distinct SLO targets of different phases under diverse workloads.
2) Reusing the KV cache across phases and requests is critical
for reducing redundant computation and improving goodput.

2.3 Deficiencies of Existing Works

2.3.1 Disaggregated Serving. Disaggregating approaches
partition GPUs across phases to meet the SLO targets in LLM
serving and can be further divided into static and dynamic
disaggregation methods. Figure 4-(a) illustrates the static ap-
proach (Splitwise [32]), while Figure 4-(b) shows the dynamic
approach (LoongServe [44]).

Static disaggregation. As shown in Figure 4-(a), there is
a prefill instance and a decode instance with Splitwise [32].
Each instance occupies two GPUs statically and has its own
KV cache pool. The GPU number is static after the instance is
initialized. In this case, Splitwise suffers from two problems.

First, Splitwise does not adapt to serving dynamics. For ex-
ample, when batch b1 arrives, only two GPUs process the
prefill while the other two GPUs for decoding remain idle.
In online serving, such idle periods are common as request
loads fluctuate. Second, the coupled management of compute
and memory introduces further inefficiencies. For instance, if
the decode phase of b1 in Figure 4-(a) requires two GPUs to
store the KV cache, the system must also allocate two GPUs
for computation. Since compute and memory requirements
are misaligned, as shown in Figure 3-(b), the GPUs’ compute
resources may be underutilized.

In addition, each instance must maintain its own model
weights and KV cache pool. As a result, the KV cache pool
in Figure 4-(a) is at most half the size of that with four GPUs
under non-disaggregated execution. Furthermore, experi-
mental results in Figure 5 show that this reduced capacity
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Figure 6. (a) Sweet spot of the token budget in chunk-prefill.
The decode uses a fixed batch size of 32, with each request
having a reused context length of 1K tokens. (b) Latencies
with varied reused context of the fused prefill chunk in
chunk-prefill. The token budget is fixed at 512, and the reused
context length of decode phase is the same as in (a).

sharply lowers the KV cache hit rate in multi-turn workloads,
ultimately degrading the system’s goodput.

Dynamic disaggregation. LoongServe [44] supports
dynamic GPU partitioning across the two phases. Specifically,
it scales GPU resources based on the sequence length and
execution phase. As shown in Figure 4-(b), when batch b1
arrives, the scheduler assigns four GPUs to prefill. After
prefill, it scales down to two GPUs for the decode iterations.

However, LoongServe still causes idleness due to coupled
management, and worse, it trades KV cache reuse for adap-
tiveness needed in serving dynamics. To avoid duplication, it
immediately releases the KV cache on original GPUs. Thus,
KV caches are reused only from prefill to decode within a sin-
gle request and cannot be reused across multi-turn requests.
In Figure 4-(b), when b1’ needs to reuse the KV cache gen-
erated by b1, LoongServe recomputes the entire KV cache.
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Figure 7. An ideal solution: prefill-decode multiplexing.

2.3.2 Chunked-prefill. Chunked-prefill [1] adopts intra-
GPU compute fusion. As shown in Figure 4-(c), it splits prefill
into chunks and fuses each chunk with a decode iteration.
To guarantee decode SLOs, chunked-prefill caps the token
budget, which is the sum of new tokens from the prefill chunk
and the decode batch. While chunked-prefill has known
drawbacks such as quadratic memory overhead [53], we
find another drawback. Specifically, chunking introduces a
dilemma between SLO attainment and utilization.

Figure 6-(a) presents TBT in Chunked-prefill of varying
token budget. In this experiment, the decode iteration for
fusion has a static batch size of 32 and a reused context length
of 1K tokens, and Llama3-70B is deployed on a server with 8
A100 GPUs. As shown, the latency does not increase linearly
with the token budget until it reaches 4K. This indicates
that saturating the GPUs requires a prefill chunk with input
length of (4K — 32). However, the corresponding latency is
505ms, far above the typical TBT SLO target (< 100ms).

Figure 6-(b) presents TBT in Chunked-prefill with varying
reused context lengths of the prefill. In this experiment, the
token budget is fixed at 512, and the reused context length of
decode iteration is 1K. As shown, TBT increases noticeably
after the reused context exceeds 4K. This reused context
length is common in long-context understanding and multi-
turn workloads, as shown in Table 1. In such cases, Chunked-
prefill easily leads to SLO violations.

2.4 New Paradigm & Challenges

As shown in Figure 7, we propose an intra-GPU prefill-
decode (PD) multiplexing paradigm to overcome the above
limitations. Specifically, prefill and decode dynamically share
the compute resources (SMs) within each GPU. By reserv-
ing sufficient SMs to satisfy decode SLOs and assigning
the remaining SMs to prefill, high-goodput LLM serving
is achieved. PD multiplexing overcomes the limitations of
prior methods, benefiting from the following abilities.

First, multiplexing enables dynamic and adaptive compute
management. As shown, compute resources can be flexibly
allocated between the two phases to maximize system good-
put while guaranteeing SLOs. Second, multiplexing decou-
ples compute from memory management. Although the two
phases partition compute resources, they share the memory
space on each GPU, enabling efficient KV cache reuse. Third,
multiplexing allows prefill and decode to run independently
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without stalling one another, avoiding the dilemma between
SLO attainment and system goodput.

However, integrating intra-GPU multiplexing into existing
LLM serving systems is non-trivial. There are two challenges
to realizing this paradigm. C-1: GPU bubbles from naive
integration. Current systems have frequent prefill-decode
interactions due to the inflight batching mechanism. One
phase can easily block the other, creating GPU bubbles. C-2:
Unmanaged contention in spatial multiplexing. Exist-
ing techniques [10, 12, 13] partition only SMs while leaving
memory bandwidth unmanaged. As a result, memory band-
width contention can lead to SLO violations.

3 MuxWIsE’s Design
3.1 Architecture Overview

Based on the PD multiplexing paradigm, we propose MUXWISE,
an LLM serving framework that achieves high goodput on
diverse workloads. Figure 8 shows the overview of MUXWISE

that comprises (1) a bubble-less multiplex engine, (2) a contention-

tolerant estimator, and (3) an SLO-aware dispatcher.

To enable PD multiplexing with bubble-less coordination,
the engine partitions prefill into layer-wise execution, align-
ing its latency with decode execution. Notably, layer-wise
execution incurs negligible overhead and avoids the ineffi-
ciencies of chunk-prefill. In addition, it provides an extra
benefit: preempting ultra-long prefills to prevent the SLO
violations caused by them.

To avoid SLO violations caused by unpredictable con-
tention, the estimator provides worst-case latency estimates
by combining a solo-run latency predictor with a contention
guard. Both components are built from one-time offline pro-
filing for each LLM on a given hardware. They consider five
key factors: reused length, input length, output length, de-
coding batch size, and partition configuration. LLM-specific
factors are extracted from workload traces to guide profiling.

Asrequests arrive, the SLO-aware dispatcher leverages the
engine and estimator to schedule prefill layers and decode
iterations dynamically for high goodput. Specifically, the
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dispatcher reserves best-fit SMs to satisfy decode SLOs based
on the worst-case estimation, and assigns the remaining SMs
to prefill. Meantime, during online serving, it further refines
the contention guard using runtime execution data.

3.2 Bubble-less Multiplex Engine

3.2.1 Spatial Multiplexing Technique. According to the
analysis in §2.4, MuxWIsE imposes two requirements for PD
multiplexing. First, the compute resources must be dynam-
ically partitioned between the two phases with low over-
head. Second, the memory space must be shared across the
phases to enable efficient KV cache reuse. To meet these
requirements, we examine existing approaches for spatially
partitioning GPU compute across tasks.

We categorize these approaches into two types: inter- and
intra-process partitioning. Inter-process approaches, such as
CUDA MIG [12] and CUDA MPS [13], cannot provide flexi-
ble compute resource adjustment, let alone the introduced
cross-process communication between prefill and decode. In
contrast, the intra-process approach GreenContext [10] en-
ables low-overhead resource adjustment by binding CUDA
streams to specific SMs, with reconfiguration costing only
a stream synchronization (on the order of microseconds).
Furthermore, because both phases reside in the same pro-
cess under GreenContext, they can directly share the same
memory space for maintaining a single KV cache pool.

3.2.2 Inefficiencies from Naive Integration. With intra-
process compute partitioning, a naive way to support PD
multiplexing is to launch the ongoing decode iteration before
the prefill phase of new request. This ordering is motivated
by launch latency difference: launching a decode iteration
takes less than 0.5 ms, whereas launching a prefill phase
takes tens of milliseconds.

Ideally, the launch latency of either a prefill phase or de-
code iteration can be reduced to a single CUDA graph launch
(~0.5ms). However, CUDA graph requires offline construction
with static configuration and incurs memory overhead. In
prefill phase, both batch size and input length vary, whereas
decode iteration varies only in batch size. Thus, single-graph
optimization is feasible only for decode phase with several
selected batch sizes [40], while applying it to prefill phase
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Figure 10. Bubble-less coordination using layer-wise sched-
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decode phase. PLs is the short for prefill layers.

would require capturing much more graphs, incurring unac-
ceptable memory overhead.

Prefill phase can be optimized through piecewise CUDA
graph [40], which splits the prefill phase into multiple layer-
wise CUDA graphs. It still incurs ~10 ms launch overhead
for Llama-70B on 8 A100 GPUs. Fortunately, prefill phases
consists of long-duration kernels, which are typically longer
than the launch time. It does not suffer noticeable perfor-
mance degradation from launch overhead in most cases.

To this end, when both a prefill phase and a decode itera-
tion are pending, MUXWISE prioritizes launching the decode
iteration; otherwise, the SMs allocated for the decode phase
would remain idle for tens of milliseconds. However, this
naive approach still introduces two types of GPU bubbles
and can also lead to SLO violations.

Firstly, when the prefill launch time exceeds the execu-
tion time of a decode iteration, next decode iteration cannot
launch in time, and GPU bubbles occur. As shown on the left
of Figure 9, a bubble appears between two decode iterations
because the serving system must return newly generated
tokens after each iteration.

Secondly, bubbles can arise from unpredictable termina-
tion of decode. As depicted in the middle of Figure 9, all re-
quests in a decode batch may finish token generation while
a concurrent prefill phase has already been launched. Due to
the non-preemptive nature of GPU execution, the launched
prefill cannot be interrupted to reclaim compute resources.

Thirdly, SLO violations may occur due to workload skew
among requests, as illustrated in the upper-right of Figure 9.
Context lengths can vary significantly, with short conversa-
tions coexisting alongside long-text summarizations. In such
cases, a short request may suffer long queuing delays while
waiting for the prefill of an ultra-long request. If the short
request has limited SLO slack, it is likely to miss its deadline.

3.2.3 Bubble-less Coordination. The above inefficien-
cies stem from the large latency discrepancy between the
prefill and decode phases. This is because prefill phases typi-
cally take longer to launch and execute, and the execution
time of both phases is highly variable at runtime. To ad-
dress this, we propose layer-wise execution for prefill and
query-based synchronization.
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Figure 11. Slowdowns in decode due to contention with
different multiplexing configurations of prefill and decode
across models and GPUs.

Layer-wise execution for prefill. As shown in Figure 10,
MuxWIisE splits the prefill phase into layers (PLs). Based
on this new granularity, MuxWIsE eliminates GPU bubbles
and prevents SLO violations. For the first type of bubble,
MuxWIsE can launch enough PBs to occupy compute re-
sources for prefill, and return in time before the decode
phase finishes computation. For the second type, MUXWISE
switches the execution of later prefill layers into a new Green-
Context, just after the decode phase terminates. For SLO
violations caused by long requests, layer-wise execution en-
ables preemption, allowing short requests to be prioritized,
thereby meeting the SLO targets of both. Importantly, layer-
wise execution incurs negligible overhead, since LLMs are
inherently structured as multiple transformer layers.

Query-based synchronization. In addition to the above
bubbles, inflight batching can also introduce GPU bubbles.
Specifically, when the last prefill layer completes, it must
block the next decode iteration to merge requests into the
decode batch. This blocking creates small bubbles, since pre-
fill and decode rarely finish simultaneously. To address this,
MuxWIsE employs query-based synchronization that peri-
odically polls CUDA events. MuxWIsE continues launching
decode batches and prefill layers asynchronously, and when
an event is observed complete, the corresponding prefill re-
quest is immediately merged into the current decode batch.

3.3 Contention-tolerant Estimator

When the prefill and decode phases are spatially multiplexed,
contention can arise, particularly from unmanaged resources
such as memory bandwidth. We begin by analyzing con-
tention between the two phases under spatial multiplexing
and then introduce our modeling method.

3.3.1 Contention Analysis. While GreenContext sup-
ports precise compute resource allocation, it cannot man-
age memory or network bandwidth. In particular, efficient
techniques for bandwidth management are lacking. Worse,
current GPUs do not expose runtime monitoring of band-
width usage, and both prefill and decode phases can heavily
consume bandwidth, making contention hard to predict.
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Table 2. Compute analysis for prefill and decode phases.

|  Attention FFN

Prefill w/o cache O(Ld?* + L?d) O(Ld?)
Prefill w/ cache O(nd? + Lnd) O (nd?)
Decode O(d®+ (r+1)d) O(d?)

To evaluate the impact on execution slowdown, we exten-
sively profile prefill and decode under multiplexing using
Llama-8B and Llama-70B. Figure 11 reports the decode slow-
down on servers with 8 A100 and 8 H100 GPUs. The x-axis
denotes the number of SMs allocated to the decode batch,
with the remaining SMs assigned to the prefill batch. For
each configuration, the prefill batch’s total context length
(reused + new) ranges from 1,024 to 128K tokens, whereas
the decode batch’s reused length ranges from 1,024 to 1,024K
tokens. This profiling takes one week.

As shown in Figure 11, contention-induced slowdown
ranges from nearly zero to about 30% across different par-
tition configurations and GPUs. The high variation across
hardware partitions indicates the inherent unpredictabil-
ity of contention slowdown. Although both models exhibit
similar slowdown trends on the same GPUs due to their
architectural similarity, this observation does not aid con-
tention modeling. Meanwhile, results for prefill are similar
but omitted due to space constraints.

3.3.2 Worst-case Estimation for SLO guarantee. To
mitigate the risk of SLO violations caused by unpredictable
contention in online serving, MuxWIsE introduces a worst-
case latency estimation method tailored for SLO guarantees.
The key observation is that precise latency prediction is not the
only way to guarantee SLO. What matters is ensuring that the
latency of a scheduled phase, given its allocated compute re-
sources, does not exceed the predefined target. Thus, MUXWISE
performs worst-case estimation by first predicting its solo-
run latency, and then applying a maximum slowdown factor.

Solo-run predictor. To predict solo-run latency, we an-
alyze the compute complexity of prefill and decode, and
construct a predictor using offline profiling. The latency of
each prefill or decode iteration is determined by the token
lengths of the reused and new context. Table 2 summarizes
the compute analysis of the prefill and decode phases with a
batch size of 1. The key factors are as follows:

o d: The hidden dimension of each token’s representation.
o L: The total token length.

o r: The token length of the reused (cached) context.

e n =L — r: The token length of the new context.

Based on the complexity analysis in Table 2, we build la-
tency prediction models for the prefill and decode phases.
The prefill model is given in Equation 1, and the decode
model in Equation 2, where all 8 terms are coefficients. We
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separate the models because state-of-the-art serving frame-
works adopt different execution paths for these two phases,
including distinct GPU kernel implementations and launch
methods.

bs bs bs

TPrefillzel'anz‘+92‘zni‘ri+93'zni+94 (1)

i i i
bs

Tpecode = 01 - Z ri+ 0y - bs+ 05 (2)

i

The trained models achieve high accuracy, with a max-
imum deviation of 8.16% for prefill and 8.84% for decode,
effectively supporting MuxWIsE’s online scheduling. Mean-
while, the offline profiling for training the solo-run predictor
can be completed within a few hours, which is acceptable.
It is a one-time effort per LLM—-machine pair and has been
widely adopted in prior LLM serving work [1, 44, 53].

Contention guard. To provide the maximum slowdown
factor, MuxWIsE introduces the contention guard. Specifi-
cally, the contention guard provides slowdown factors only
for decode, which will be explained in §3.4.1. The contention
guard is built using data collected through grid-sampling-
based profiling. This profiling spans five variables: the num-
ber of new and reused tokens in prefill, the batch size, and
total reused tokens in decode, and the partition configuration.
For each pair of prefill and decode iterations to be estimated,
the contention guard returns the maximum slowdown factor
of the grid cell they fall into as the estimation result.

Building such a contention guard incurs much higher of-
fline profiling overhead than the solo-run predictor, since
pairwise profiling is needed to obtain slowdown data. For-
tunately, extensive profiling shows that slowdown remains
within a limited range, with a maximum of 20% on A100
GPUs and 30% on H100 GPUs. This indicates that even with
coarse-grained profiling, worst-case latency inflation does
not exceed 30%.

To this end, we initialize the contention guard using coarse-
grained grid sampling. Specifically, we sample variables such
as new and reused tokens in prefill, as well as single-request
reused tokens in decode batches, at powers-of-4 granular-
ity, ranging from 2K to 128K. The sampled decode batch
sizes follow SOTA serving frameworks (around 20 batch
sizes). We partition GPUs at the granularity of 16 SMs, yield-
ing 6 configurations for A100 and 7 for H100. In total, the
number of samples per LLM-machine pair is calculated as
(4x4—-1)x4x20%x6 ~ 7K, which can be collected within 12
hours. In the equation, we exclude the case with 128K new
and 128K reused tokens in prefill, since 128K is the maximum
context window supported by mainstream LLMs [5, 15].

The reason for using 16 SMs as the granularity are twofold:
(1) kernels on H100 and newer GPUs requires 16 SMs, due
to using new features like thread block cluster [3], and (2)

Yukang Chen et al.
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Figure 12. The dispatching policy of MUXWISE.

experiments indicate that 16 SMs already deliver strong per-
formance improvements. Finer-grained scheduling offers
little benefit while increasing memory overhead.

Furthermore, MUxWISE leverages runtime execution data
to continuously update the contention guard, thus refining
its SLO guarantees. Even with the coarse-grained contention
guard, MUXWIsE already outperforms existing baselines in
both SLO attainment and system goodput (§4).

3.4 SLO-aware Dispatcher

With bubble-less multiplexing and contention-tolerant mod-
eling, we introduce MuxW1isE’s detailed dispatching policy.

3.4.1 Priorities of prefill and decode. In this work, we
focus on the scheduling within a single serving instance.
In MuxWIsE, we prioritize SLO attainment for the decode
phase and process the prefill phase as early as possible. SLO
attainment for the prefill phase is not directly guaranteed for
two reasons. Firstly, although we prioritize the decode phase,
we only allocate just-enough compute resources for it. Since
the remaining compute resources are allocated to the prefill
phase, its SLO is generally expected to be met. Secondly,
when SLO violations occur for the prefill phase, it indicates
that the inference load has exceeded the peak capacity of
the current LLM serving instance. In such cases, further
scheduling efforts would no longer improve performance.
This is also why the contention guard in the contention-
tolerant estimator only provides a maximum slowdown fac-
tor for decode. When predicting the prefill phase, MuxWISE
does not need an accurate or worst-case estimate. It only
requires that the predicted latency of the launched prefill
layers exceeds that of the corresponding decode iteration,
ensuring full utilization of the allocated compute resources.

3.4.2 Dispatching policy. Building on the above analy-
sis, Figure 12 illustrates MuxW1ist’s SLO-aware dispatching
policy. The system makes scheduling decisions after each
prefill batch completes and at the end of each decode itera-
tion. Specifically, the dispatcher selects prefill layers either
from the ongoing prefill batch or from a new batch in the
request queue, and allocates compute resources between the
prefill and decode phases.

As shown in Figure 12, the dispatcher allocates a best-fit
number of SMs (60%) to decode and assigns the remaining
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SMs (40%) to prefill phase P0. The resource partition satisfies
the decode SLO and maximizes prefill throughput guided by
the contention-tolerant estimator. To support layer-wise ex-
ecution in the multiplex engine, the estimator computes the
number of prefill layers to launch as Npy. = [(T; X Nr)/Tp],
where Ty is the estimated decode latency, Tp is the estimated
prefill latency, and Ny is the number of transformer layers
in the served LLM.

Once PO finishes computation, it is merged into the decode
batch, increasing the batch size to 20. The scheduler then
retrieves a new prefill batch P1 and adjusts the partition to
20% SMs for prefill and 80% for decode to meet SLO targets.

Later, when a new prefill batch P2 arrives, it would nor-
mally wait for P1 to complete. However, because P1 has a
long input length, this delay risks violating P2’s SLO. To
avoid this, MUXWISsE allows P2 to preempt P1, provided that
preemption does not cause P1 to miss its own TTFT SLO.

MuxWIsE does not allow recursive preemption. For exam-
ple, after P2 preempts prefill batch P1, no other batch may
preempt P2. This design is reasonable, as short requests typ-
ically preempt long ones, and preempting a short request in
turn would likely cause it to miss its SLO. MuxWIsE checks
SLO attainment only when a prefill batch is preempted; oth-
erwise, it prioritizes processing the active prefill batch as
quickly as possible. Notably, preemption in MuxWISE is
optional. Even when disabled, MuxW sk still delivers sub-
stantial performance improvements over the baselines.

4 Evaluation
4.1 Experimental Setup

Testbed. We mainly evaluate MuxWISE on a server equipped
with 8 A100-80GB GPUs. The GPUs are interconnected via
NVLINK, providing 600 GB/s of bandwidth. We also evalu-
ate MUXWISE on two additional servers to demonstrate its
effectiveness on newer GPUs and larger LLMs: one with 8
H100-SMX5-80GB GPUs and another with 8 H200-SMX5-
141GB GPUs. These servers offer higher compute capability
and larger GPU memory. All experiments are conducted
with PyTorch 2.6.0 [31]. MUXWISE is implemented using
SGLang [52] version 0.4.10post2. The GPU driver version is
570.124.06, and the CUDA version is 12.8.

Models. We primarily evaluate MUXWIsE using two LLMs
from the Llama family [15, 37, 38]: Llama-8B and Llama-70B.
These models differ in size and represent the most com-
monly hosted LLMs in the cloud. We also evaluate a larger
MoE model, Qwen3-235B with 22B activated, to demonstrate
MUxWISE’s generality.

Baselines. We compare MUXWISE against 3 state-of-the-
art solutions for efficient LLM serving. Model parallelism
techniques such as tensor parallelism [51] are employed to
parallelize the deployed models. For MuxWIsE, we fix the ten-
sor parallelism degree to 8. Details of each baseline’s model
parallelism configuration are provided when the baseline is
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introduced. For all systems, the KV cache memory pool is

configured as large as possible to maximize throughput.

o Chunked-prefill in SGLang [1]: This version of SGLang
is equipped with chunked-prefill, as proposed by SARATHI-
Serve [1]. We follow SARATHI-Serve’s methodology to
calculate the token budget for each workload prior to ex-
periments. It is offline tuned under specific TBT targets
for each model. Unlike SARATHI-Serve, which serially ex-
ecutes prefill and decode attention kernels, SGLang lever-
ages Flashinfer [46], a high-performance inference kernel
library, to fuse them into a single kernel. It is expected to
deliver performance similar to POD-attention [21].

e NanoFlow [54]: This is an enhanced version of chunked-
prefill with operator-level intra-GPU multiplexing, target-
ing near-optimal throughput under a relatively loose SLO
requirement (200 ms). It requires a large token budget (at
least 1024) to achieve this goal. However, such a token
budget cannot meet the SLO requirements of modern LLM
serving (< 100 ms). We use the same token budget as
chunked-prefill for NanoFlow.

o LoongServe [44]: This is a dynamic disaggregated serving
system. We adopt its model-parallelism configuration. For
Llama-70B, sequence parallelism is set to 2 and tensor
parallelism to 4. For Llama-8B, sequence parallelism is set
to 4 and tensor parallelism to 2. It does not support new
LLMs like MoE models.

¢ Disaggregated serving in SGLang (SGLang-PD in short):
This is the latest implementation of static disaggregation
with KV-cache sharing across phases and requests. The
P:D ratio is 1:1, with tensor parallelism set to 4 for each in-
stance. DistServe [53] does not support KV-cache sharing
across requests, making it unsuitable for modern LLM ser-
vices. We also evaluated Dynamo [14], which performed
substantially worse than SGLang-PD. Therefore, we use
SGLang-PD as the state-of-the-art baseline of static disag-
gregation for evaluation.

Metrics. MuxWISE targets goodput improvement. So,
following prior works [1, 32, 34, 53], we use tail latency
(e.g., P99) to assess SLO attainment. Meanwhile, there is also
another metric to measure the SLO guarantee during decode
phase: TPOT (timer per output token). In comparison, TBT
accounts the latency of each individual token, whereas TPOT
is an average metric that may mask the poor performance
of some tokens [42]. Thus, we choose TBT over TPOT for
a stricter SLO metric. We set the TBT SLO target to 50ms
for Llama3-8B and 100ms for Llama3-70B, following prior
works [1, 34]. We regard MUxWIsE’s ability to deliver better
TTFTs under skewed workloads as an additional benefit
of the new serving paradigm. Moreover, it breaks the first-
come-first-serve model used in other baselines. Thus, we
only evaluate TTFT per token in §4.4.3.
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Figure 13. The two real-world workload traces after scaling.
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Figure 14. 99%-ile TTFT and TBT for Llama-8B and Llama-
70B on real-world Conversation and Tool&Agent work-
loads. Chunked represents chunked-prefill in SGLang. Values
marked with * are too large; we clip their corresponding bars,
so the bar height only decodes their relative size.

4.2 Evaluation on Real-world Workloads

4.2.1 End-to-end Performance. We begin by evaluating
MuxWisg with Llama-8B and Llama-70B under real-world
workload traces. Figure 13 shows their request rates after
scaling down, as they are originally from a large cluster. As
illustrated, they show bursty request patterns (up to 13X
spike within 1min).

Figure 14 shows the latency distribution of TTFT and
TBT. Although the real-world traces are scaled down to a
modest level, some baselines still easily reaches its peak
throughput and enters an unstable state (NanoFlow in Fig-
ure 14-(c) and LoongServe in Figure 14-(d)). After omitting
unstable results, MUXWIsE achieves average 99%-ile TTFT
speedups of 3.57X, 5.98X, 4.65X, and 1.66X over chunked-
prefill, NanoFlow, LoongServe, and SGLang-PD, respectively.
MuxWIsE and the two disaggregated solutions consistently
meet the TBT SLO, whereas chunked-prefill and NanoFlow
fails in most cases. SGLang-PD achieves shorter TBT than
MuUxWISE, as it statically reserves more compute resources
for the decode instance.

Compared to chunked-prefill, MuxW1sE avoids the dilemma
between SLO compliance and high utilization, bringing bet-
ter performance for both prefill and decode phases. While
tuning the token budget, we observe that either increasing or
reducing it fails for SLO guarantee. This is because the reused
length in prefill phase in the two workloads can reach up to
50K tokens. Further splitting the prefill into smaller chunks

Yukang Chen et al.

Table 3. Results of other metrics for Llama-70B on Conver-
sation workloads in Figure 14-(c).

| TTFT (s) | TBT (ms) | E2E(s) | TPOT (ms)
| Avg.| P50 | Avg. | TBT| Avg. | P50 | Avg. | P50

MuxWisE | 3.1 1.4 30.2 25.0 13.1 12.2 31.1 28.3
Chunked |12.0 7.2 453 493 27.0 233 469 457
NanoFlow |51.4 52.3 105.6 98.9 83.4 84.2 120.2 103.2
LoongServe | 17.7 14.7 61.0 58.3 384 358 62.3 60.6
SGLang-PD |7.38 3.95 329 325 184 164 335 33.2

does not help control the TBT. MuxWisE’s PD multiplexing
avoids this issue entirely.

NanoFlow performs worse than the original chunked-
prefill. This is because, built atop chunked-prefill, NanoFlow
is designed to overlap compute-bound kernels with memory-
bound or communication kernels. To achieve this, it re-
quires a large token budget (1024 in its paper) to ensure that
chunked-prefill as a whole remains compute-bound. How-
ever, in Figure 14, the token budget has to be reduced to 256
to meet TBT SLO targets, where chunked-prefill is no longer
compute-bound. The long reused context length in the two
evaluated real-world traces further makes chunked-prefill
harder to be compute-bound. Thus, NanoFlow degrades due
to overlapping memory-bound kernels.

The situation worsen for NanoFLow with Llama-70B in
Figure 14-(c&d). This could be attributed to the inherent
model weight reload of intra-GPU overlapping. NanoFlow
split each chunk into 2 nano batches , thus duplicating load-
ing for each decode iteration [54]. When evaluating with
Llama-70B, the reloading overhead is amplified due to the
larger model size. Conversely, MuxWIsE duplicates loading
only once during prefill, which typically co-runs with tens of
decode iterations. Because prefill is compute-intensive and
the reload is amortized over the entire phase, MUXWISE im-
poses negligible bandwidth pressure, which is marginal rela-
tive to its overall benefits. While NanoFlow performs poorly
on the two real-world workloads, it outperforms chunked-
prefill for short input sequences without cross-request con-
text length reuse(§4.3).

Against the two disaggregated solutions, MUxW1isE achieves
significantly better TTFT. In LoongServe, instance scaling
releases the KV cache needed for reuse in the prefill phase,
causing redundant recomputation. In SGLang-PD, static dis-
aggregation often leaves decode instances idle under fluc-
tuating real-world workloads. In contrast, MUxWIsE avoids
KV migration and adapts to dynamic workloads through
intra-GPU compute partition reconfiguration.

4.2.2 Other Latency Metrics. In this experiment, we re-
port results for other metrics, such as end-to-end latency and
TPOT. We also present these results using other statistical
measures, including average and P50 values. Table 3 shows
the results on the Conversation workload with Llama-70B,
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Table 4. Results of other metrics for Llama-70B on
Tool&Agent workloads in Figure 14-(d).

| TTFT (s) | TBT (ms) | E2E (s) |TPOT (ms)
| Avg.| P50 | Avg. | P50 | Avg.| P50 | Avg.| P50

MuxWisE | 1.3 1.0 27.2 241 4.0 1.6 33.1 27.7
Chunked | 24 1.1 305 21.2 55 23 459 471
NanoFlow | 2.8 1.2 58.8 424 74 25 703 626
LoongServe | 59.9 56.0 52.4 50.8 65.2 61.0 56.2 54.6
SGLang-PD| 2.1 1.5 31.6 31.0 52 23 37.1 337

while Table 4 shows the results on the Tool&Agent workload
with Llama-70B in §4.2.1. Results in other settings are similar
and are omitted due to space constraints.

As shown in the two tables, while MuUxWI1sE focuses on
improving high goodput, it also consistently outperforms
the baselines across the reported metrics. There is only one
outlier in the P50 TBT of Table 4, and the values are very
close. This can occur because the P50 TBT in chunked-prefill
may correspond to the latency of a pure decode iteration.

4.2.3 SLO Attainment and Goodput. We also measure
the SLO attainment of TBT and the corresponding goodput
to evaluate the effectiveness of MuxWIsE in meeting SLO
compliance. In this experiment, we extract requests from
the Tool&Agent trace but replace their arrival timestamps
with those generated by a Poisson process at varying rates,
following prior work [44]. We stop testing once the serving
system becomes unstable or fails to meet the TBT SLO target.
Figure 15 shows the SLO attainment results under grad-
ually increasing workloads. Under the constraint of meet-
ing the 99%-ile SLO guarantees, MUXWISE achieves 2.6X,
5.2%, 2.0%, and 1.3x higher goodput than chunked-prefill,
NanoFlow, LoongServe, and SGLang-PD, respectively for
Llama-8B; and 3.06X, 2.62X, and 1.62X higher than chunked-
prefill, LoongServe, and SGLang-PD for Llama-70B. NanoFlow
never meets the SLO even with a small chunk size of 64 for
Llama-70B; therefore, the corresponding goodput improve-
ment is omitted. Table 5 further shows the corresponding
token thorughput and GPU utilization of MuxWIsE and base-
lines. GPU utilization is an aggregated metric reported by
NVIDIA Nsight Systems, that reflects the fraction of active
SMs as well as the utilization of intra-SM resources.
Chunked-prefill, and NanoFlow fails to meet the TBT SLO
even at lower request rates than the other two baselines. This
is because chunking is largely ineffective at reducing TBT in
real-world LLM services, where cross-request interactions
are common. Compared to LoongServe, MUXWISE achieves
higher goodput by avoiding recomputation in multi-turn re-
quests. Compared to SGLang-PD, MuxWIsE achieves higher
goodput through a larger KV-cache pool and reduced idle-
ness caused by static disaggregation. Meanwhile, MUXWISE
achieves shorter TTFT across all cases (up to 9.16X).
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Figure 15. SLO attainment for Llama-8B and Llama-70B on
Tool&Agent workload with varied request rates.

Table 5. Token throughput and GPU utilization for Llama-
8B and Llama-70B on Tool&Agent workload under Goodput.

Model ‘ Llama-8B Llama-70B

Metrics ‘ Token/s  GPUUtil.  Token/s  GPU Util.

MuxWIsE | 25397 88.1 7430 84.0
Chunked 9768 63.8 2269 66.1
NanoFlow | 4884 55.1 - -

LoogServe | 12698 75.3 2936 70.1

SGLang-PD| 19535 P(72.4)/D(83.4) 4538 P(67.1)/D(81.9)
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Figure 16. 99%-ile TTFT and TBT for Llama-8B and Llama-
70B on a server with 8 H100 GPUs and 99%-ile TTFT and
TBT for Qwen-235B on a server with 8 H200 GPUs.

4.2.4 More Advanced GPUs and Larger LLM. To demon-
strate MUxWIsE’s effectiveness on other GPUs and LLMs, we
evaluate it with Llama-8B and Llama-70B on a server with
8 H100 GPUs, and with Qwen-235B on a server with H200
GPUs. In this experiment, we only compare MUuxWIsE with
chunked prefill. LoongServe does not support new MoE mod-
els like Qwen-235B, and disaggregated serving solutions are
also infeasible for Qwen-235B, even though each H200 has
141 GB of GPU memory. Figure 16 shows the experimental
results. Across all cases, MUXWISE achieves an average 2.28%
speedup on 99%-ile TTFT and an average 1.81X speedup on
99%-ile TBT. These consistent improvements demonstrate
the generality of MUXWISE’s serving paradigm across di-
verse hardware and larger, newer LLMs.
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Figure 17. 99%-ile TTFT and TBT with Llama-70B on three
types of synthetic workloads.

4.3 Evaluation on Diverse Synthetic Workloads

To better demonstrate MuxWIskg’s effectiveness, we further
evaluate it under three synthetic workloads. In the rest of the
evaluation, we focus on Llama-70B due to space constraints,
as results on other models are similar. Requests are generated
by sampling inputs from ShareGPT [4], Openthoughts [17],
and LooGLE [25], with arrival rates gradually increased fol-
lowing a Poisson process. Among these, only Openthoughts
requests share a short system prompt. We select these work-
loads because they represent three typical patterns: moderate
input and output, short input with ultra-long output, and
ultra-long input with short output.

Figure 17 shows 99%-ile TTFT and TBT of MuxWIsE and
three baselines. On ShareGPT, MuxWIsE achieves goodput
improvements of 1.9%, 1.73x%, 9.5X, 1.46X over chunked-
prefill, NanoFlow, LoongServe, and SGLang-PD, respectively.
On LooGLE, it achieves 1.71X, 2X, 1.33X%, 2X over the four
baselines. On Open-Thoughts, it achieves the same 2Xx im-
provement over chunked-prefill, NanoFlow and SGLang-PD,
while Loongserve never meets SLO.

On ShareGPT, MuxWIsE, chunked-prefill, NanoFlow, and
SGLang-PD all provide SLO guarantees at the beginning.
SGLang-PD even achieves better TBT than MuxWIsE, as
it statically reserves more compute. In contrast, MUXWISE
delivers shorter TTFT by reserving only best-fit SMs for
decode. On OpenThoughts, LoongServe performs worse than
the others, as it is designed for long-context workloads rather
than requests with short inputs and long outputs.

NanoFlow outperforms chunked-prefill only on ShareGPT.
On OpenThoughts, the system spends most of the time in the
decode phase. Therefore, NanoFlow splits decode iterations
to enable overlapping, leading to higher TBT than chunked-
prefill. On LooGLE, it performs worse due to the small token
budget used for long requests.

We also observe that SGLang-PD performs much worse on
OpenThoughts and LooGLE than on ShareGPT. The causes
differ across workloads. For OpenThoughts, since requests
share little context, the system must still reserve slots for
KV caches during prefill and decode. As the request rate
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Figure 18. Change in compute partition between prefill and
decode on LooGLE, ShareGPT, and OpenThoughts. Figures
are sorted in descending order of prefill compute demand.

increases, prefill stalls once the KV cache pool runs out of
space. For LooGLE, only four GPUs are available for prefill,
causing requests to queue in the prefill instance.

4.3.1 Short Requests and Single GPU. Running Llama-
8B on an A100 with ShareGPT, MuxWIsE improves goodput
by 1.2x over chunked-prefill while maintaining similar TBT.
This is because even when chunking rarely happens, sat-
isfying a strict TBT SLO still forces chunked-prefill to use
a small token budget, limiting GPU utilization and peak
goodput. Notably, real-world conversation inputs are becom-
ing significantly longer (e.g., 1.2K and 2.3K tokens in two
recent conversation traces from cloud vendors [35, 41], com-
pared with 226 tokens in the older ShareGPT dataset). The
conversation in our evaluation is a multi-turn real-world
trace, whose average length approaches to 7.5K. This trend
is driven by the widespread adoption of techniques such as
RAG [24], which increase the effective model input length
by appending retrieved sequences to the user input.

4.4 Ablation Study

4.4.1 Scheduling details of different tasks. We further
evaluate MUXWISE’s dynamic scheduling of compute parti-
tions by extracting scheduling details from runtime serving
in §4.3. As shown in Figure 18, MuxWIsE makes different
scheduling decisions for different workloads. On LooGLE,
most SMs are allocated to prefill, while on OpenThoughts,
MuxWisE allocates the majority of SMs to decode. Results
on ShareGPT lie between LooGLE and OpenThoughts. Over-
all, however, more SMs are allocated to prefill on ShareGPT,
since decode is typically memory-bound and does not require
as many SMs as prefill. Notably, we use Figure 18 to show
that different partitions are required for different workloads.
They are relatively static because the request rate is stable. In
real-world traces, the workload could be bursty. Experimen-
tal results show that, during a bursty interval in Figure 13,
MuxWIsE activated all the six configurations within 30s.
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and without bubble-less mul- token with and without pre-
tiplexing. emption.

4.4.2 Effectiveness of Bubble-less Multiplex Engine.
As shown in Figure 9, bubbles commonly occur in the green
context created for decode. In this experiment, we compare
the TBT of MuxWIsE against its two variants. First, we dis-
able layer-wise scheduling. Second, we further disable the
query-based synchronization optimization. The workloads
used are Tool&Agent under two different request rates.

Figure 19 presents the experimental results. As shown in
the figure, disabling layer-wise execution slightly increases
the TTFT of decode by approximately 10ms, which aligns
with the typical kernel launch time for the prefill phase of
Llama-70B. When query-based synchronization is further
disabled, MuxW1sE suffers a significant degradation, 314ms
for Llama-8B and 672ms for Llama-70B, due to frequent stalls
waiting for the prefill phase to complete.

For further evaluation, we also collect the bubble ratio
of MuxWIsE and chunked-prefill for the goodput results
in Figure 15-a by profiling them with the NVIDIA Nsight
Systems. The interval of the CUDA stream in the profiled
timeline is treated as a bubble when it is not occupied by
any GPU kernel. The bubble ratio is then defined as the
proportion of all such bubbles in the compute stream. Since
MuxWIsE has two active concurrent streams, we compute
the bubble ratio for each stream and report their average as
the final result. Notably, the bubble ratio is a temporal metric
and does not reflect how GPU kernels utilize the parallel
GPU resources they occupy.

MuxWIsE has a slightly higher bubble ratio (7.7% vs. 4.5%)
due to its fine-grained kernel scheduling. These extra bub-
bles occurs when the system is purely processing decode
iterations and all prefill layers are completed. Fortunately,
these bubble do not degrade goodput, as there are no pending
prefill launches and the decode iteration SLO is not violated.
The reported GPU utilization in §4.2.3 also prove this.

4.4.3 Preemptive Scheduling for Long Request. We
evaluate the benefit of the bubble-less multiplex engine for
preemptive scheduling by mixing requests from ShareGPT
and LooGLE (50% each). Requests are generated at a rate of
0.5 per second following a Poisson process. Figure 20 shows
the CDF of TTFT per token with and without preemptive
scheduling. As shown, MuxWIsE achieves a 1.96X speedup
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on the 99%-ile TTFT per token, demonstrating that it can
also be configured to support more advanced SLO-aware
scheduling policies.

4.5 Overhead for Realizing PD-Multiplexing

Memory. MuxWIsE introduces some memory overhead
by integrating GreenContext into existing serving systems.
Creating a group of green contexts requires only 4MB, which
is negligible compared to the total memory of modern GPUs.
However, integrating it with CUDA Graph incurs a 6.2%
overhead for both Llama-8B and Llama-70B on servers with
8 A100 or 8 H100 GPUs. This arises because the serving sys-
tem records kernel launches for each decode-phase batch
size into a CUDA Graph, consuming extra GPU memory.
In MUxWISsE, there are six partition configurations in total,
and each decode-phase compute partition created by Green-
Context adds memory usage for all recorded batch sizes.
Given the impressive performance gains of MUXWISE, this
overhead is acceptable.

Runtime. MuxWIsE splits the prefill phase into multiple
prefill layers to enable bubble-less scheduling. This may
introduce extra overhead due to fine-grained kernel launches.
We conduct an experiment to compare full prefill launching
with layer-wise launching, where the prefill phase is split into
the finest granularity. Across various configurations with
different batch sizes and context lengths, the total overhead
remains within 1.5%.

5 Discussion

Generality of MuxWise. MUuxWISE generalizes to ac-
celerators that support intra-process spatial sharing with
lightweight dynamic adjustment, such as GreenContext [10]
on NVIDIA GPUs (supported since the Pascal architecture)
and hipExtStreamCreateWithCUMask() on AMD GPUs.

Contexts where MUXWISE excels. MUXWISE targets
scenarios with strict SLO guarantees (e.g., a decode-phase
SLO below 100ms). This is also the prevailing trend for
achieving Model-as-a-Service in LLM serving. In this set-
ting, MUXWISE excels over existing works due to its efficient,
fine-grained, and dynamic resource management between
the prefill and decode phases. When the SLO target is loose
or absent, such as in offline serving, MuxW1isE has no oppor-
tunity to outperform baselines such as chunked-prefill [55]
or NanoFlow [54].

Large-scale deployment. While MUXxWISE is a single-
instance optimization for high-goodput LLM serving, it can
still benefit large-scale distributed deployments. In such de-
ployments, MuxWISE is complementary to disaggregated
serving, as it optimizes each individual instance. Specifi-
cally, low-utilization decode instances could be replaced
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with MuxWISsE instances to exploit idle resources via spa-
tially multiplexing prefill. If prefill instance serves short re-
quests—resulting in low utilization—or multiplexing decode
on it does not violate TTFT SLO, it can be also utilized for
higher efficiency. However, when prefill instances consis-
tently handle long requests (e.g., using chunked pipeline
parallelism [34]) or decode multiplexing violates TTFT SLO,
MuxW sk offers limited benefit.

6 Related Work

Multiplexing in LLM Serving. There are also prior
works [16, 29] that multiplex the prefill and decode phases in
LLM serving. WindServe [16] multiplexes prefill and decode
using a normal CUDA stream, which leads to uncontrol-
lable contention. It also does not address bubbles during
scheduling. Our prototype implementation of WindServe
shows that, on ShareGPT, MuxWI1sE achieves a 1.61X good-
put improvement under a 50ms TBT SLO on an A100 with
Llama-8B. Tropical [29] replaces the decode instance in dis-
aggregated serving with temporally multiplexed prefill and
decode. It launches a full prefill only when sufficient slack
exists. When developing MuxW1sE, we implemented an en-
hanced temporal-only variant that splits prefill into layers to
fit small slacks. It performs at least 20% worse than MUXWIsE
because it cannot spatially leverage wasted resources. There
are also two similar community works [18]. Semi-PD [18]
utilizes MPS for multiplexing. MPS enables inter-process spa-
tial sharing but requires process restarts to adjust SM allo-
cations. Semi-PD mitigates this by introducing a resident
process and two additional inference engines, which adds
significant complexity to existing frameworks. Bullet [28]
relies on libsmctrl [7] to control SM allocation. While Bul-
let claims that it can dynamically change the SMs allocated
to each CUDA graph, our trials with Bullet’s open-sourced
implementation show that the SM allocation for each CUDA
graph does not change. This also aligns with the claim in
libsmctrl [7] that it does not work with CUDA graph.

Compute management in LLM serving. There are two
main approaches to compute management for improving
system throughput under SLO constraints: disaggregation-
based and fusion-based methods. On the one hand, Dist-
Serve [53] and Splitwise [32] disaggregate LLM serving into
separate prefill and decode instances, while LoongServe [44]
improves adaptability by enabling dynamic switching be-
tween the two at runtime. On the other hand, chunk-prefill [2]
splits the prefill phase into chunks and fuses each chunk with
a decode iteration for execution. However, disaggregation-
based methods incur significant resource waste due to the
coupled management of compute and memory, whereas
fusion-based methods fail to fully maximize system through-
put under SLO constraints. In contrast, our work decouples
compute and memory management and maximizes goodput
through spatial multiplexing.

Yukang Chen et al.

Memory management in LLM serving. To improve sys-
tem throughput in multi-turn or context-heavy LLM work-
loads, several systems propose memory management tech-
niques. PagedAttention [23] introduces a paged memory
pool to enable KV cache reuse between prefill and decode
phases. Parrot [26] and SGLang [52] leverage context-aware
caching to maximize reuse of KV segments across requests.
MuxWisk enhances these approaches by preserving memory
sharing across phases and requests.

Execution time modeling. Performance modeling under
spatial sharing is highly challenging, and prior efforts[22, 36,
48, 49] mainly focus on predicting interference for specific
operators. GPUlet[9] uses linear regression with L1 cache
utilization and DRAM bandwidth as input features to esti-
mate performance interference among colocated operators.
HSM[50] and GDP[20] also adopt linear regression based on
low-level metrics in the simulator for operator slowdown
prediction.

Compute partition techniques. Existing GPU partition-
ing techniques can be broadly categorized into time-sharing
and space-sharing approaches. Time-sharing is typically im-
plemented via API remoting [8, 27]. However, time-sharing
alone is insufficient to meet MUXWISE’s requirements, as
the prefill and decode phases already interleave in a time-
sharing manner. In contrast, NVIDIA provides MPS [13],
MIG [12], and GreenContext [10] for spatial sharing. MPS
and MIG support inter-process spatial multiplexing, while
GreenContext [10] enables intra-process spatial multiplexing
with precise SM partition [11]. MuxWIsE builds on Green-
Context to implement its PD multiplexing approach.

7 Conclusion

LLM services requires high goodput, yet existing serving sys-
tems struggle due to various deficiencies. To address these is-
sues, we present MUXWIsE, an LLM serving framework with
high goodput. MuxW1sE leverages a promising new serving
paradigm, intra-GPU PD multiplexing, to achieve more flexi-
ble compute management for prefill and decode phases in
LLM serving. Experiments show that MuxWISE improves
goodput by 2.2X on average over state-of-the-art baselines.
Despite the notable performance improvement, MUXxWISE
also introduces a simple yet effective design for current LLM
serving systems. We plan to open-source MUXWISE after
publication.
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Prefill-decode Multiplexing

A Artifact Appendix
A.1 Abstract

MuxWIsE is an LLM serving framework adopting intra-GPU
prefill-decode multiplexing, which is built on the top of
SGLang[52]. We provide the source code of MUXWISE and
scripts to reproduce comparison of chunked-prefill. This ap-
pendix includes instructions for reproducing similar data in
Figure 16 and Figure 17.

A.2 Artifact check-list (meta-information)

e Model: CodeLlama-34b-Instruct-hf.

e Data set: ShareGPT [4] and LooGLE [25].

Hardware:

NVIDIA H200 NVL (140 GB, 132 SMs)

NVIDIA driver: 580.65.06 (must be greater than 570)

Experiments: This appendix provides instrucitons for com-

paring 99%-ile TTFT and 99%-ile TBT MUXWISE between

MuxWiske and chunked-prefill under various workload.

Metrics: 99%-ile TTFT, 99%-ile TBT

e Output: Jsonl files containing metrics from MuxW1ise and
chunked-prefill with different chunk size.

¢ How much disk space required (approximately)?: Ap-
proximately 200GB

e How much time is needed to prepare workflow (ap-
proximately)?: About 10 minutes to build from source
code.

e How much time is needed to complete experiments
(approximately)?: About 2 hours for ShareGPT workload
and 4 hours for LooGLE workload.

e Publicly available?: Yes.

A.3 Description

A.3.1 How to access. The source code of MUXWISE is
available for download on Zenodo: https://zenodo.org/records/
18062118. The pre-built Docker image can be found in: https:

//hub.docker.com/layers/combathhhhhh/pdmux/sglpr_torch2.

6_bench

A.3.2 Hardware dependencies. Requires an x86-64 Linux
host with at least 200 GB of free disk space, and an NVIDIA
H200 NVL GPU (140 GB, 132 SMs).

A.3.3 Software dependencies. NVIDIA driver: 580.65.06
(must be greater than 570).

A.3.4 Datasets. ShareGPT: chatbot tasks, with an average

input length of 226 and average output length of 195.
LooGLE: long-context understanding tasks, with an aver-

age input length of 30k and average output length of 15.

A.3.5 Models. CodeLlama-34b-Instruct-hf.

A.4 Installation

Please follow the instructions below, which are adapted
from our GitHub repository (https://github.com/ykcombat/
sglang/tree/slo_config):

# 1. Clone the repository and switch to the slo_config branch

ASPLOS °26, March 22-26, 2026, Pittsburgh, PA, USA

git clone https://github.com/ykcombat/sglang.git
cd sglang
git checkout slo_config

# 2. Build SGLang
pip install --upgrade pip
pip install -e "python"

A.5 Experiment workflow

Our experiments focus on comparison between MUuxWIsg
and chunked-prefill.

1. Download the required LLM model(CodeLlama-34b-
Instruct-hf) to /workspace/data.

2. Start MUXWISE or chunked-prefill server. You can
change the environment virable $CHUNK_SIZE to
start chunked-prefill server with different token bud-
gets.

# 1. Start MuxWise Server
./start_pdmux.sh

# 2. Start Chunked-prefill Server
./start_chunk.sh

3. Start evaluating in another terminal.

# 1. Evaluate MuxWise on ShareGPT and LooGLE
./bench_pdmux. sh

# 2. Evaluate Chunked-prefill on ShareGPT and LooGLE

./bench_chunk. sh

A.6 Evaluation and expected results

When all experiments done, you will obtain jsonl files con-
taining detailed metrics under /workspace/sglang. To vi-
sualize the results, run plot.ipynb; this will generate fig-
ures similar to the reference plot provided at /workspace/
sglang/H200_result.png. Please note that results may vary de-
pending on the specific hardware used. You can refer to https:
//github.com/ykcombat/sglang/blob/slo_config/README.md
for more information.

A.7 Notes

When serving different workloads, different configurations
are used, which can be found in our repository.
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