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ABSTRACT requests can change substantially over time [14, 15]. @ Prefix reuse

As LLM context windows expand and input sequences grow
longer, serving systems face increasing computational and mem-
ory demands. Context parallelism (CP), which partitions the input
sequence across multiple ranks to parallelize the computation, has
therefore become increasingly important for efficient LLM serv-
ing. However, existing CP-enabled systems either rely on static CP
configurations or adjust the CP degree only for active requests or
batches. In this paper, we present Vertumnus, an adaptive CP serv-
ing system designed for heterogeneous and evolving workloads.
At the request level, Vertumnus routes requests among workers
with different CP degrees using a placement cost that combines
predicted queuing delay, cache-aware prefill time, and GPU-time
cost. At the cluster level, Vertumnus adapts the worker composi-
tion through seconds-scale split and merge operations as workload
demand changes. Vertumnus further introduces a global prefix-
cache management policy that coordinates cache placement and
replication among workers with the same or different CP degrees,
preserving cache locality as request assignments and worker com-
position change. Experiments on a 64-GPU cluster with public and
production workloads show that, under the highest evaluated loads,
Vertumnus reduces mean TTFT by up to 28.1% and improves token-
weighted SLO attainment by up to 13.3 percentage points over the
strongest baseline.

1 INTRODUCTION

Recent years have witnessed remarkable advances in large lan-
guage models (LLMs), driven by rapid improvements in model
capabilities, context length, and model scale [1-3]. LLMs are now
powering a diverse range of applications, e.g. conversational as-
sistants [4], retrieval-augmented generation [5], long-document
understanding [6], and autonomous agents [7]. As LLMs become
deeply integrated into products and enterprise workflows, LLM in-
ference is increasingly delivered as a continuously available online
service rather than executed only as isolated offline tasks [8, 9],
placing LLM serving on the critical path of production applications.

Therefore, efficient LLM serving systems have become a critical
component of modern Al infrastructure [10-12]. In production,
the workloads handled by these systems exhibit three important
characteristics. @ Request lengths are highly heterogeneous. Con-
ventional question-answering requests may contain only a few
hundred tokens, whereas document analysis, retrieval-augmented
generation, and complex agentic requests may contain tens of thou-
sands of tokens or more [13]. @ Workloads are temporally dynamic.
Both the request arrival rate and the composition of short and long
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is becoming increasingly prevalent. Shared system prompts, multi-
turn conversations, and agent/subagent workflows often produce
long repeated prefixes, making prefix caching critical for avoid-
ing redundant prefill computation [16-18]. Efficiently serving such
workloads requires matching computational resources to both indi-
vidual requests and evolving aggregate demand, while exploiting
prefix reuse and maintaining overall GPU efficiency.

These requirements become particularly demanding for long-
context requests. As context lengths continue to grow, context
parallelism (CP)! has emerged as an important technique for ac-
celerating long-context processing [19-21]. In CP, the input tokens
of a request are partitioned across multiple ranks, each mapped to
one GPU, and the attention computation is distributed among these
ranks. This allows long requests to exploit the compute capacity
of multiple GPUs and reduce per-GPU memory pressure, poten-
tially reducing time-to-first-token (TTFT) at the cost of additional
cross-GPU communication and a larger resource footprint.

Like workload intensity and prefix-cache locality, the CP degree
is an important factor that a serving scheduler must consider. Dif-
ferent CP degrees induce different request latency, communication
overhead, GPU consumption, and aggregate serving capacity. How-
ever, to the best of our knowledge, the current landscape leaves
three important gaps. First, most existing LLM serving systems ei-
ther lack support for CP or do not treat the CP degree as a first-class
scheduling dimension [22-24]. Their scheduling policies typically
optimize request characteristics, cache locality, or worker load with-
out modeling how these factors interact with the CP degree. Sec-
ond, systems that support CP commonly determine each worker’s
CP degree at deployment time [25]. When workers with multiple
CP degrees coexist, GPUs are statically partitioned among persis-
tent CP workers. Since requests are usually routed using offline
profiles and length-based rules, such static provisioning cannot
adapt the worker composition to workload evolution. Moreover,
routing solely by input length may be suboptimal, as it ignores
worker-specific prefix reuse and current load. Third, although re-
cent systems dynamically adjust CP at request, batch, or iteration
granularity, their adaptation is tied to active executions rather than
a persistent worker composition [26, 27]. Therefore, they do not
determine how a fixed GPU budget should be distributed across
CP degrees as aggregate demand evolves. Moreover, transient rank
groups hinder prefix reuse because they provide no stable workers
for retaining cached prefixes and routing future requests.

1Some early works use sequence parallelism (SP) to refer to attention-level sequence
partitioning, which we call CP. In this paper, CP partitions the input sequence and
attention computation across ranks, whereas SP refers to partitioning the activations
of non-matrix-multiplication operations, such as LayerNorm and dropout, along the
sequence dimension.
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Figure 1: An example of context parallelism when C = 4.

To address these limitations, we propose Vertumnus?, an adap-

tive serving system that treats the CP worker composition as a
cluster-wide, dynamically controllable resource. Vertumnus coor-
dinates CP execution at two timescales. At the request level, its
scheduler routes each incoming request among persistent CP work-
ers by minimizing a model-based placement cost, which combines
predicted queuing delay, cache-aware prefill time, and the GPU-
time cost of the selected CP degree. At the cluster level, Vertumnus
monitors workload conditions and reconfigures the worker compo-
sition within seconds; it uses in-place split and merge operations
that require neither process restarts nor model-weight reloads. To
maintain cache locality under heterogeneous and changing CP de-
grees, Vertumnus further provides a global prefix-cache manager
that coordinates prefix placement, replication, and reclamation
among workers with the same or different CP degrees. Together,
these mechanisms allow Vertumnus to improve serving capacity
under a fixed GPU budget while satisfying service-level objectives
(SLOs) under dynamic and prefix-intensive workloads.
In general, the paper makes the following contributions:

e We develop a cache-aware prefill-time model and incorporate
the CP degree into request scheduling across heterogeneous
workers. The scheduler jointly accounts for worker load, prefix
reuse, CP-dependent performance, and GPU-time cost.

o We design a cluster-level controller that adjusts the CP worker
composition as the workload changes. It splits and merges work-
ers within seconds to better match the available parallel capacity
to current serving demand.

e We design a global prefix-cache manager that preserves locality
as request assignments and CP worker composition change. It
adapts prefix placement and replication within and across CP
degrees as reuse patterns evolve.

e We implement Vertumnus and evaluate it with public and pro-
duction workloads. The results show that Vertumnus reduces
mean and P90 TTFT by up to 28.1% and 55.0%, respectively, and
improves token-weighted TTFT SLO attainment by up to 13.3
percentage points.

2 BACKGROUND AND MOTIVATION

2.1 Context Parallelism

Modern LLMs employ diverse attention mechanisms, including
dense, sparse, linear, and hybrid variants [1, 28—-30]. Context par-
allelism (CP) parallelizes long-sequence attention by partitioning
the input tokens and their associated attention computation across
multiple ranks, each mapped to one GPU. Given an input sequence

2Vertumnus is the Roman god of change and transformation. It reflects the system’s
ability to adapt to evolving workloads across multiple timescales.
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Figure 2: Effects of CP on inputs with different lengths.

x = (X0, ...,Xn-1), standard causal self-attention [31] computes

T

Attn(Q, K, V) = softmax (QI; + M) v,

h
where Q, K, and V denote the query, key, and value representa-
tions, respectively; dj, is the dimension of each attention head; and
M;; = 0 for j < iand M;; = —oo otherwise. The resulting valid
attention region is triangular, with later query blocks involving
more computation than earlier ones.

One implementation of CP addresses this imbalance through
zigzag sequence partitioning [25, 32]. As illustrated in Figure 1, for
a CP degree of C, the input sequence is padded, if necessary, to a
multiple of 2C and evenly divided into 2C contiguous chunks. Rank
k receives the k-th and (2C — 1 —k)-th chunks fork =0,1,...,C—1,
pairing an early chunk with a late chunk to balance the attention
workload. Each rank computes the query, key, and value represen-
tations for its local tokens and performs an Al1Gather to collect
the key and value representations across all ranks. It then computes
attention for its local queries over all causally visible key-value
states. Finally, the local outputs are restored to their original se-
quence order and concatenated, producing a result equivalent to
single-rank causal attention. Besides this zigzag-partitioned design,
several alternative CP execution schemes have also been proposed
[20, 21, 33, 34], and CP has been widely adopted in large-scale LLM
training [19, 35-37].

For LLM inference, CP is particularly beneficial during the prefill
stage, which processes the input sequence and constructs the KV
cache before token generation. By executing a request across the C
ranks, CP increases the aggregate compute resources available to
the request, thereby reducing its prefill latency and potentially im-
proving its TTFT. However, a larger CP degree also introduces addi-
tional communication and occupies more GPUs. Its benefit therefore
depends strongly on input length: short inputs may not provide
enough computation to amortize the communication overhead,
whereas long inputs generally benefit more from the additional
parallelism. As shown in Figure 2, we report the prefill speedup of
different CP degrees relative to single-rank execution without CP
(i.e., C = 1) for the Qwen3-30B-A3B model [38]. For short requests,
CP provides little benefit and can even increase prefill time because
its communication and synchronization overheads outweigh the
reduction in attention computation. Its benefit grows substantially
with input length: at 64K tokens, C = 4 and C = 8 achieve approxi-
mately 2.71x and 3.91x speedups, respectively. Thus, a larger CP
degree can substantially reduce the prefill latency of long requests,
but may consume additional GPUs without providing latency ben-
efits for short requests, creating a fundamental trade-off between
prefill latency and aggregate serving capacity.
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Figure 3: Temporal dynamics of a production LLM workload.

2.2 Prefix Caching under Context Parallelism

LLM inference generally consists of two stages: prefill and de-
code. The prefill stage processes the input sequence and generates
the key-value (KV) states for its input tokens, while the decode
stage autoregressively generates new tokens and appends their KV
states to the existing cache [39-41]. KV caching retains these states
so that each decode step does not need to recompute the represen-
tations of preceding tokens [42, 43]. Prefix caching extends this
reuse across requests, allowing requests in multi-turn interactions
or requests sharing common prefixes to reuse previously computed
KV states [17, 44]. By retaining their KV states for future requests,
prefix caching reduces redundant prefill computation at the cost of
additional memory consumption [45, 46].

Prefix caching reduces the computation for CP-based prefill. Let
L = P +R denote the total input length, where P is the cached prefix
length and R is the uncached suffix length. Upon a prefix hit, the
prefix KV states are reused, and only the R uncached tokens undergo
projection, feed-forward, and attention computation. Because the
uncached queries attend to both the cached prefix and preceding
uncached tokens, the remaining attention workload is

W(R,P) =RP + (1)

R(R+1)
—
The two terms capture attention from the uncached queries to
the cached prefix and causal attention within the uncached suffix,
respectively. As the cached prefix grows, CP has less remaining
computation to parallelize, while its communication and synchro-
nization overheads may not decrease proportionally. Consequently,
alarger CP degree may provide substantial benefits for an uncached
request but only limited benefits for the same request after a large
prefix hit. Moreover, the cached KV states must be available at the
selected worker and partitioned across its ranks, making their place-
ment and reuse dependent on the worker’s CP degree. Therefore,
selecting an appropriate CP degree requires considering both the
cached prefix and the uncached suffix rather than the original input
length alone.

2.3 Motivating Observations

To understand the workload characteristics encountered in de-
ployment, we analyze a representative 24-hour traffic trace collected
from our production LLM serving system. Figure 3 summarizes the
temporal variation in its request-length composition, request arrival
rate, and prefix-cache reuse.

Observation 1: Long requests are sparse in count but large
in token volume. We classify requests with more than 32K input

tokens as long requests. As shown in Figure 3(a), long requests ac-
count for approximately 4% to 8% of request arrivals, yet contribute
about 32% to 54% of the input tokens over the day. Long requests
generally benefit more from larger CP degrees because they can
better amortize CP communication overheads, whereas assigning
larger degrees to short requests occupies more GPUs with limited
latency benefit. Consequently, request count alone understates the
resource significance of long requests: even a small change in their
frequency can materially change the aggregate prefill compute
demand and the worker composition required to sustain it.

Observation 2: Request arrival rate varies substantially
over time. As shown in Figure 3(b), the request arrival rate changes
by more than threefold between off-peak and peak periods. During
off-peak periods, lower concurrency pressure allows more GPUs
to be assigned to individual requests to reduce their latency. Dur-
ing peak periods, however, a worker composition containing too
many larger-degree workers provides fewer independent serving
lanes and may limit aggregate serving capacity. Consequently, a
worker composition that is effective under light load may become
a bottleneck as the request arrival rate increases.

Observation 3: Prefix-cache reuse is common and dynamic.
We define the token-level prefix-cache hit rate as the fraction of
input tokens covered by prefix-cache hits. As shown in Figure 3(c),
this hit rate varies between approximately 35% and 55% over the
day. Prefix hits reduce the amount of computation remaining for CP
and change the relative benefit of different CP degrees. Moreover,
cache contents are worker-specific, even among workers with the
same CP degree, while changes in worker composition may require
cached KV states to be transferred or reconciled across workers.
Request placement and worker reconfiguration must therefore both
account for the current prefix-cache state.

3 PROBLEM DEFINITION

3.1 System Model

We consider the prefill pool of a P/D-disaggregated LLM serving
system with a fixed budget of G GPUs. A persistent serving unit
with CP degree C is referred to as a CP worker, or simply a worker.
A degree-C worker consists of C CP ranks, each mapped to one
GPU, and serves as the unit of request execution and physical KV-
state placement. At time t, the prefill pool contains a set of workers
‘W (t). Each worker w has a CP degree C,, € C and occupies C,,
GPUs:

Z Cyw =G,

weW(t)



where C is the predefined set of supported CP degrees. Each
worker’s CP degree remains fixed over the request-scheduling
timescale.

Consider a request i arriving at time ¢; with input length L;. Let
P; ,,(t;) denote the longest reusable prefix available at worker w,
and let

Rijw(ti) = Li = Py (ti)
be the remaining uncached suffix. We denote the prefill execution
time under CP degree C by Ec(R, P). If request i is assigned to
worker w, its time-to-first-token (TTFT) is

TTFTi,w = Qw(ti) + ECW (Ri,w(ti)spi,w(ti)) + T‘eXt,

1

where Q.,(t;) is its waiting time at worker w, and T¢*" captures
latency outside the prefill pool, including KV transfer and first-
token generation. Let w; denote the selected worker, such that
TTFT; = TTFT,,,,. After prefill, requests and their KV states are
transferred to a separately provisioned decode pool for token gen-
eration.

3.2 Cache-Aware Prefill-Time Model

Building on profiling-based models for sequence-parallel prefill
and cache-aware routing [26, 47], we construct a compact model
that jointly captures CP degree and prefix reuse. With P denoting
the cached prefix length and R the uncached suffix length, the

predicted execution time is modeled as
= 1
Ec(R,P) =d+aR+ bP + o [cR+ aW(R,P)]. (2)

Here, d is the fixed startup overhead, and aR captures uncached-
token costs that do not decrease proportionally with CP, including
communication, synchronization, and data movement. The term bP
captures cached-prefix access and replay, while cR represents token-
local computation distributed across CP ranks, such as projection
and feed-forward operations. Finally, W(R,P) =RP + R(R+ 1) /2
is the remaining attention workload derived in Equation 1, and
a converts it into execution time. The coefficients are fitted from
queue-free profiles for each model-hardware configuration.

This model captures the joint effects of prefix reuse and context
parallelism. For a fixed input length, a larger prefix hit reduces both
Rand W(R, P), while increasing C accelerates only the computation
distributed across CP ranks. The benefit of a CP degree therefore
depends on the request’s remaining computation rather than its
original input length alone. As shown in Figure 4, the model yields
small fitting errors for the Qwen3-30B-A3B model [38] across the
profiled CP degrees, input lengths, and prefix-cache hit ratios, in-
dicating that this compact decomposition captures the dominant
prefill costs.

For a request-worker pair (i, w), we instantiate the model as

Siww = Ecy, (Riw (1), Piaw(t)) 5 €)

which denotes the predicted prefill service time excluding queuing
delay.

3.3 Service Objectives

For each request i, we specify a TTFT requirement 7; and a
time-per-output-token (TPOT) requirement J;. For a measurement
window of duration H, let R(H) denote the requests arriving during
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Figure 4: Accuracy of the cache-aware prefill-time model.

the window; their latencies are measured upon completion. Since
Vertumnus operates on the prefill pool, its primary objective is to
minimize mean TTFT:

1
TTFT(H) = ——— Z TTFT; .
IR(H)] ieR(H)
It also seeks to maximize token-weighted TTFT SLO attainment:

S g Li - 1 [TTFT; < 75
Attaingrer (H) = ey Li -1 i z]‘

2ier(H) Li

Here, each request is weighted by its input length L;, so the met-
ric measures the fraction of input-token demand contributed by
requests that satisfy their TTFT requirements.

We assume that the decode pool is independently managed to
meet its TPOT requirements. Improving prefill efficiency may al-
low the system to sustain a higher request rate and consequently
increase decode throughput when sufficient decode capacity is
available, while decode-side optimization is outside the scope of
this work.

4 SYSTEM OVERVIEW

To address these challenges, we present Vertumnus, an LLM
serving system that adapts context parallelism to heterogeneous
and dynamically changing production workloads. Figure 5 illus-
trates its overall architecture. Vertumnus operates within the prefill
pool of a P/D-disaggregated serving system: a fixed GPU budget is
partitioned among persistent CP workers with different CP degrees,
while requests are subsequently transferred to an independently
provisioned decode pool. Within the prefill pool, Vertumnus coor-
dinates request placement, worker composition, and prefix-cache
management to reduce mean TTFT and improve TTFT SLO attain-
ment under a fixed GPU budget.

Vertumnus adapts CP at two complementary timescales. At the
request timescale, the system decides which existing CP worker
should serve each request; at the cluster timescale, it decides which
CP workers should exist. For each incoming request, the scheduler
consults the current worker state and worker-specific prefix-cache
information to select an appropriate worker from the eligible work-
ers with different CP degrees. Over longer workload windows,
the reconfiguration controller monitors workload conditions and
adjusts the worker composition through worker split and merge
operations. Across both timescales, the global prefix-cache manager
adapts prefix placement to request routing and worker reconfigura-
tion.
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Figure 5: System architecture of Vertumnus. Solid arrows
denote request-level data and control paths, whereas dashed
arrows represent cluster-level management operations.

5 REQUEST-LEVEL SCHEDULING

Given the current worker composition and prefix-cache place-
ment, the request-level scheduler assigns each incoming request
to an eligible CP worker. This decision jointly considers request
length, worker load, and worker-specific prefix reuse across differ-
ent CP degrees. In this section, we first explain why considering any
one of these factors alone is insufficient, then describe the worker
state and candidate construction, and finally present the CP-aware
placement cost used by Vertumnus.

5.1 Scheduling Challenges

Under a fixed worker composition, workers with different CP
degrees are not interchangeable. Assigning a request to a worker
with a larger CP degree may reduce its prefill latency, but it also
occupies more GPUs and limits the capacity available for serving
other requests concurrently. This resource opportunity cost means
that minimizing individual request latency does not necessarily
maximize aggregate input-token throughput. Prefix reuse further
changes the computation remaining for a request and, consequently,
the CP degree at which it can be served efficiently. Requests with
the same original input length may therefore favor different CP
degrees depending on their available prefix reuse, making length-
only routing insufficient.

These considerations must also be balanced against the cur-
rent worker load. A cache-first policy may repeatedly select an
overloaded worker, increasing queuing delay despite avoiding re-
dundant computation. Conversely, a load-first policy may select an
idle worker but require recomputation of a large reusable prefix.
Routing based only on request length and CP degree ignores both
load imbalance and worker-specific prefix locality. A CP-aware
scheduler must therefore jointly consider request length, worker
load, and prefix-cache reuse.

5.2 Worker State and Candidate Construction

When request i arrives at time ¢;, the scheduler observes the
current worker set ‘W (¢;) and three types of state for each worker
w € W(t;): its CP degree C,,, its outstanding prefill workload, and
its lifecycle status. The scheduler uses this workload as a lightweight
proxy for the waiting time Q,,(t;), which depends on subsequent
execution progress and is not directly available at placement time.

This proxy enables the scheduler to compare load pressure across
workers with different CP degrees. The scheduler also queries the
prefix-cache manager for the longest reusable prefix of request
i available at each worker. Because cache contents are worker-
specific, these lengths may differ across candidate workers for the
same request.

Using this state, the scheduler constructs the candidate set

Wi(t;) = {w € W(t;) | wis eligible to serve request i} .

A worker is excluded if it is unavailable or draining, or if it cannot
satisfy the sequence-length or memory requirements of the request.
A prefix-cache miss does not exclude a worker, since the worker
can still serve the request by recomputing the missing prefix. The
resulting candidate set and its worker-specific state are used to
evaluate the placement costs described in the next subsection. Once
a worker is selected, the scheduler immediately reserves the re-
quest’s estimated prefill workload at that worker so that concurrent
arrivals do not observe the same pre-assignment load state.

5.3 Adaptive Placement Cost

To select a worker for request i, the scheduler assigns a placement
cost to every eligible worker w € ‘W;(t;):

Ji,w = qw(ti) + ﬁsi,w + A [Cwsi,w - Cmin]’fcmin (Ri,w(ti)»Pi,w(ti)) 5

where Cpy, is the smallest CP degree among the eligible workers,
B > 1 controls the emphasis on cache-aware service time, and
A > 0 controls the cost of occupying additional GPUs. The request
is assigned to the minimum-cost worker:
w; = argmin Jj,,.
weW;(t)

Queuing-delay cost. The first term, q,,(¢;), estimates how long
request i would wait before beginning execution at worker w. It
is maintained from the predicted remaining service times of the
unfinished requests already assigned to worker w at time ;. We
estimate this delay as

gult)= )

Jiwj=w
j is unfinished at #;

E\CW (Rj,w(tj):P',w(tj)) .

This term avoids routing requests to overloaded workers solely
because they provide a favorable CP degree or prefix-cache hit.
Service-time cost. The second term uses the performance model
defined in Equation 3:

Siw = ECW (Ri,w(ti):Pi,w(ti)) .

It captures the remaining computation, reusable prefix, and ex-
ecution efficiency under the worker’s CP degree. When f = 1,
qw(ti) + si corresponds to the predicted worker-dependent com-
ponent of TTFT. However, latency-greedy placement may select a
lightly loaded worker without the reusable prefix, causing redun-
dant computation and dispersing related prefixes across workers.
Setting f > 1 amplifies the smaller service time produced by a
prefix hit, making cache-holding workers more likely to be selected
and preserving prefix locality for subsequent requests.

Additional GPU-time cost. The final term measures the additional
GPU time incurred by executing request i at worker w rather than at
the smallest eligible CP degree. Execution at worker w is predicted



to consume C,,s; ,» GPU-seconds, whereas execution at degree Cpin
under the same prefix-reuse condition would consume

Cmin : ECmin (Ri,w(ti)> Pi,w(ti))

GPU-seconds. Their difference accounts for both the larger GPU
footprint and the shorter execution time of degree C,,, thereby cap-
turing the resource cost of using additional CP ranks. The coefficient
A controls how strongly this cost affects request placement. For
short requests, limited parallel speedup typically results in greater
excess GPU time and favors a smaller CP degree. For compute-
intensive requests, the larger latency reduction can outweigh this
penalty, allowing them to select a larger degree.

6 CLUSTER-LEVEL RECONFIGURATION

Request-level scheduling can route requests only among the cur-
rently available CP workers: it cannot correct a persistent mismatch
between the worker composition and aggregate workload demand.
To address this limitation, Vertumnus initializes a heterogeneous
worker composition from historical workload characteristics and
periodically adapts it through adjacent worker split and merge op-
erations. These transitions activate pre-established CP groups over
persistent GPU ranks, avoiding process restarts and model-weight
reloading.

6.1 Capacity Profiling and Initialization

Both offline profiling and runtime monitoring partition their
measurements into windows of fixed duration H. Before deploy-
ment, Vertumnus profiles one worker at each supported CP degree
under increasing request loads. For a degree-C worker, the window-
level request demand is measured by summing the predicted service
times Ec (R, P) of the requests served within an observation window.
We denote by k¢ the largest window-level demand for which the
worker still satisfies the target TTFT SLO attainment. This profiling
is performed for each model and CP degree deployed in our testbed
and captures their execution efficiency and runtime overheads.

The initial worker composition is selected using a representative
historical workload, including its aggregate demand and request-
length distribution. Historical information determines the expected
mixture of small- and large-degree workers, while the profiled
capacities are used to ensure that the selected composition can
accommodate the expected demand. Among historically suitable
compositions with sufficient capacity, the controller favors com-
positions containing more large-degree workers, making greater
parallelism available to latency-sensitive, compute-intensive re-
quests. If none of these compositions provides sufficient capacity, it
selects the composition with the largest aggregate profiled capacity.

The runtime windows are consecutive and non-overlapping,
with Hy denoting the k-th window. Let R(Hy) contain the requests
arriving during H, and let w; denote the worker selected for request
i in that window. The aggregate workload demand is estimated as

D® = N Eey, (i (1), Pay (1)
ieR(Hy)

The controller uses this estimate to determine whether the current
composition should remain unchanged or move to an adjacent state
in the pre-established grouping lattice.
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6.2 Split-and-Merge Reconfiguration

At the end of each observation window, the controller compares
the aggregate workload demand with the profiled capacity of the
current worker composition and also monitors the fraction of long
requests. A sustained workload above the upper threshold triggers
a split to increase serving concurrency, whereas a workload below
the lower threshold triggers a merge to provide more parallelism
for individual requests. When the aggregate workload remains rel-
atively stable but the long-request fraction changes substantially,
an increase in this fraction favors merging, while a decrease favors
splitting. Capacity takes precedence when the two signals conflict,
and a merge is admitted only if the adjacent composition retains
sufficient profiled capacity for the observed workload. The corre-
sponding condition must persist for multiple observation windows
before a transition is initiated.

Given the selected direction, the controller considers topology-
compatible split or merge operations leading to an adjacent com-
position. Each operation replaces one degree-2C worker with two
degree-C workers or performs the inverse conversion, thereby pre-
serving the aggregate GPU count. Among eligible operations, the
controller first minimizes the predicted drain interval and then the
expected KV-reconciliation traffic. The latter is estimated from the
missing destination copies of retained prefixes weighted by their
recent access frequencies.

The participating workers are removed from the scheduler’s can-
didate set and stop admitting new prefill requests. Queued requests
are redirected to other eligible workers, while in-flight prefill execu-
tions finish under the old CP geometry. The CP geometry is pinned
throughout each engine step, and a configuration update observed
at the model-input boundary applies only to the next step. This
prevents a single execution step from combining communication
under the old geometry with sequence partitioning under the new
geometry.

After a parent worker has drained, a split can activate its inde-
pendent child groups. For a merge, all participating sibling groups
first park at a common model-input boundary before activating
their parent group. The controller commits the target CP degree
under a new configuration epoch, and the resulting workers be-
come schedulable only after all participating ranks have adopted
the new epoch and the scheduler and cache manager have updated
their worker metadata.

Cached prefixes are retained without placing their full redistri-
bution on the conversion critical path. Although their physical KV
blocks remain resident, their rank ownership and addressing may
need to be reconciled with the new CP geometry. After a merge,
the manager combines the prefix metadata of the source workers
and marks blocks missing from the merged worker as pending rec-
onciliation. After a split, it assigns retained prefixes to the resulting
workers according to prefix demand and available cache capacity.
When a pending prefix is first reused, the manager transfers only
the missing blocks from a valid resident copy and installs them
under the new CP geometry. A pending prefix is not counted as
immediately reusable cache capacity until reconciliation completes,
and its missing portion is processed as an ordinary cache miss if
no valid copy remains. Subsequent replication and reclamation are
handled by the prefix-cache manager described in the next section.
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7 PREFIX CACHE MANAGEMENT

Vertumnus introduces a global prefix-cache manager to preserve
cache locality across heterogeneous CP workers and worker recon-
figuration. It maintains a global view of the logical prefix structure,
replica placement, and degree-level prefix demand. Based on this in-
formation, the manager replicates cached prefixes within and across
CP degrees and reclaims underused replicas. Figure 6 illustrates the
global prefix trie and the resulting cache operations.

7.1 Global Prefix-Trie Management

Each CP worker maintains a physically separate prefix cache, and
its KV states cannot be reused by another worker without explicit
replication or transfer. Request placement and worker reconfigura-
tion continuously change where cached prefixes are accessed and
stored, making it difficult for independent worker caches to preserve
prefix locality. Thus, Vertumnus maintains a global metadata view
over the caches of all CP workers. Following prior prefix-caching
systems [11, 17, 47, 48], the manager organizes this metadata as
a prefix trie to capture the inclusion relationships among cached
prefixes.

In the prefix trie, each node z represents one cache block, while
the path from the root to z represents the complete prefix ending
at that block. The manager also records its prefix length and the
workers that currently hold the complete cached prefix ending at
node z. From these replica holders and their CP degrees, the man-
ager derives ReplicaCount(z, C), which is the number of degree-C
workers holding this prefix. For every supported CP degree C, each
node additionally maintains two dynamic statistics, access|z, C]|
and missed|z, C]. access|z, C] records how often node z is reused
by requests assigned to degree-C workers. missed[z, C] accumu-
lates the cache benefit lost when requests prefer degree C but no
degree-C worker holds z. The former captures demand for adjust-
ing the number of existing replicas within a CP degree, whereas
the latter reveals demand for introducing a replica at a CP degree
where the prefix is currently unavailable. The trie maintains these
logical relationships and global metadata, while each worker’s local
cache index continues to track its physical KV blocks.

When request i arrives, the manager traverses the trie using its
block sequence to obtain MatchedPath(i), regardless of where the
matched nodes are replicated. After the scheduler assigns the re-
quest to worker w;, ReusedPath(i, w;) identifies the portion of the
matched path whose KV states are actually reused at that worker.
The manager increments access|[z, C,,,] for every node on the
reused path. Because the selected worker may be affected by tran-
sient queuing pressure, the manager derives the request’s preferred
CP degree by omitting the worker-load term g,,(¢;) from the place-
ment cost:

Wfref = arg min []i,w - QW(tz)] 5 Cfref = prref~
we W (t;) i
We denote this degree by PreferDegree(i) = Cfref. For each node

on the matched path with no replica at Cfmf, the manager computes
its marginal cache benefit as the difference between the predicted
service times when prefix reuse ends at its parent and at the node
itself. This benefit is accumulated in missed|z, Cfmf]. Because each
node contributes only the benefit of extending its parent prefix by
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Figure 6: Prefix-cache management in Vertumnus. Colors
indicate recent demand. Each gray container represents the
local prefix cache of a CP worker, while blocks with dotted

outlines denote replicas created after a periodic scan.

one cache block, the benefits of longer prefixes are not counted
repeatedly. Algorithm 1 summarizes this per-request update and
gives the corresponding calculation.

Algorithm 1 Per-Request Cache Statistics Update

Require: Request i and its selected worker w;
1: for all z € ReusedPath(i, w;)

2 Increase access|z, C,,,] by 1

3: Cfref «— PreferDegree(i)

4: for all z € MatchedPath(i)

5. if ReplicaCount(z, Cfref) =0

6: Py « PrefixLength(Parent(z))

7: P; « PrefixLength(z)

8: benefit « [E vt (Li = Po, Po) = E pret (Li = Py, Py)
9: Increase missed|z, waf] by benefit

7.2 Adaptive Replication and Reclamation

The cache manager periodically scans every trie node z at each
supported CP degree C and generates inter-degree replication, intra-
degree replication, and reclamation candidates. Inter-degree repli-
cation creates the first replica of z at degree C when none cur-
rently exists. When ReplicaCount(z, C) = 0, node z cannot pro-
duce cache accesses at degree C, so access|z, C] cannot capture the
demand for introducing such a replica. The manager therefore uses
missed[z, C], which accumulates the predicted cache benefit lost
by requests that prefer degree C, and adds (z, C) to the inter-degree
replication list when this value exceeds a threshold fipter-

When r = ReplicaCount(z,C) > 0, intra-degree replication
creates an additional replica among workers with the same CP
degree. In this case, access|z, C]/r represents the average reuse
demand handled by each existing replica. The manager adds (z, C)
to the intra-degree replication list when access[z,C] > rbiytra,
where Ointra represents the per-replica demand threshold required
to justify another same-degree copy. Conversely, it adds (z, C) to
the reclamation list when access|z, C] < r8eclaim, indicating that



the existing replicas no longer justify their cache occupancy. We set
Oreclaim < Ointra to avoid repeated replication and reclamation. The
thresholds Ointer, Ointra, and Oreclaim are calibrated before deployment
for the target model, hardware configuration, and scan interval.
After each scan, the manager multiplies both access and missed
by a configured factor decay € (0, 1), giving recent demand greater
influence than older observations. Algorithm 2 summarizes the
periodic scan.

Algorithm 2 Periodic Prefix-Cache Scan

Require: Prefix trie, supported CP degrees C
1: Initialize empty lists inter, intra, and reclaim
2: for all node z and degree C € C
3 r « ReplicaCount(z, C)

4 ifr=0

5 if missed(z, C] > Opter

6 Add (z,C) to inter

7: else

8 if access[z, C] > rOinua

9 Add (z,C) to intra

10: else if access|z, C] < rbrecaim
11: Add (z,C) to reclaim

12: for all node z and degree C € C

13: Scale access|z, C] by decay

14: Scale missed|z, C] by decay

The manager first determines which candidates in the three lists
should be executed. For each replication candidate, the manager
estimates the minimum copy footprint among feasible destination
workers. For a given destination, this footprint contains only the
missing blocks on the path from the root to z. Inter-degree can-
didates are ranked by decreasing missed|z, C] per copied block.
Intra-degree candidates are ranked by decreasing access|z,C]/r,
with smaller copy footprints preferred when their per-replica ac-
cess frequencies are similar. Reclamation candidates are ranked by
increasing access|z, C]/r. The three lists are ranked separately,
and only a bounded number of operations are selected from each
list per scan.

For each selected replication, the destination is chosen from
degree-C workers without z. The manager favors destinations that
retain a longer ancestor path of z, have sufficient cache capacity,
and carry lower workloads. For intra-degree replication, the source
is selected from lightly loaded degree-C workers holding z, whereas
inter-degree replication may use a source worker at any CP degree
that holds z. For a selected reclamation, the manager chooses a
replica on a worker with greater cache pressure while minimizing
the impact on other retained prefixes.

Replication transfers only the blocks missing from the destina-
tion’s path from the root to z, including any missing parent blocks
required to form a complete prefix. Intra-degree replication trans-
fers these blocks between corresponding CP ranks. Inter-degree
replication transfers compatible KV states from a worker at an-
other degree and repartitions them for the destination worker. A
replica is reclaimed only when it is not in use and its removal does
not invalidate descendant prefixes retained at the same worker. A
newly created replica becomes visible to request scheduling only
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after a cache-state report confirms that all required KV states have
been installed, while a reclaimed replica is removed from the holder
metadata only after its deletion is confirmed. When worker re-
configuration changes the worker set, the manager reconciles the
affected replica records with the resulting placement.

8 IMPLEMENTATION

We implement Vertumnus on top of RTP-LLM [12], a production-
oriented LLM serving framework with P/D disaggregation and pre-
fix caching. Our implementation adds approximately 8,000 lines of
C++, Python, and Java code to the prefill engine, request scheduler,
worker-management layer, and prefix-cache subsystem, excluding
tests and experiment harnesses. We do not modify decode batching
or decode kernels; decode-side changes are limited to propagating
the CP configuration epoch and DP-rank identity. We also imple-
ment an offline profiling workflow that fits the prefill service-time
model Ec(R, P) and measures the SLO-preserving capacity k¢ for
each evaluated model and CP degree deployed in our testbed. The
resulting model parameters and capacity profiles are loaded by the
scheduler and reconfiguration controller before serving.

To support in-place worker reconfiguration, we decouple the ac-
tive CP group from the model state resident on each GPU rank. Each
prefill rank loads its model weights once and retains them through-
out serving. During initialization, Vertumnus reuses communicators
already provided by RTP-LLM whenever their rank membership
matches a required CP group and creates only the missing groups
in the topology-aware grouping lattice. These process groups and
their collective paths are warmed before serving. They introduce
only communicator state and collective buffers while sharing the
model state resident on each rank, enabling reconfiguration with-
out process restarts or weight reloads. We implement the boundary
protocol using a versioned control record that specifies the target
CP degree and configuration epoch. Each rank acknowledges its
adopted epoch and CP degree, and the controller exposes the re-
sulting workers only after receiving consistent acknowledgments
from all participating ranks.

We implement the global prefix trie as an in-memory Java in-
dex in the FlexLB control plane, while physical KV blocks remain
managed by each worker’s native cache index and LRU policy.
Workers report cache-key changes whenever their local cache state
is updated, whereas replication and reclamation decisions are made
periodically from the maintained trie statistics. Selected replication
operations are issued asynchronously through RTP-LLM’s existing
KV-transfer path. During a transfer, the source pins the referenced
KV blocks against local eviction, while the destination reserves
physical blocks for the missing portion of the selected prefix path.
The destination publishes the resulting cache-key mappings only
after the required blocks have been installed across its participating
ranks. Reclamation is implemented through version-checked exact-
key deletion, allowing the manager to remove a selected redundant
replica while leaving ordinary local eviction to the native LRU pol-
icy. The controller’s observation-window duration and the cache
manager’s scan interval are independently configurable. The cache
manager also exposes a configurable decay factor, per-list action lim-
its, and background-transfer concurrency. In our experiments, both
the controller observation window and the cache-manager scan
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Table 1: Characteristics of the evaluated workloads.

Input Tokens Output Tokens

Regs. Reuse

Workload Mean P99 Mean P99

L-Eval 2,369 13,728 68,056 42.76 459  79.61%
Tool-Agent 23,608 8,596 61,671 182 898  58.56%
Production 22,446 6,952 81,724 411 4,227  24.75%

interval are set to 20 seconds, and the cache dispatcher launches at
most one active transfer per scan.

9 EVALUATION

9.1 Experimental Setup

Testbed: We evaluate Vertumnus on a cluster of 64 NVIDIA H20-3e
GPUs organized into eight nodes, each equipped with eight GPUs,
128 CPU cores, and 960 GB of host memory. GPUs within each node
are connected by NVLink, while the nodes are connected through an
RDMA-capable network. We allocate 40 GPUs to the prefill pool and
the remaining 24 GPUs to the independently provisioned decode
pool. We evaluate DeepSeek-V4-Flash-FP8 [1] and Qwen3-30B-A3B
[38]. For heterogeneous worker configurations, we use CP degrees
C = {4, 8} for DeepSeek-V4-Flash-FP8 and C = {2, 4} for Qwen3-
30B-A3B. For each model, all comparable methods use the same
model configuration, 40-GPU prefill budget, 24-GPU decode budget,
and aggregate KV-cache capacity. Across all methods, the decode
pool uses the same DP-8 worker configuration and is provisioned
so that it does not become the performance bottleneck.
Workloads: We evaluate two public workloads, L-Eval [49] and
Mooncake Tool-Agent [50], together with an anonymized workload
trace collected from our production LLM services. L-Eval covers
diverse long-context tasks, including question answering and in-
formation retrieval, with widely varying input lengths. Mooncake
Tool-Agent represents agentic serving workloads characterized by
recurring system and tool prefixes. The Production workload is sam-
pled from a recent, anonymized trace collected from our large-scale
LLM service. L-Eval does not provide request-arrival timestamps,
so we generate its arrivals using a Poisson process at controlled
request rates. For Mooncake Tool-Agent and the Production work-
load, we preserve the original request order and timestamps and
scale their inter-arrival times to obtain different load levels. Ta-
ble 1 summarizes the request count, request-length distribution,
and prefix-reuse potential of each workload.*

Baselines: We compare Vertumnus against two production-
oriented baselines implemented on the same serving backend.
Homo uses a homogeneous worker composition in which all pre-
fill workers are degree-4 workers. Static uses the same worker
composition as Vertumnus at each request rate. It routes requests
using an input-length threshold profiled offline for each model
and worker composition. Requests longer than the threshold are as-
signed to workers with the larger CP degree, whereas the remaining

3We measure prefix-reuse potential as the token-level hit rate of an oracle prefix
cache that retains every previously observed prefix, has unlimited capacity, and makes
cached prefixes globally accessible.

“The full production traffic typically exhibits a token-level prefix-cache hit rate of
35-55%. Because our replay contains only a sampled subset of requests, some cross-
request prefix-reuse relationships are absent, and the cache statistics measured during
replay do not necessarily match the online values.

Table 2: TTFT deadlines used to evaluate SLO attainment. The
two model deployments use different CP-degree ranges and
target different throughput levels; we therefore use model-
specific TTFT SLOs.

Input length
Model <8K 8-32K > 32K
DeepSeek-V4-Flash-FP8  0.5s 2s 5s
Qwen3-30B-A3B 1s 5s 10s

requests are assigned to workers with the smaller CP degree. We
also compare against vLLM [10] and SGLang [11] using the same
40-GPU prefill budget. The evaluated version of vLLM does not
support combining CP with data parallelism (DP), so we configure
it with homogeneous TP-4 workers. SGLang supports CP serving
but does not allow workers with different CP degrees to coexist
in the same serving pool, so we configure it with only degree-4
workers. Specifically, we do not include LoongServe [26] because its
publicly available implementation does not support the MoE model
architectures evaluated in this work, including DeepSeek-V4-Flash-
FP8 and Qwen3-30B-A3B. Supporting these models would require
substantial model-specific execution and kernel integration rather
than a configuration-only change, preventing a faithful comparison
on the same testbed.

Metrics and methodology: Time-to-first-token (TTFT) is mea-
sured from request arrival at the scheduler to the generation of its
first output token; it includes queuing, scheduling, synchronous
prefix-cache operations, prefill execution, KV transfer to the decode
pool, and the first decode iteration. We report mean and P90 TTFT
together with token-weighted TTFT SLO attainment, using the
model- and input-length-specific TTFT targets listed in Table 2.
Specifically, each request is weighted by its input-token count, and
SLO attainment is computed as the total weight of requests meet-
ing the configured TTFT target divided by the total weight of all
requests. For cache experiments, we additionally report the token-
level prefix-cache hit rate, defined as the fraction of input tokens
reused from cached prefixes. Before collecting measurements, we
warm up each system until its request processing and prefix-cache
state stabilize. We repeat each experiment three times and report
the average across these runs.

9.2 End-to-End Serving Performance

Figures 7-12 present the end-to-end results across two models,
three workloads, and different request rates. Overall, Vertumnus
achieves the lowest or comparable mean and P90 TTFT and the
highest or near-highest SLO attainment, with its advantages be-
coming clearer as the baselines accumulate delays under high load.
DeepSeek-V4-Flash-FP8: Vertumnus generally matches or outper-
forms Homo and Static while providing lower mean and P90 TTFT
than vLLM and SGLang. Static may assign prefix-sharing requests
with different input lengths to workers with different CP degrees,
while Homo’s single CP degree cannot balance concurrency for
short requests and parallelism for long requests. In contrast, Ver-
tumnus jointly considers worker load, worker-specific prefix reuse,
and predicted execution time at each CP degree. At the highest
request rates, it reduces mean TTFT by 27.4%, 3.9%, and 1.1% on



Jiarui Guo et al.

—eo— Ours —i- Homo Static —¢-- VLLM --+: SGLang
1,200 1250 + 1,400 —
- _. B s
£ o -~ 000 L ~ 1,150 e e
-~ 1,000 —— - E e ‘ E 00000 et
t ———— """ . /./‘ : 750 4.0 R 2 : 900:_+ ----- ) .
Fosoo| ST e e + - /’,, E soo| e —
& < k o o= T : Cirett
S 600 znmn c 500 g T =) c 650 e
5 e g e == e =l
a0 S  400| s 2 s00l"—
10 12 14 16 4 6 8 10 12 14 3 4 5 6 7 8
Request rate (req/s) Request rate (req/s) Request rate (req/s)
(a) L-Eval (b) Tool-Agent (c) Production
Figure 7: Mean TTFT for DeepSeek-V4-Flash-FP8 across different workloads.
—e— Ours —4- Homo Static - vLLM --+- SGLang
_____ + ot
2,800 e 2,500 S 3,600
3 2,400 Joias 20000 wee 280 e
E P o . @ 1,500 , ..o T . s | e
b 2,000 4 —-—- - v £ Lo —— o———= - - — £ 2,000+ * =
w R4 E = - L7o0f - -
E 1,600 iR i e N e o i - T - .
S PSS — ; goo| T T T T R e— |\ —
Q 1,200 — . k ./ F 1,300 _/,/;/
- A—-—"—"‘;:/’/ g / g Ayé’/
800| o—" & 600 = & geol =
8 10 12 14 16 4 6 8 10 12 14 3 4 5 6 7 8
Request rate (req/s) Request rate (req/s) Request rate (req/s)
(a) L-Eval (b) Tool-Agent (c) Production
Figure 8: P90 TTFT for DeepSeek-V4-Flash-FP8 across different workloads.
—o— Ours —i- Homo Static - VLLM --+: SGLang
~ 100 ~ 100 i ~ 100
o N—— . ° e — Q
S r——— I —— Pl I R e S
- ‘N - Teaee— L T ] - -
g 90 SN H . 3 e T
£ Soroonooe . R £ 80| . ____ == == g 80| - ===
QCOCCoeon RaGLLLTT T N e S =" . o Ty Sh
£ 85 EU—— 3 £ | el . ~~ £ ——
S S 70 - T 70
£ 8o E . E -
] [ -~ s | e © Coooooacaoc gttt
o 75 == *~— o 60 T, o 6 e
3 =~ ] e, = UL
LU 7 LY & 0 gyl - ———————— ¢————=Z %
8 10 12 14 16 4 6 8 10 12 14 3 4 5 6 7 8
Request rate (req/s) Request rate (req/s) Request rate (req/s)
(a) L-Eval (b) Tool-Agent (c) Production

Figure 9: SLO attainment for DeepSeek-V4-Flash-FP8 across different workloads.

L-Eval, Tool-Agent, and Production, respectively, compared with
the strongest baseline. It also reduces P90 TTFT by 24.6% and 4.3%
on L-Eval and Tool-Agent while remaining within 0.7% of Homo
on Production, with corresponding SLO attainment improvements
of 8.9, 1.4, and 3.1 percentage points.

Qwen3-30B-A3B: Individual baselines may match Vertumnus at
lower request rates, but their latency increases more rapidly as the
load grows, particularly on Tool-Agent and Production. At the high-
est request rates, Vertumnus appropriately places requests across
degree-2 and degree-4 workers, reducing mean TTFT by 13.9%,
21.0%, and 28.1% on L-Eval, Tool-Agent, and Production, respec-
tively, relative to the strongest baseline. The corresponding P90
reductions are 17.8%, 55.0%, and 29.5%, while SLO attainment im-
proves by 0.9, 13.3, and 1.1 percentage points. These tail-latency im-
provements show that Vertumnus effectively slows queue buildup
as the request rate increases.

9.3 Evaluation of Worker Reconfiguration

We evaluate DeepSeek-V4-Flash-FP8 on a time-varying workload
derived from Mooncake Tool-Agent, alternating between high-rate
phases dominated by short requests and low-rate phases with more

long requests. We compare Vertumnus against two fixed worker-
composition baselines, 4CP4/3CP8 and 6CP4/2CP8. The results are
shown in Figure 13.

We find that no single fixed composition performs best through-
out the workload: the 4CP4/3CP8 baseline provides insufficient
concurrency when short requests dominate, whereas 6CP4/2CP8
provides too few large-degree workers when the fraction of long re-
quests increases. By adjusting its worker composition shortly after
each sustained workload change, Vertumnus matches or outper-
forms the better fixed baseline in each phase. When the request rate
is moderate and stable, its mean TTFT is comparable to both fixed
baselines. As the request rate increases between 6 and 17 minutes,
Vertumnus switches to 8CP4/1CP8 to increase serving concurrency,
reducing mean TTFT by 19.6% compared with 4CP4/3CP8. When
the request rate subsequently decreases and long requests become
more common between 22 and 33 minutes, Vertumnus switches
to 2CP4/4CP8 to provide more large-degree workers, reducing
mean TTFT by 5.5% and 14.5% compared with 4CP4/3CP8 and
6CP4/2CP8, respectively.

To better understand the overhead of worker reconfiguration,
we break down its latency into drain and switch stages. During
draining, the selected workers stop accepting new requests, redirect
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Figure 12: SLO attainment for Qwen3-30B-A3B across different workloads.

their queued requests to other eligible workers, and allow ongoing
prefill requests to finish. Once draining completes, the participating
ranks activate the target pre-created communication groups and
expose the resulting workers for scheduling while keeping model
weights and retained KV data resident in GPU memory. As shown
in the figure, each split or merge operation takes between 1.1 and 5.1
seconds, with most of the variation coming from the 0.5-4.2-second
drain stage while the system waits for ongoing prefill requests to
finish. The switch stage consistently completes within one second.
These results show that Vertumnus can change its worker compo-
sition within seconds and respond promptly to sustained workload
changes.

9.4 Prefix-Cache Ablation

To demonstrate the effect of the prefix-cache manager, we also
perform an ablation study using Qwen3-30B-A3B and the Tool-
Agent workload. For a controlled comparison, we fix the worker
composition and compare the full Vertumnus against a variant that
retains worker-local prefix caching but disables prefix replication
and reclamation. Both variants use the same request scheduler and
per-worker cache capacity. In the ablated variant, each worker
continues to insert prefixes and handle cache pressure through its

native LRU policy. We vary the request rate and show mean and
P90 TTFT together with the token-level prefix-cache hit rate in
Figure 14.

At lower request rates, the two variants provide similar TTFT
because worker queues remain short. As the request rate increases,
however, the prefix-cache manager yields larger latency reductions.
Without replication, preserving a cache hit may restrict a request
to the only worker holding its matched prefix, even when that
worker is heavily loaded. Intra-degree replication creates additional
copies of frequently accessed prefixes among workers with the same
CP degree, allowing the scheduler to select a less-loaded worker
without sacrificing prefix reuse. Inter-degree replication makes a
prefix available at a CP degree where it was previously absent,
avoiding the need to choose between cache reuse and a CP degree
better suited to the request. The manager also reclaims underused
replicas to recover cache capacity for prefixes with greater demand.
At 60 requests/s, the complete Vertumnus reduces mean and P90
TTFT by 10.3% and 18.7%, respectively, while modestly improving
the token-level prefix-cache hit rate. These results show that the
manager reduces TTFT primarily by expanding cache-preserving
placement choices both within and across CP degrees, rather than
merely increasing the cache hit rate.
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10 RELATED WORK active request to balance attention and expert execution and reduce

10.1 LLM Serving Systems

Existing LLM serving systems optimize request execution at
different levels. At the local level, systems such as Orca [23], Sarathi-
Serve [51], FastServe [52], and Medha [53] schedule requests within
a model instance by controlling their batching, execution order,
and interleaving. At the cluster level, systems such as Llumnix
[24], MuxServe [54], and AlpaServe [55] route or migrate requests
and place model instances across available GPUs. Another line of
work, including DistServe [39], Splitwise [56], and Tetrilnfer [57],
disaggregates prefill and decode into separate worker pools so that
the two stages can be scheduled and provisioned independently.
These systems generally perform scheduling over workers whose
parallel configurations have already been determined.

10.2 Dynamic Parallelism for LLM Serving

Most existing LLM serving systems operate over workers whose
data-parallel (DP), tensor-parallel (TP), or pipeline-parallel (PP)
configurations are fixed at initialization [28, 58-61]. Several recent
systems have explored reconfiguring model parallelism at runtime
to accommodate changes in workloads or resource availability. For
example, SpotServe [62], Gyges [63], CoCoServe [64], and OServe
[65] adapt the choice of model-parallel configuration to changes
in workload or GPU availability. A complementary line of work,
including PipeLive [66], ReMP [67], and Flying Serving [68], fur-
ther reduces service interruption and state-transfer overhead when
changing parallel configurations online. These systems primarily
focus on limiting service interruption and state-transfer overhead
during model-parallel reconfiguration.

A separate line of work explores dynamic context or sequence
parallelism for LLM serving. LoongServe [26] dynamically forms
groups of elastic instances and adjusts the parallelism of active
batches across serving iterations. NanoCP [27] specifically targets
the decode stage of MoE serving;: it selects a CP degree for each

TPOT. Both systems adapt the execution plans of active requests or
batches rather than maintaining a persistent worker composition
across workload windows. In contrast, Vertumnus targets prefill
serving: it organizes a fixed GPU budget into persistent CP work-
ers with different degrees, routes incoming requests among them,
and reconfigures their composition as aggregate demand evolves.
This persistent organization also provides stable units for request
queuing and prefix-cache placement across requests.

10.3 Prefix Caching and Cache Management

Prior work on prefix caching reuses shared prompt states across
requests to avoid redundant prefill computation, as demonstrated
by Prompt Cache [69], SGLang [11], and ChunkAttention [17].
Cache-aware serving systems such as Preble [47], AlignedServe
[70], and Apt-Serve [71] coordinate cache reuse with request sched-
uling or batching. Another line of work, including Mooncake [40],
MemServe [48], LMCache [72], Infinite-LLM [73], and KVFlow [16],
manages KV states across workers and memory tiers. TokenLake
[74] further constructs a unified segment-level prefix-cache pool to
support fine-grained elastic long-context serving.

11 CONCLUSION

In this paper, we presented Vertumnus, an LLM inference system
that adaptively manages context parallelism under heterogeneous
and changing production workloads. Vertumnus supports persis-
tent workers with different CP degrees and provides a request-
scheduling policy for coordinating request placement. To adapt at
the cluster timescale, Vertumnus dynamically adjusts the worker
composition through lightweight split and merge operations. It
further provides a global prefix-cache manager that tracks prefix
demand and dynamically replicates and reclaims cached prefixes.
Experiments with public and production workloads demonstrate
the effectiveness of Vertumnus under diverse workload conditions.
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