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Abstract
Agentic workflows carry out complex tasks by orchestrating
multiple large language models (LLMs) and tools. Serving
such workflows at a target throughput with low latency is
challenging because they can be defined using arbitrary agen-
tic frameworks and exhibit unpredictable execution times:
execution may branch, fan-out, or recur in data-dependent
ways. Since LLMs in workflows often outnumber available
GPUs, their execution also leads to GPU oversubscription.
We describe Scepsy, a new agentic serving system that

efficiently schedules arbitrary multi-LLM agentic workflows
onto a GPU cluster. Scepsy exploits the insight that, while
agentic workflows have unpredictable end-to-end latencies,
the shares of each LLM’s total execution times are com-
paratively stable across executions. Scepsy decides on GPU
allocations based on these aggregate shares: first, it pro-
files the LLMs under different parallelism degrees. It then
uses these statistics to construct an Aggregate LLM Pipeline,
which is a lightweight latency/throughput predictor for al-
locations. To find a GPU allocation that minimizes latency
while achieving a target throughput, Scepsy uses the Aggre-
gate LLM Pipeline to explore a search space over fractional
GPU shares, tensor parallelism degrees, and replica counts.
It uses a hierarchical heuristic to place the best allocation
onto the GPU cluster, minimizing fragmentation, while re-
specting network topology constraints. Our evaluation on
realistic agentic workflows shows that Scepsy achieves up
to 2.4× higher throughput and 27× lower latency compared
to systems that optimize LLMs independently or rely on
user-specified allocations.

1 Introduction
Large language models (LLMs) can generate high-quality
text, follow sophisticated instructions and solve problems
based on only natural-language prompts [2, 10, 38]. Yet, due
to their large size and autoregressive nature, LLMs are slow
and expensive to execute, relying on parallelization over
GPUs for acceleration. Furthermore, standalone LLMs are
insufficient to carry out complex tasks: they are constrained
by finite context windows [48], lack access to external or
domain-specific knowledge [22], and struggle with halluci-
nations during extended reasoning [52].
As a result, developers increasingly build agentic work-

flows, which orchestrate multiple LLMs and external tools to
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Fig. 1: Beam search as an agentic workflow (Beam search
uses inference-time scaling, which uses LLMs to explore multiple
reasoning paths as a search tree.)

enable novel capabilities and improve accuracy-cost trade-
offs [5]. These workflows are diverse and often tailored to
specific tasks; common features include using LLMs of dif-
ferent sizes for different roles, or leveraging inference-time
scaling [43] techniques to enable structured reasoning (e.g.,
beam [42] and Monte Carlo tree search [65]). They also aug-
ment LLMs with external tools [41], which provide access
to up-to-date information (e.g., web search and databases),
or enable LLMs to offload exact, deterministic computation
(e.g., to command-line utilities and language interpreters).

Fig. 1 shows a typical beam-search workflow [42]: starting
from a user prompt, the workflow repeatedly expands candi-
date reasoning steps (beams) with a generator LLM (GEN),
scores steps with another verifier LLM (VER), and retains
the most promising beams for the next iteration. This shows
the key features of modern agentic workflows: they combine
multiple LLMs of different sizes (a smaller generator and a
larger verifier), intersperse LLM invocations with non-LLM
code, and exhibit data-driven LLM parallelism with fan-out
and fan-in invocation patterns.

Hyperscalers have massive data centers and performance
engineering teams to optimize agentic workflow serving [2,
10, 38], but smaller institutions have a much harder time run-
ning self-managed deployments efficiently: managing small-
to-medium scale GPU clusters means that small inefficiencies
matter a lot more, and having smaller performance engineer-
ing teams means that they lack the knowledge necessary for
the rapidly changing agentic landscape. Yet self-managed
deployments are still desirable for privacy [14] and potential
cost savings [31]. We therefore identify four challenges in
managing self-managed agentic workload deployments:
Arbitrary agentic programs. Developers use a variety
of agentic frameworks, such as LangChain [20, 21], Auto-
Gen [55] or Camel [23] and other libraries (schema validation,
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numerical, databases) to define workflows [51]. Thus, a serv-
ing system cannot assume a single programming model, API
or the definition of workflows.
Unpredictable execution. The latency of an LLM execution
is highly variable because generation proceeds token-by-
token until the end of the sequence. Since LLMs may invoke
tools and other LLMs, the workflow itself may branch, iterate,
and recur in data-dependent ways. Together, these properties
make predicting the throughput and latency of an agentic
workflow based on a given GPU allocation difficult.
Conflicting optimization objectives. Users want agen-
tic workflows with high throughput and low latency. LLM
throughput can be increased by exploiting data parallelism
with parallel model replicas, but this reduces the GPU re-
sources available for tensor parallelism, which lowers LLM
latency.While serving a single LLM navigates one such trade-
off [18, 24], agentic workflows with multiple LLMs compose
several objectives: adjusting the allocation of one LLM may
affect another, or shift bottlenecks. The heterogeneity of
GPU interconnects only worsens this problem [37], as inter-
connect availability constrains tensor parallelism.
Oversubscribed GPUs. GPUs are a scarce and expensive
resource [31], and even small inefficiencies bear a large cost
impact in small-to-medium scale clusters. Compounding this,
agentic workflows have a highly heterogeneous mix of LLMs
(embedding, generator, reward, etc.), where coarse LLM-to-
GPU allocations quickly lead to poor GPU utilization.
Current solutions fail to address these challenges. Some serv-
ing approaches for agentic workflows [3, 25, 28] exploit the
workflow structure to optimize execution, e.g., using graph-
aware batching, KV-cache sharing, or reducing head-of-line
blocking. However, several of these approaches [3, 25] are
constrained by framework-specific programming models,
and all are limited to single-LLM workflows. More funda-
mentally, they rely solely on temporal request scheduling to
GPUs, and the complexity of managing the unpredictable
execution of agentic workflows leaves the allocation of LLMs
to GPUs to users. Other approaches [8, 18, 24, 56, 59] focus
on multi-LLM serving through temporal or spatial multiplex-
ing without assuming any agentic workflow structure; this
makes them more flexible, but the lack of workflow aware-
ness leads to suboptimal performance, since they schedule
each LLM in isolation.

We empirically observe that, while end-to-end execution
times of a workflow vary greatly across requests, the fraction
of a request’s total execution time that is spent on each LLM
is substantially more stable. Intuitively, despite being unpre-
dictable, workflows have underlying structure that creates
stable steady-state behavior: e.g., in beam search, a generator
execution is always followed by a verifier execution.
Thus, our key insight is that, for the scheduling of re-

quests, a system does not need to model the control flow
and execution time variability in agentic workflows exactly

(with data-dependent token generation, branches, fan-out,
and loops), but can instead reason about the fraction of aggre-
gate demand put on each LLM to decide on GPU allocations.
Under such stable aggregate demand, the familiar model of
a pipeline can model performance well: since non-LLM tool
and orchestration time is typically negligible (at most a few
milliseconds in our measurements), workflow-level through-
put is governed by whichever LLM becomes the workflow’s
bottleneck. In addition, the end-to-end latency can be ap-
proximated as the accumulated LLM latency time (adjusted
by the average amount of LLM parallelism).
In this paper, we describe Scepsy, an agentic workflow

serving system that efficiently schedules LLMs onto GPUs
according to their relative performance contributions. Scepsy
makes the following novel technical contributions:
(1) Modeling LLM workflows as the Aggregate LLM
Pipeline (§4). Scepsy makes GPU allocation decision based
on aggregate per-LLM statistics collected over many execu-
tions. To support arbitrary agentic workflow frameworks [20,
21, 23, 55], Scepsy extracts these statistics through a combi-
nation of tracing low-level LLM invocations and LLM perfor-
mance profiling, each without knowledge of the workflow
itself. It then leverages these statistics to construct an Ag-
gregate LLM Pipeline, a simplified representation of the re-
sources used by the workflow, which enables pipeline-style
latency and throughput predictions of agentic workflows
under different GPU allocations.
(2) Joint throughput/latency optimization of GPU al-
locations (§5). Agentic workflows combine LLMs with dif-
ferent resource needs, which are coupled across workflows.
Scepsy’s scheduler therefore performs joint, throughput and
latency aware, GPU allocation based on a novel search space
that considers model parallelism together with fractional
GPU allocations: for each LLM, Scepsy chooses (i) how many
model replicas it deploys; (ii) what tensor parallel degree
each replica uses; and (iii) what fraction of a GPU is given
to each replica. Fractional GPU allocation allows Scepsy’s
scheduler to model GPUs as quasi-continuous resources.
This ensures that allocated model replicas are not overdi-
mensioned, while maximizing GPU utilization. Considering
these three dimensions is sufficient to optimize the through-
put/latency trade-off: data parallelism using model replicas
adds serving capacity to bottleneck LLMs; tensor parallelism
reduces latency for LLMs on the critical path; and fractional
GPU allocation increases GPU utilization.
(3) Topology-aware fractionalGPUplacement (§6).With
multiple heterogeneous LLM replicas and tensor-parallel in-
stances, it is important to place them on GPU fractions in a
topology-aware fashion, i.e., keep tensor-parallel instances in
the same NVLink domain. This is an NP-hard problem, and it
is not supported by existing GPU cluster orchestrators, such
as Kubernetes [18]. In addition, poor placements can lead
to cluster fragmentation, which makes future placements
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AlpaServe [24] ✗ ✓ ✓ ✓ SLO
MuxServe [8] ✗ ✓ ✓ ✓ throughput
Prism [59] ✗ ✓ ✓ ✓ SLO
Aegaeon [56] ✗ ✓ ✓ ✓ SLO
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Kubernetes HPA [18] ✗ ✓ ✓ ✓ configurable
AIBrix APA [47] ✗ ✓ ✓ ✓ configurable
llm-d WVA [30] ✗ ✓ ✓ ✓ configurable
vLLM Production Stack [49] ✗ ✓ ✓ ✓ configurable
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ic

W
or
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ow Parrot [25] ✓ ✗ ✗ ✗ latency
Ayo [46] ✓ ✗ ✗ ✗ latency
TokenCake [3] ✓ ✗ ✗ ✗ latency
Autellix [28] ✓ ✗ ✗ ✓ latency
JITServe [61] ✓ ✗ ✗ ✓ SLO
Scepsy ✓ ✓ ✓ ✓ latency + t’put

Tab. 1: State-of-the-art systems comparison.

infeasible even with sufficient aggregate capacity. Scepsy
performs topology-aware fractional GPU placement on top
of Kubernetes: (1) Scepsy uses a heuristic that places large
tensor-parallel LLMs fractions first across cluster nodes; (2) it
then favors well-balanced tensor-parallel instance alloca-
tions within a GPU node, while packing smaller fractions
tightly; (3) it produces Kubernetes deployment files, which a
modified device plugin realizes as hierarchical placements;
and (4) it uses Nvidia MPS to enforce isolation between the
LLM fractions placed on GPUs.
Our prototype implementation of Scepsy1 is implemented
in 25K lines of Python code, and supports any agentic frame-
work [20, 21, 23, 55] andmost LLM execution engines [19, 63].
We evaluate Scepsy on three agentic workloads (RAG with
reranking, beam search, and a combined workload) on a
16-GPU cluster. Compared to multi-LLM serving using Ku-
bernetes [18] or Aegaeon [56], and workflow serving using
Ayo [46], Scepsy reduces average workflow latencies by up
to 27× at the same throughput, or increases peak throughput
by up to 2.4× for the same GPU budget.

2 Agentic Workflow Serving
In this section, we describe the key properties of agentic
workflows and their associated challenges (§2.1), and survey
existing approaches for serving requests to multiple LLMs,
explaining why they fall short for agentic workflows (§2.2).
We then discuss recent approaches for handling dependen-
cies between LLM invocations in agentic workflows (§2.3),
and highlight their limitations (§2.4).

2.1 Challenges when serving agentic workflows

Properties of agentic workflows. In agentic workflows,
LLM agents interact with tools [41, 57], databases [22] and
other agents [55] to solve complete complex tasks. For ex-
ample, inference-time scaling [43] is a common technique:

1Available post-acceptance at https://github.com/anon/Scepsy

workflows leverage additional compute resources (i.e., more
LLM invocations and generated tokens) to structure reason-
ing steps and improve output quality. Therefore, methods
such as beam search [42], Monte Carlo Tree Search [65], and
multi-agent collaboration [23] explicitly introduce dependen-
cies and control flow between LLM inference invocations.

Agentic workflows thus have three properties: (1) they are
composite, i.e., they contain arbitrary components including
LLM agents, tools and databases; (2) they are multi-LLM,
including different LLMs that must be adequate in size and
performance for their roles; and (3) they have unpredictable
execution, because their execution times and paths vary
drastically depending on the request input. For example, our
beam search trace shows that the number of generator LLM
invocations for a single request spans from 24 to 844, and
the end-to-end request latency varies from 9 to 264 seconds.
Diversity of agentic programming models. In tandem
with the diversity of emerging agentic workflows, many
agentic frameworks have appeared [21, 23, 27, 51]. Frame-
works provide different programming models for the devel-
opment of complex agentic workflows, specifying for partic-
ular patterns. For example, LangGraph [21] defines agentic
workflows as stateful graphs, with agents as nodes and con-
trol flow as edges between them; LlamaIndex [27] special-
izes in using retrieval-augmented generation (RAG) [22];
frameworks such as Autogen [55] and Camel [23] focus
on enabling multi-agent collaboration through agent com-
munication to solve complex problems. Each such agentic
framework comes with its own APIs, resulting in agentic
workflows that are expressed differently in terms of their
programming model.
The properties of agentic workflows and the diversity of

programming models across agentic frameworks present sig-
nificant challenges for serving systems. An efficient serving
system must address four key requirements: (1) workflow-
level optimization that accounts for cross-LLM dependencies
and unpredictable LLM invocations to improve performance
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beyond optimizing LLMs in isolation; (2) automatic GPU al-
location that dynamically assigns GPU resources to LLMs
without requiring manual user configuration; (3) multi-LLM
support that handles workflows that comprise heterogeneous
LLMs; and (4) unrestricted programming models that serve
agentic workflows written in any framework without impos-
ing custom APIs. Tab. 1 compares state-of-the-art agentic
workflow serving systems against these four challenges. The
table also includes, in the optimization target column, the
performance metrics each system optimizes for (e.g., latency,
SLO attainment, throughput, or some combination thereof).

2.2 Approaches for multi-LLM serving
Some existing approaches to serving agentic workflows fo-
cus on multi-LLM serving. These systems execute inference
for multiple LLMs concurrently, treating each model as an in-
dependent service. As shown in Tab. 1, optimizing metrics at
the individual LLM level enables multi-LLM serving systems
to support flexible programming models, accommodate het-
erogeneous LLMs, and automatically allocate GPUs across
the models within an agentic workflow. These systems fall
into two categories: autoscaling and multiplexing.
Autoscaling systems satisfy the resource requirements of
serving multiple LLMs by adapting the number of serving
engine replicas on demand for each LLM. These systems
make scaling decisions either based on observed resource
metrics [18, 47, 49] (e.g., GPU utilization, GPU cache usage),
or configurable autoscaling policies that optimize towards
a performance target [30, 47] (e.g., latency, Service-Level
Objectives (SLOs) or throughput).

When serving agentic workflows, autoscaling systems can
suffer from oscillations in GPU allocation: a scaling decision
for one LLM may cascade to other data-dependent LLMs,
and prevent the workflow from meeting its configured per-
formance targets.
Multiplexing systems co-locate multiple LLMs on the same
set of GPUs to share computational resources, either through
temporal multiplexing [24], spatial multiplexing [59] or a
mix of both [8, 56]. Compared to autoscaling, they allocate
temporal or spatial slices of GPUs to serve multiple LLMs by
targeting a single fixed performance objective such as SLO
attainment or throughput.
Multiplexing systems suffer from the unpredictable LLM

invocations in agentic workflows, as they provide a fixed
GPU multiplexing strategy for each LLM despite drastic vari-
ations in LLM execution times across workflow requests,
leading to performance degradation.
Overall, multi-LLM serving systems fall short for agentic
workflows because they do not consider key properties of
agentic workflows, such as the dependencies between LLM
invocations and the unpredictability of LLM invocations.
This prevents them from optimizing workflow-level perfor-
mance metrics, such as end-to-end latency and throughput.

2.3 Approaches for agentic workflow serving
Recent systems have focused on the problem of serving
agentic workflows (Tab. 1). In contrast to multi-LLM serv-
ing, these approaches exploit workflow-level knowledge to
address challenges specific to agentic execution. However,
they generally lack support for heterogeneous LLMs and do
not provide mechanisms for optimal GPU allocation. These
systems can be classified into two categories: static analysis
approaches and prediction-based scheduling approaches.
Static analysis systems propose custom abstractions for
agentic programming, in order to expose static dataflow
graphs of agentic workflows. Analyzing workflow graphs
enables them to apply new optimizations. For example, Par-
rot [25] applies graph-aware request batching and KV cache
sharing across requests to reduce inference latency. Ayo [46]
iteratively transforms the workflow graph with optimiza-
tions, such as splitting the prefilling phase for partial prompts
and pipelining decoding of semantically dividable tasks.

However, the proposed abstractions restrict the supported
programming models, and prevent static analysis systems
from supporting workflows with dynamic control flow that
are commonplace today, such as beam search [42], where
the generator LLM is invoked only on beams with the most
promising scores as determined by the verifier LLM.
Prediction-based scheduling systems formalize agentic
workflows as dynamic graphs, and use workflow-level sta-
tistics to forecast request completion time and make request
scheduling decisions. For example, Autellix [28] uses cu-
mulative LLM execution time to assign request priorities,
and dynamically preempts low-priority requests to avoid
head-of-line blocking and improve overall latency. Similarly,
JITServe [61] estimates an upper bound on response length,
and gradually refines these estimates to schedule serving
bandwidth with respect to latency SLOs.

However, these systems lack support for multi-LLM agen-
tic workflows: all agents in an agentic workflowmust use the
same LLM. In addition, these systems still leave the resource
allocation decisions for each LLM agent to the user, limiting
their ability to optimize serving performance.

2.4 Limitations of end-to-end workflow statistics
When serving agentic workflows with multiple heteroge-
neous LLMs, it is important to allocate more resources to
LLMs that have a larger contribution to the overall latency
and throughput. Absolute end-to-end performance statis-
tics, such as workflow execution latencies, however, provide
limited information for this purpose. Fig. 3a shows the dis-
tribution of execution latencies for a generator LLM and
a verifier LLM across 500 beam search requests. Since this
agentic workflow involves dependencies between the two
LLMs and individual LLM invocations are unpredictable,
there is a wide distribution of end-to-end execution times,
which would make it difficult to decide how to allocate GPU
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resources to each LLM. Hence, prediction-based scheduling,
as adopted by Autellix [28] and JITServe [61], struggles to
generalize to multi-LLM agentic workflows.
In contrast, relative statistics, such as the fraction of ex-

ecution time spent in each LLM (see Fig. 3b), remain more
stable across requests. Since the different LLMs in an agentic
workflow are coupled, it is unsurprising that they are af-
fected similarly by the execution cost of a request. Therefore,
we can exploit this observation to identify bottleneck LLMs
as part of the agentic workflow execution. Based on this, it
becomes possible to predict the overall performance of an
agentic workflow at steady state from these per-LLM relative
statistics (e.g., throughput and latency), and allocate GPU
resources to each LLM accordingly.

3 Scepsy Overview
Serving multi-LLM agentic workflows requires reasoning
about how the allocation of GPU resources impacts workflow
performance, but that is challenging because each request
involves dynamic control flow and variable LLM input/out-
put sequence lengths, and heterogeneous LLMs. Scepsy ad-
dresses this by leaning on our observation in §2.4: agentic
workflows have more stable steady-state behavior when

considering relative throughput and latency metrics across
LLMs.
Scepsy uses these relative performance statistics to con-

struct anAggregate LLM Pipeline, which represents the entire
workflow as an abstract pipeline that aggregates indepen-
dent, per-LLM profile traces. The Aggregate LLM Pipeline
has good predictive power for the end-to-end throughput
and latency of a workflow for a given number of LLM repli-
cas and tensor-parallel instances within a given resource
budget. This enables the Scepsy’s GPU scheduler to reason
about the performance of different GPU allocations: using
the Aggregate LLM Pipeline it can equalize the relative LLM
throughput, and minimize the end-to-end latency in the Ag-
gregate LLM Pipeline, without further profiling.

We give an overview of the Scepsy system in Fig. 2. Scepsy
builds and uses Aggregate LLM Pipelines to schedule one or
more agentic workflows on a GPU cluster, while co-optimiz-
ing workflow throughput and latency. At a high level, Scepsy
carries out the following steps: 1 it profiles each workflow
and its constituent LLMs from execution traces; 2 it synthe-
sizes the collected performance statistics into a per-workflow
Aggregate LLM Pipeline; 3 a GPU scheduler then searches
for a fractional resource allocation that fulfills the target
arrival rate of all provided Aggregate LLM Pipelines (using
LLM replication), and uses the remaining resources to best
reduce their end-to-end latency (using tensor-parallel LLM
instances); and 4 it places the selected GPU allocations
using a topology-aware approach on a GPU cluster.

As described in §2, existing agentic workflow serving sys-
tems require developers to express workflows in a particular
programming model. In contrast, Scepsy can execute work-
flows defined in an arbitrary agentic framework because
it captures workflow-level traces and uses these to express
per-LLM performance statistics ( 1 ). Scepsy profiles the ex-
ecution of a sequence of workflow-level requests, and for
each trace, it extracts telemetry such as per-LLM prompts
or cross-LLM serial/parallel request relationships. Scepsy
then obtains per-LLM performance statistics by replaying
all the traced LLM-level requests of a given LLM, across

5



all workflow-level requests, using various arrival rates and
parallelism configurations.

Scepsy then predicts the performance of the agentic work-
flow with the help of an Aggregate LLM Pipeline ( 2 ), which
abstracts the workflow as a pipeline over LLMs using aggre-
gate invocation counts, latency contributions, and through-
put. This pipeline abstraction is sufficient because sequential
and parallel LLM requests can be folded into a single ag-
gregate LLM stage by adjusting latencies according to the
average number of sequential invocations and the average
degree of parallelism. For example, in Fig. 2, the looped and
parallel LLM requests in the workflow are aggregated into
the GEN and VER LLM stages of the pipeline (stage ordering
does not matter; see §4). Scepsy then uses the Aggregate LLM
Pipeline to predict workflow performance: it adds the latency
contributions and considers the bottleneck throughput of
each pipeline stage. In this way, Scepsy can provide reliable
performance predictions of GPU allocations in terms of GPU
resources, tensor parallelism, and model replica counts.

Given LLMheterogeneity, speeding up one LLM can shift a
workflow’s bottleneck to another LLM. The Scepsy scheduler
therefore maximizes cluster efficiency and workflow perfor-
mance by optimizing resource allocations jointly across all
LLMs in one or more workflows ( 3 ). It does so by search-
ing over fractional GPU resources, tensor parallelism, and
replica assignments for each LLM, and looks for allocations
that yield the lowest latency within a target workflow-level
arrival rate. The scheduler provides an assignment within a
reasonable time (seconds), using the Aggregate LLM Pipeline
to predict the impact of each allocation. It prunes the search
space using a combination of performance statistics, hard-
ware topology information, and symmetries.

Given a GPU resource allocation, Scepsy deploys and
serves the workflows after placing the fractional LLMmodels
on cluster GPUs ( 4 ). Scepsy supports both the co-location
through fractional GPU allocation and distributed inference
through tensor parallelism, which enables small LLMs to
share GPUs while latency-critical LLMs can scale across
tightly interconnected GPU nodes. Scepsy enforces the as-
signed fractional GPU allocations, and supports KV-cache-
aware load balancing and GPU-aware topologies, on top of
a Kubernetes orchestrator.

4 Aggregate LLM Pipeline
Scepsy uses Aggregate LLM Pipelines to reason about all pos-
sible workflow executions accurately, despite their dynamic
and data-dependent behavior, while at the same time address-
ing the many shortcomings of previous systems [25, 28, 46]:
it supports any programming model and LLM serving en-
gine, multiple LLMs, provides GPU allocations rather than
temporal request scheduling, and optimizes allocations for
throughput-latency tradeoffs. Fig. 4 shows the steps that
Scepsy follows to build an Aggregate LLM Pipeline from an

arbitrary agentic workflow application. Given an Aggregate
LLM Pipeline, Scepsy can then quickly predict end-to-end
throughput and latency for a given schedule.
1 - Workflow Tracing. Scepsy deploys the agentic work-
flow with a sequence of representative workflow-level re-
quests and captures the resulting LLM-level request contents
as a set of execution traces. Scepsy does this in a workflow-
and engine-agnostic way by deploying an HTTP proxy in
front of the completions API of each LLM serving engine.
The proxy captures the request and response contents of
each LLM-level request, and associates them with start and
end timestamps and a workflow identifier. Tracing is not
used to capture the actual performance of this deployment,
and can be parallelized by executing each workflow-level
request in an independent deployment.
2 - Statistical Workflow Aggregation. For every LLM𝑚,
Scepsy extracts two workflow statistics: the average number
of invocations per workflow request, 𝑛𝑚 , and its average
request-level parallelism, 𝑝𝑚 . Request-level parallelism mea-
sures the average number of LLM requests that are running
in parallel within a single workflow request, and is deter-
mined by overlapping timestamps in the execution traces;
for example, the generator LLM shows three beams con-
currently, which this step would capture as 𝑝𝐺𝐸𝑁 ≈ 3 and
𝑝𝑉𝐸𝑅 ≈ 2 when the generator produces the same value on
two beams. These statistics capture dynamic behavior such
as loops, branches, and fan-out, without requiring static anal-
ysis of the application. Non-LLM components (e.g., tools,
databases) are discarded at this stage, since they do not con-
sume GPU resources and are typically negligible relative
to LLM invocation costs. Importantly, these statistics deter-
mine the relationship between LLM- and workflow-level
load; e.g., a workflow arrival rate of 𝜆𝑊 induces an arrival
rate of 𝜆𝑚 = 𝜆𝑊 · 𝑛𝑚 for LLM𝑚.
3 - LLM Profiling. Scepsy produces per-LLM throughput–
latency profiles to predict how each LLM performs under a
given allocation. It does so by replaying all the requests for
a given LLM across all execution traces, at varying arrival
rates, and maintaining inter-request dependencies within
each trace. Replaying real traces preserves important char-
acteristics such as prefill-heavy or decode-heavy request
distributions, realistic token lengths, and KV-cache behav-
ior (e.g., high prefix cache hit rates in the multi-turn beam
search workflow). For each LLM, Scepsy sweeps the arrival
rate from low load to saturation (i.e., maximum through-
put), and for each point records latency at various percentile
points and on average. The replay is repeated at multiple
tensor parallelism degrees (e.g., TP = 1, 2, 4) to capture the
empirical, non-linear scaling of each LLM under the target
workload. Each LLM can be profiled in parallel, without a
sweep over the number of replicas (replica count does not
affect latency, and throughput scales linearly with replicas).
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Fig. 4: Construction of an Aggregate LLM Pipeline for beam search workflow.

4 - Aggregate LLM Pipeline Synthesis. Scepsy synthe-
sizes the workflow statistics and per-LLM profiles into a
pipeline of unique LLMs that captures the agentic work-
flow’s throughput–latency characteristics. Scepsy does so by
transforming each LLM’s throughput–latency profile from
LLM-level to workflow-level units. In the resulting pipeline,
the latency contribution of each LLM 𝑚 to the latency of
workflow 𝑤 incorporates both the number of invocations
and request-level parallelism statistics of model𝑚:

𝐿𝑤 (𝜆𝑤) =
∑︁
𝑚

𝐿𝑤𝑚
(𝜆𝑤) =

∑︁
𝑚

𝐿𝑚 (𝜆𝑤 · 𝑛𝑚) ·
𝑛𝑚

𝑝𝑚
(1)

where 𝜆𝑤 is the target workflow-level arrival rate, and 𝐿𝑚 is
the average per-request latency of LLM𝑚 at the LLM arrival
rate 𝜆𝑤 · 𝑛𝑚 . The ratio 𝑛𝑚/𝑝𝑚 scales the LLM’s latency to
account for its parallelism. The workflow latency 𝐿𝑤 is there-
fore the sum over all LLMs, while the maximum workflow
throughput 𝑇𝑤 is the minimum across the throughput that
each LLM can sustain, normalized to workflow requests:

𝑇𝑤 =min
𝑚

𝑇𝑚

𝑛𝑚
(2)

where 𝑇𝑚 is the maximum throughput of LLM𝑚. Request-
level parallelism (𝑝𝑚) and arrival rate (𝜆𝑤 ) are not used here,
since parallel requests do not reduce the total number of
requests for an LLM, and the maximum throughput is in-
dependent of the arrival rate (respectively). The resulting
throughput-latency curve of LLM𝑚 is expressed in terms of
workflow-level throughput (𝜆𝑤) and workflow-level latency
contribution (𝐿𝑤𝑚

), which is also parameterized by the de-
gree of tensor parallelism and target latency percentile when
selecting the LLM profile data (not shown for clarity).
Once all LLMs are expressed using the workflow-level

metrics in an Aggregate LLM Pipeline, its structure directly
reveals which LLM dominates latency and which LLM is the
throughput bottleneck.
5 - Workflow Predictions. To predict the effect of a

resource allocation on workflow latency and throughput,
Scepsy takes as input a workflow arrival rate 𝜆𝑤 , a tensor par-
allelism degree𝑇𝑃𝑚 , and replica count 𝑑𝑚 for each LLM, and
the percentile 𝑃 at which latency should be evaluated. Scepsy

then retrieves the correspondingworkflow-level throughput–
latency graph of each LLM based on 𝑇𝑃𝑚 and 𝑃 , and calcu-
lates 𝐿𝑤𝑚

(𝜆𝑤). For multiple replicas 𝑑𝑚 , the arrival rate is
scaled to 𝜆𝑤 · 𝑛𝑚/𝑑𝑚 . The complete prediction for a candi-
date allocation combines the per-LLM values using eqs. (1)
and (2), requiring simple profile lookups and arithmetic.
Aggregate LLM Pipelines therefore make prediction cost

negligible compared to profiling the workflow for every pos-
sible resource allocation. This enables the Scepsy scheduler
(§ 5) to rapidly explore large numbers of allocations.

5 GPU Scheduling
For each agentic workflow, the challenge is to allocate the
right amount of GPU resources to each LLM. In particular, an
independent per-LLM allocation would not minimize latency
while serving the workflow at a target arrival rate. However,
the scheduling space is large due to the number of LLMs,
GPUs, and degrees of parallelism in a multi-LLM agentic
workflow, so the GPU scheduler must find a good solution
in a reasonable amount of time.
At the high level, the GPU scheduler enumerates candi-

date allocations with a specific configuration, such as allo-
cated GPUs and tensor parallelism. During the search, the
scheduler utilizes the Aggregate LLM Pipeline to predict the
utility of the candidate allocations. The scheduler picks the
allocation with the highest utility and Scepsy deploys the
allocation with the topology-aware fraction placement. The
GPU scheduler prunes the enumeration with workflow-level
statistics such as the LLM latency ratios, e.g., so that LLMs
with higher latencies get more resources.

Agentic workflows can exhibit LLM heterogeneity (e.g.,
small embedding LLM and large generative LLM in RAG-
Reranker). Consequently, the GPU demand of each LLM can
differ substantially. To accommodate this, the Scepsy sched-
uler uses fractional GPU allocation to co-locate LLMs and
increase the resource granularity from whole GPUs to GPU
fractions. For instance, with an embedding LLM of latency
1 s and a generative LLM of latency 12 s, the embedding LLM
should receive roughly 1/13 of the GPU resources, but with,
e.g., , 4 GPUs, it would receive at least 1/4 of a GPU.

Fig. 5 shows how the GPU scheduler searches for the best
GPU allocation. It starts by extracting the latency ratios from
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Fig. 5: Overview of GPU scheduling in Scepsy

the Aggregate LLM Pipeline. Based on the ratios, the GPU
scheduler 1 enumerates possible assignments of LLMs to
GPUs fractions; 2 maps each LLM’s GPU fraction to GPUs,
determining how many GPUs each LLM would be deployed
on and co-locations; and 3 it then uses the LLM-to-GPU
mapping to explore the tensor parallelism degree and number
of replicas to infer potential parallelism configurations.
1 Enumeration of GPU fractions. The first schedul-

ing step is the enumeration of all mappings from LLMs to
GPU fractions. Given 5 LLMs, 16 GPUs, and 10 fractions per
GPU, the number of possible mappings is large:

(16∗10+5−1
5−1

)
≈

29 million. To make this enumeration feasible, Scepsy uses
three pruning strategies: (i) giving more resources to LLMs
with a higher profiled latency because it is a proxy for the
LLM’s resource demand; (ii) only allocating GPUs contigu-
ously, because it exploits the symmetry of GPU allocations;
and (iii) limiting the degree of tensor parallelism to the high-
bandwidth inter-GPU degree, because for higher degrees the
communication overhead becomes prohibitive.
The main pruning strategy is to order the LLMs by their

latency ratios, since latency is a proxy of compute demand,
ensuring that LLMs with a higher latency ratio get more
GPU fractions. By following the ratios, the scheduler leaves
enough freedom to move the boundary between GPU frac-
tions of LLMs while excluding allocations in which small
LLMs (e.g., an embedding LLM) getmore resources than large
LLMs (e.g., generative Mixture-of-Expert LLM). In addition,
the GPU scheduler assigns each LLM the minimum number
of GPU fractions required to load the LLM parameters and
initialize the KV cache. This creates a lower bound of frac-
tions per LLM. For the upper bound, the scheduler subtracts
the sum of the minimum GPU fractions of all lower-latency
LLMs. Together, these pruning strategies limit the per-LLM
GPU fractions and further reduce the search space.

2 Packing fractions onto GPUs. The output of GPU-
fraction enumeration is a per-LLM GPU fraction, e.g., LLM A
gets 1.66 GPUs. The GPU scheduler must map these fractions
to actual GPUs, since the number of GPUs spanned by each
LLM is needed to reason about parallelism configurations
later. It packs GPU fractions contiguously onto GPUs. For
example, 1.66 GPUs are packed as a 1.0 fraction on GPU 1
and a 0.66 fraction on GPU 2. This ordering ensures that the
highest-latency LLMs have less partitioning across GPUs.
3 Resolving parallelism. Given the number of GPUs per
LLM, the goal is to determine which parallelism configura-
tions are feasible. The GPU scheduler considers two dimen-
sions of parallelism: tensor parallelism and data parallelism
through replica count. At a high level, it enumerates each
combination and verifies that it fits on the available GPUs.
Feasible combinations must satisfy the constraint that the
tensor parallelism degree times replica count evenly divides
the number of GPUs. Otherwise, the allocation would un-
derutilize GPU resources and hurt performance. In addition,
configurations where tensor parallelism would exceed the
degree supported by the high-bandwidth GPU interconnect
are pruned, since higher tensor parallelism degrees would
incur excessive communication overhead.
Scheduling multiple workflows. Users may often want to
deploy more than one workflow at a time. To support multi-
workflow deployments, the GPU scheduler takes multiple
workflows and their arrival rates as input and constructs a
multi-workflow resource allocation. This adds an additional
level to the search hierarchy to determine howmanyGPUs to
allocate to eachworkflow. For eachworkflow and its assigned
GPUs, the GPU scheduler searches for the per-workflow al-
location independently. It combines the per-workflow utility
into an overall utility. Scepsy uses an egalitarian welfare
policy to aggregate the workflow utilities, but can support
other fairness policies, such as social welfare.

6 Topology-Aware Fractional Placement
The Scepsy scheduler determines how much GPU compute
each LLM should receive (number of replicas, tensor-parallel
instances, GPU fraction sizes), but not cluster placement. In
particular, tensor parallelism requires topology-aware place-
ment to find suitable NVLink domains [37] (often not sym-
metric), and fractional allocation requires strict resource
limits on each LLM instance. However, existing cluster or-
chestrators do not simultaneously support topology-aware
placement and fractional GPUs [36]. Scepsy therefore com-
putes placements ahead-of-time, using simpler orchestrators
such as Kubernetes and enforcing fractional allocations at
runtime.
Hierarchical placement algorithm. Scepsy must avoid
cluster fragmentation to make placements feasible under per-
node capacity and topology constraints. For example, if a
number of small fractions is placed before a large one, they
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may consume capacity on the few nodes that can host larger
tensor-parallel models within an NVlink domain. The opti-
mal solution is NP-hard [7], but Scepsy uses a hierarchical
heuristic that first places LLMs into nodes while prioritizing
larger instances (inter-node stage), and then assigns GPU
fractions within a node (intra-node stage).
Scepsy uses a most-constrained-first heuristic that places

tensor-parallel models before non-tensor-parallel models
and, within each category, places larger allocations first. This
ensures NVLink-connected capacity is prioritized for large
tensor-parallel allocations, and then spreads the smaller allo-
cations across the remaining cluster capacity. For each node,
Scepsy enumerates NVLink domains, scores those with ca-
pacity by the imbalance between their largest and smallest
per-GPU fractions. Among the most balanced candidates,
Scepsy prefers the one with the least capacity, preserving
large capacity NVLink domains when possible. For sub-GPU
fractions, Scepsy instead packs them onto already occupied
GPUs first.
Deployment into Kubernetes. Scepsy realizes its place-
ment by producing Kubernetes deployment files that “lock”
inter-node placement decisions, and a Nvidia device plugin
we extended to implement intra-node GPU-fraction place-
ment. Kubernetes provides the remaining control-planemech-
anisms for deployment, restart, and health management.
Scepsy uses Nvidia MPS [34], with static limits on SMs and
memory, to enforce resource limits for each GPU fraction.
Scepsy relies on standard serving components, using one
vLLM [19] or SGLang [63] engine per replica and an SGLang
router [63] per workflow for load- and KV-cache-aware rout-
ing.

7 Evaluation
We evaluate Scepsy for two workflows: RAG+reranker and
beam search. For comparison, we benchmark against the
autoscaler of Kubernetes [18], multi-LLM serving of Ae-
gaeon [56], and workflow-aware serving of Ayo [46] (§7.2).
We do an ablation study to show how each contribution to
the overall performance (§7.4). Additionally, to showcase
the ability to combine multiple workflows, we simultane-
ously run RAG+reranker and beam search (§7.3), and we
benchmark the GPU scheduling search (§7.5).

7.1 Experimental Setup
The experiments have the following setup:
Cluster.We conduct on-premise experiments with 16 GPUs
(4 machines with 4 GPUs each). Each machine has an AMD
EPYC 7402P CPU, 4× NVIDIA RTX A6000 GPUs, and PCIe
4.0. The machines are interconnected by 100 Gbps Infini-
Band, and the GPUs are connected in two pairs using 3rd
generation NVLink.
Software. For Scepsy, we use MicroK8s [4] v1.32. As an LLM
engine, we use vLLM [19] v0.17, and as a request router, we

use the Model Gateway v0.3 of SGLang [63]. For compara-
bility with the Ayo [46] baseline, we use vLLM [19] v0.2.
Baselines. We compare Scepsy to (1) Kubernetes [18] using
MicroK8s [4] v1.32 as autoscaler baseline, (2) Aegaeon [11,
56] for multi-LLM multiplexing, and (3) Ayo [32, 46] as
workflow-aware baseline.
Workloads.Weuse RAG+reranker [33, 40] and beam search [15,
16] as workflows to benchmark the systems. In addition, we
combine RAG+reranker and beam search as combined work-
flows. For RAG+reranker the LLMs are e5-base-v2 and
Llama-3-8B. For beam search, we use Llama-3.2-1B and
Llama3.1-8B-PRM. For compatibility with the older vLLM
version, we use Llama-2-7b and math-shepherd.

7.2 End-to-end workflows
First, we evaluate the end-to-end throughput–latency curve
to explore the benefits of Scepsy’s resource allocation. For
each workflow and across different cluster sizes, we execute
the workflows at different arrival rates.
Autoscaling. In this experiment, we compare Scepsy to the
autoscaler baseline Kubernetes [18]. We evaluate the systems
for RAG+reranker and beam search for the cluster sizes of 4,
8, and 16 GPUs. For RAG+reranker, for 4 GPUs, we vary the
arrival rate from 1–28 req/s, for 8 GPUs, the arrival rates are
2–56 req/s, for 16 GPUs, the arrival rates are 4–112 req/s.

Fig. 6 shows the achieved throughput on the x-axis and
the workflow request latency on the y-axis. For all work-
flows and cluster sizes, Scepsy outperforms Kubernetes au-
toscaler for throughput and latency. For beam search, Scepsy
achieves 2.4× higher throughput for 4 GPUs, 1.5× for 8 GPUs,
and 1.8× for 16 GPUs. The latency improvements are 1.4×–
7.6× for 4 GPUs, 1.3×–5.2× for 8 GPUs, and 1.7×–10.4× for
16 GPUs. For RAG+reranker, there is a 1.5×, 1.2×, and 1.2×
throughput improvement for 4, 8, and 16 GPUs. The latency
improvements are 1.9×–14.9×, 1.2×–7.2×, and 1.4 × −27×,
respectively.

Scepsy outperforms Kubernetes autoscaler across the board,
because the Aggregate LLM Pipeline does accurate predic-
tions with which the GPU scheduler finds a well-performing
allocation. Kubernetes, with autoscaling, is hurt by scaling
up too much and then scaling down because the request
queues are empty, therefore ending up oscillating between
allocations. Additionally, the autoscaler doesn’t know about
parallelisms such as tensor parallelism to reduce latency if
the resource budgets allow.
LLMmultiplexing.We compare Scepsy against Aegaeon [56],
a multi-model serving system that pools GPU resources
across models via token-level auto-scaling. Aegaeon disag-
gregates serving into dedicated prefill and decode instances;
we serve non-LLM models (rerankers, embeddings) via its
prefill instances. We test three per-node prefill/decode splits:
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Fig. 6: Throughput–latency comparison across workloads and 4, 8, 16 GPUs
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Fig. 7: Scepsy vs Aegaeon throughput-latency comparison

across workloads and cluster scales

3P/1D, 2P/2D, and 1P/3D (four instances per node). For 8-
GPU experiments (two nodes), we use the same per-node
configurations.

Fig. 7 shows the results for RAG and beam search on 4
and 8 GPUs. Across all configurations and workloads, Scepsy
outperforms Aegaeon. For beam search, Scepsy achieves
7.3× higher throughput on 4 GPUs and 6.8× on 8 GPUs, with
latency improvements of 14.1× and 12.9×, respectively. For
RAG, Scepsy achieves 2.5× higher throughput on 4 GPUs
and 2.9× on 8 GPUs, with latency improvements of 3.4× and
4.5×, respectively. Among the tested configurations, every
Aegaeon split falls short of Scepsy.

Aegaeon lacks prefix caching, which particularly penalizes
beam search where multiple candidate solutions share long
common prefixes. Additionally, prefill instance swapping
between models is a significant source of overhead. Scepsy
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Fig. 8: Scepsy vs Ayo throughput-latency comparison across

workloads and cluster scales with vLLM v0.2.2.

does not have these disadvantages and leverages workflow-
awareness to achieve better performance.
Agentic workflow. To compare Scepsy to a agentic work-
flow system, we use Ayo [46] as the baseline. We evaluate for
RAG+reranker and beam search workflows and use cluster
sizes 4 and 8 GPUs. For RAG+reranker, for 4 GPUs, we vary
the arrival rate from 1−12 req/s, for 8 GPUs, the arrival rates
are 2 − 24 req/s.

Fig. 8 follows the same setup as Fig. 6. Ayo has compa-
rable latencies to Scepsy in the low-throughput region. In
the throughput-bound region of higher arrival rates, Ayo
soon reaches the throughput limit while Scepsy can still
serve the requests. For beam search, Scepsy achieves 3.2×
higher throughput for 4 GPUs and 8.2× for 8 GPUs. For RAG+
reranker, there is a 2.1× and 2.4× throughput improvement
for 4 and 8 GPUs.
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Fig. 9: Effect of combined workflows on per-workload per-

formance on 8 GPUs.

For a few of the data points in the latency bound region,
Ayo can slightly beat Scepsy with their optimizations, such
as request batching. But overall Scepsy has lower laten-
cies over a much wider range of arrival rates. That’s be-
cause Scepsy can adapt the GPU allocations based on the
arrival rate and optimizes for latency when it has enough
resources and switches to optimizing for throughput when
necessary. Therefore, showing that request-level schedul-
ing is not enough and does not have the main impact on
throughput-latency of agentic workflows.

7.3 Combined workflows
Scepsy supports serving multiple workflows. To demonstrate
that Scepsy can adapt the allocation to different arrival rates,
we fixed the arrival rate of one workflow and varied the
arrival rate of the second workflow.

Fig. 9a shows a static arrival rate for beam search and
varies the arrival rate for RAG+reranker. You can see that in
the left half, both workflows have a low latency, and when
the cluster utilization goes up, together with the arrival rate,
latencies increase. Fig. 9b shows similar behavior for a static
arrival rate for RAG+reranker and varying arrival rate for
beam search.
Scepsy can support multiple workflows and adapt to dif-

ferent workflow demands, i.e., arrival rates. That’s because
the GPU scheduler considers multiple workflows and en-
sures fairness between the workflows without starving one
of them to find an allocation that accommodates multiple
workflows.

7.4 Performance impact of contributions
To understand the contribution of Scepsy’s key optimiza-
tions, we conduct an ablation study that evaluates the through-
put-latency curve with different features disabled. We run
experiments in four configurations: the full Scepsy system,
Scepsy without parallelism, Scepsy without co-location (frac-
tional), and Scepsy with both optimizations disabled. That’s
done for both workflows, RAG+reranker and beam search
for 4 and 8 GPUs each.

Fig. 10 shows the throughput-latency curve. For RAG+
reranker for 4 and 8 GPUs, co-location is the biggest contrib-
utor to the throughput improvement. For beam search for
4 and 8 GPUs, the reduction in latency is due to the tensor
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Fig. 10: Ablation study showing the contribution of Scepsy’s

key optimizations across workloads and cluster scales.

parallelism. When both optimizations are disabled, Scepsy
experiences cumulative latency degradation and achieves
only a lower throughput compared to the full system.

The results show that both optimizations are required and
contribute significantly to overall performance and demon-
strate that Scepsy’s co-location and parallelism mechanisms
work synergistically to deliver good performance.

7.5 Scheduler Latency
The search time of Scepsy could be very high because of
the many combinations of GPU allocations. To verify that
the pruning enables finding a solution in a reasonable time,
we do a micro-benchmark and measure the GPU scheduler
search time, and vary the search parameters, such as the
number of LLMs, GPUs, and fractions per GPU.

Fig. 11 shows how the search time changes with the num-
ber of LLMs. It’s with 16 GPUs and 10 fractions each. The
search time grows exponentially with the number of LLMs,
but for all numbers of LLMs the search time stays below 35 s.
In Fig. 11, the shape of the curve for the number of GPUs is
exponential, too. It uses 3 LLMs and 10 fractions per GPU.
Similarly, the search time goes up to 70 s for 128 GPUs. For
the number of fractions per GPU with 3 LLMs and 16 GPUs,
the search time goes up to 1 s.
The experiments show that even though search times in-

crease with larger dimensions, the time stays below a minute.
Therefore, Scepsy finds a good allocation in a reasonable
time.

8 Related Work
LLM serving engines optimize performance when execut-
ing LLM inference requests. vLLM [19] reduces KV cache
fragmentation via PagedAttention to maximize throughput.
Sarathi-Serve [1] batches prefill and decode requests via
chunked prefill to improve GPU utilization. NanoFlow [66]
and PodAttention [17] further improve intra-device resource
utilization by overlapping operations with complementary
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Fig. 11: Search time as scheduling parameters scale for the combined workflow.

resource demands and fusing prefill and decode attention,
respectively. In contrast, Scepsy is an orchestration layer
between agentic workflows and LLM serving engines, and
is compatible with different engines.
Distributed LLM systems. Considerable research has fo-
cused on distributed LLM serving [6, 13, 39, 45]. DistServe [64]
decouples prefill and decode to scale them independently,
and LoongServe [53] extends this with elastic scheduling
across heterogeneous clusters. Serverless approaches [9, 58,
60] optimize cold-start latency via caching. CornServe [29]
disaggregates models into independently scaled components.
However, all of these systems optimize single-request LLM
performance and lack workflow awareness, leading to sub-
optimal performance for agentic workloads.
GPU sharing techniques. Prior work has explored sharing
GPU resources [26, 50, 54, 62] through temporal and spa-
tial multiplexing. Temporal multiplexing shares a GPU by
context-switching between jobs. For example, Nvidia vG-
PUs [35] and AlpaServe [24] both time-slice a GPU across
multiple models. However, these systems incur significant
context-switching overhead for LLM serving. Spatial multi-
plexing instead allows multiple processes to run simultane-
ously, eliminating this overhead. Nvidia MPS [34] provides
each application with dedicated memory and streaming mul-
tiprocessors; Orion [44] co-schedules non-interfering ker-
nels for fine-grained spatial sharing; and Reef [12] pads real-
time kernels with best-effort kernels to maximize utilization.
Scepsy leverages Nvidia MPS to co-locate LLMs.

9 Discussion
Inter-LLM parallelism. Scepsy’s parallelism adjustment
on latency handles the common case of fan-out on the same
LLM. If a workflow instead fans out across different LLMs,
the Aggregate LLM Pipeline would incorrectly model that
as a serial pipeline. A solution is for Scepsy to better model
only the critical-path contributions of each LLM by tracking
overlapping traces in the Aggregate LLM Pipeline.
Bimodal load distributions.When an LLM is reused across
workflows, or in distinct roles within a workflow, it can in-
duce a bimodal load distribution that leads to suboptimal

scheduling. Rather than fitting a single aggregate distribu-
tion, Scepsy could classify traces into a small set of recurring
usage patterns, build a separate Aggregate LLM Pipeline
for each, and combine them during prediction as it already
does for multiple workflows. This would let the predictor
reason about each mode separately while still allocating the
underlying LLM replicas jointly.
Non-negligible tool execution times. Most tools used by
agentic workflows are short-running, which allows Scepsy
to ignore them in the Aggregate LLM Pipeline. Some work-
flows, however, include long external operations, such as
monitoring experiments, that can dominate end-to-end la-
tency. To support such cases, the Aggregate LLM Pipeline
could include non-optimizable tool stages that add a fixed
latency bias but are unaffected by GPU allocations.

10 Conclusion
We described Scepsy, a system for serving multi-LLM agen-
tic workflows on GPU clusters. Scepsy is built on the ob-
servation that, although individual workflow executions are
highly dynamic, their aggregate per-LLM behavior is sub-
stantially more stable across requests. Scepsy captures this
behavior with the Aggregate LLM Pipeline. This compact
abstraction predicts end-to-end workflow throughput and
latency from traced executions and per-model profiling, and
uses it to jointly optimize fractional GPU shares, tensor par-
allelism, and replica counts across all LLMs in a workflow.
Its topology-aware runtime then efficiently realizes these
allocations. Our evaluation shows that it is sufficient to turn
unpredictable workflows into good GPU allocations, yielding
substantial throughput and latency improvements. Broadly,
Scepsy exhibits that aggregate steady-state reasoning is a
practical foundation for efficient, framework-agnostic sys-
tems supporting dynamic agentic workflows.
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