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Abstract—Complex agent tasks are often decomposed into
multiple subtasks and processed by different sub-agents, form-
ing an agent service chain. Existing methods mainly focus on
logical sub-agent configuration, but often leave execution end-
points implicit. In distributed multi-server environments, feasible
endpoints may differ in communication delay, queueing load,
and execution capability, so capability-feasible endpoints are
not necessarily latency-efficient. We propose DyOrchestration,
a centralized orchestration method that jointly considers com-
munication, queueing, and execution costs, and supports both
single-task and batch-aware multi-task selection. Experiments
show that, at 8 req/s, the batch-aware variant of DyOrchestration
reduces average completion latency by up to 80% compared with
AORCH and Nearest, while mitigating endpoint hotspots and
improving completed throughput under concurrent workloads.

Index Terms—Multi-Agent Systems, Agent Orchestration,
Agent Service Chains, Dynamic Endpoint Selection

I. INTRODUCTION

Complex tasks increasingly require multi-step reasoning,
tool invocation, and heterogeneous model capabilities. As a
result, multi-agent systems are gradually moving from single-
agent designs or fixed workflows toward orchestrator-subagent
architectures. Prior studies have shown that role specialization,
collaborative dialogue, and specialized agents can improve
complex-task solving [1], [2]. Recent agent frameworks further
demonstrate the value of multi-agent interaction in complex
tasks [3], [4]. We focus on distributed agent service chains,
where an orchestrator decomposes a request into multiple
subtasks and progressively delegates them to distributed end-
points.

Existing approaches mainly focus on logical sub-agent
creation, i.e., determining the instruction, context, tools, and
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Fig. 1: Motivation of deployment-aware endpoint selection.

model capability for each subtask. These approaches address
how agents can be dynamically created. However, a logical
configuration only specifies the required capabilities of a
subtask. It does not decide where the corresponding sub-
agent should be created and executed. The same logical
configuration may be supported by multiple feasible endpoints,
while their network conditions, queue loads, and execution
capabilities can differ. Therefore, capability feasibility does
not imply latency efficiency. Prior inference-serving studies
have shown that runtime resource selection and load states
significantly affect service latency and throughput [5], [6].
However, they usually do not directly address agent service-
chain endpoint selection after logical sub-agent configuration
generation.

If multiple ready subtasks independently select endpoints
at the same scheduling time, they may converge on the same
endpoint and amplify queueing pressure. As shown in Fig.1,
logic-only delegation ignores endpoint state, while single-
factor selection explicitly introduces endpoint selection but
still relies on a single factor such as proximity or queue
state. Therefore, endpoint selection for agent service chains
should jointly consider communication, queueing, and exe-
cution costs, and further account for assignment interactions
among subtasks in the same batch [7].

To this end, we propose DyOrchestration, a deployment-
aware endpoint selection method for distributed multi-agent
service chains. DyOrchestration retains a centralized orches-



trator architecture. After logical sub-agent configuration gen-
eration, it delegates subtasks by jointly considering communi-
cation overhead, queue load, and execution cost. For a single
ready subtask, it selects the endpoint with the minimum overall
cost. For multiple ready subtasks in the same scheduling
batch, it adopts batch-aware greedy selection and uses virtual
waiting-time updates to reduce the risk that subtasks in the
same batch concentrate on the same endpoint. The main
contributions of this paper are as follows.

e Problem formulation. We formulate the deployment-
aware endpoint selection problem in distributed multi-
agent service chains, and incorporate creation and execu-
tion endpoint decisions after logical sub-agent configura-
tion generation into the orchestration process.

o DyOrchestration design. We design DyOrchestration
within a centralized orchestrator architecture. It jointly
considers communication overhead, queue load, and ex-
ecution cost, and supports both single-task selection and
batch-aware multi-task selection.

o Controlled evaluation. We build a controlled agent
service-chain evaluation, showing that DyOrchestration
reduces average completion latency by up to 80% over
logic-only and proximity-first baselines, while mitigating
endpoint hotspots and improving completed throughput
under concurrent loads.

II. RELATED WORK AND MOTIVATION

We discuss related work from three aspects, including multi-
agent orchestration, agent service chains, and deployment-
aware endpoint selection.

A. Multi-Agent Orchestration

Multi-agent orchestration mainly studies how multiple
agents are organized, coordinated, and dynamically selected.
Zhang et al. [8] proposed Chain-of-Agents, where multiple
worker agents sequentially process long-context segments
and a manager agent aggregates the results. Liu et al [9]
proposed DyLAN, which dynamically selects an agent team
and adjusts the communication structure according to task
requirements. Zhuge et al. [10] proposed GPTSwarm, which
models language agents as optimizable computational graphs
and improves agent orchestration through node/edge optimiza-
tion. These studies show that agent selection, role assignment,
and communication topology are key factors in multi-agent
collaboration. However, their adaptivity mainly lies in the
logical collaboration layer. In contrast, we focus on endpoint
selection after logical sub-agent configuration generation.

B. Agent Service Chains

Complex agent tasks usually cannot be completed by a
single LLM call; instead, they require stepwise invocations of
tools, models, APIs, functions, or sub-agents. Schick et al. [11]
proposed Toolformer, which enables language models to learn
when to call external APIs, how to pass arguments, and how to
use returned results. Shen er al. [12] proposed HuggingGPT,
where an LLM controller performs task planning, model

selection, task execution, and response generation by invoking
external expert models for complex multimodal tasks. Yu et
al. [13] studied serverless function orchestration and showed
that complex applications often consist of multiple function
workflows, where intermediate data exchange among functions
can significantly affect execution efficiency. Prior work shows
that complex agent tasks often involve chained invocations and
intermediate-result transfer. We therefore abstract orchestrator-
generated subtasks as an agent service chain, while creation
and execution endpoint selection after logical sub-agent con-
figuration remains largely implicit.

C. Deployment-Aware Endpoint Selection

In distributed systems, execution placement directly affects
communication delay, resource contention, queueing delay,
and end-to-end completion time. Zhu et al. [14] proposed
an edge-cloud workflow scheduling method for scheduling
dependent workflows under dynamic workloads. Raza et al.
[15] proposed COSE, which jointly selects configuration and
placement for serverless applications. Xu et al. [16] proposed
a placement method for stateful serverless applications, con-
sidering function/state dependencies, data size, and network
latency. Tang et al. [17] proposed a joint decision method
for resource overbooking and container scheduling, capturing
the coupling between resource heterogeneity and scheduling
decisions. Prior work confirms that deployment location, run-
time load, and resource heterogeneity affect distributed exe-
cution performance. However, existing methods mainly target
workflows, serverless functions, or containers, while we focus
on capability-constrained endpoint selection for agent service-
chain subtasks, jointly considering communication, queueing,
execution costs, and batch-induced load.

III. METHODOLOGY

This section presents DyOrchestration, a deployment-aware
endpoint selection method for distributed multi-agent service
chains. After logical sub-agent configuration is generated, Dy-
Orchestration selects the endpoint for creation and execution
according to network state, endpoint load, and processing
capability. As shown in Fig.2 (a), DyOrchestration follows
a centralized orchestration process that integrates agent pro-
filing, endpoint placement, and sub-agent execution. We then
formulate the endpoint selection problem and introduce single-
task selection and batch-aware multi-task selection.

A. Problem Formulation

We study agent service-chain orchestration in a distributed
multi-server environment. The orchestrator decomposes a user
request into subtasks and generates the corresponding logical
sub-agent configurations. Existing methods mainly focus on
logical requirements, such as instruction, context, tools, and
model capability, but rarely consider the creation and execution
endpoint. In distributed deployments, the same logical config-
uration may be supported by multiple feasible endpoints with
different network paths, bandwidth, communication delays,
queue states, and processing capabilities. Therefore, capability
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Fig. 2: Overview of DyOrchestration.

feasibility does not imply latency efficiency. We first model a
user request as an agent service chain.

Let a user request be denoted by r. In the orchestrator—
subagent architecture, the orchestrator decomposes the request
into a set of interrelated subtasks, represented as

(D

Where C,. denotes the service chain corresponding to request
r, v, ; denotes the j-th subtask, and J,. denotes the number of
subtasks. We treat task decomposition and logical configura-
tion generation as upstream orchestration results, and focus on
selecting the creation and execution endpoint for each ready
subtask.

For subtask wv,. ;, its logical sub-agent configuration is de-
fined as

Cr = (Vr1,Vr.2, - Up g, )-

CI)r,j = <Ir,j70r,j7Tr,jaM'r‘,j>~ (2)

As illustrated in Fig2 (b), I, ;,C, ;, T, and M, ; denote
the instruction, context, tool set, and model capability of the
subtask, respectively. This configuration specifies the logical
execution requirements of the subtask, but it is not yet bound
to a specific execution endpoint.

Let the candidate endpoint set be £ = {e1,ea,...,en}.
Since endpoints may differ in supported models, tools, and
resource states, the feasible endpoint set of subtask v, ; at
time ¢ is defined as

Ei(t) ={ee€ | ac(®,;,t) =1} 3)

Where a.(®,;,t) € {0,1} indicates whether endpoint e
satisfies the execution requirements of configuration ®,. ;. To
unify single-request and multi-request concurrent scenarios,
we use u to denote a ready subtask waiting for endpoint

selection, and abbreviate ®,; and &, ;(t) as ®, and &,(t),
respectively.

Endpoint selection depends on the current system state. We
denote the runtime state at time ¢ as

Qt = <Ga B(t)7 d(t)? Q(t)7 :U’(t>>' (4)

Where G denotes the distributed server and network topology,
B(t) denotes the available path bandwidth, d(t) denotes the
base communication delay, Q(t) denotes the endpoint queue
state, and u(t) denotes the recent effective processing rate of
endpoints. These states can be observed or estimated from
network monitoring, scheduler queues, and worker runtime
logs.

Let [,, denote the input data location of subtask w, and let
z, denote the data size to be transferred before execution. For
a candidate endpoint e € &,(t), the communication delay is
defined as
Zy

By, ()

Where d;, .(t) and By, .(t) denote the base communication
delay and available bandwidth from [,, to endpoint e, respec-
tively.

In addition to communication delay, endpoint load and
processing capability also affect completion time. For endpoint
e, its estimated waiting time is defined as

DEei(t) = Wifo) = 220

Where ¢.(t) denotes the number of tasks currently waiting at
endpoint e, and p.(t) denotes its recent effective processing
rate. This approximation provides a lightweight estimate of
endpoint waiting time.

D™ ™ (e, t) = dy, e (t) + 5)

(6)
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Fig. 3: Endpoint selection workflows.

Furthermore, let D*¢¢(e, t) denote the estimated execution
time of subtask u on endpoint e. The endpoint-side processing
delay of subtask u on endpoint e is then defined as

Diyo(e, t) = D™ (t) + DT (e, 1). @)

Finally, the endpoint selection cost of delegating subtask u
to candidate endpoint e is defined as

Ju(e, t) = D™ (e, t) + DEC(e, t). ()

This cost jointly captures network transmission overhead,
endpoint waiting time, and endpoint execution time. Based on
this model, the next subsection introduces DyOrchestration in
single-task and multi-task endpoint selection scenarios.

B. DyOrchestration

After logical sub-agent configuration generation, DyOrches-
tration selects an execution endpoint among capability-feasible
candidates by jointly considering communication delay and
endpoint-side processing delay. As shown in Fig.2 (c), this
process includes feasible endpoint filtering, runtime state
profiling, and endpoint placement. As shown in Fig.3, the
endpoint selection workflows are illustrated.

1) Single-task selection: As shown in Fig. 3 (a), when only
one subtask u is ready at a scheduling instant, DyOrchestration
performs single-task selection. This process first filters the fea-
sible endpoint set &£, (t) according to the logical configuration

®,,. It then computes the endpoint selection cost J, (e, t) for
each candidate endpoint.

The objective of single-task endpoint selection is

er = arg eé%if(lt) Ju(e, t). 9
Where, ¢}, denotes the creation and execution endpoint se-
lected for ready subtask u. This rule does not simply choose
the endpoint with the minimum communication delay, nor does
it simply choose the endpoint with the shortest queue. Instead,
it selects the endpoint with the minimum overall cost J, (e, t).

After obtaining e}, we combine the logical config-
uration with the endpoint selection result to form a
deployment-aware sub-agent configuration ¥,, = (®,,¢e}) =
(Iy, Cyu, Ty, My, €r). Where, ¥, denotes the final delega-
tion configuration of subtask u. It contains both the logical
sub-agent configuration ®,, and the creation and execution
endpoint e}, selected by DyOrchestration. The orchestrator
then delegates the subtask to the target endpoint according
to U, creates or invokes the corresponding sub-agent on that
endpoint, and updates the service-chain context and the input
location of subsequent subtasks after execution completes.

Single-task selection is the basic decision unit of Dy-
Orchestration. It is suitable for low-concurrency scenarios or
scheduling instants where only one subtask is ready. However,
in multi-request concurrent scenarios, multiple subtasks may
become ready at the same time. If each subtask independently
applies (9), multiple subtasks may select the same endpoint
that currently has the lowest cost, thereby creating new
queueing pressure at that endpoint within a short period. To
address this issue, DyOrchestration further introduces multi-
task selection.

2) Multi-task selection: As shown in Fig. 3 (b), in multi-
request concurrent scenarios or when multiple service chains
advance simultaneously, multiple subtasks may become ready
at the same scheduling instant. If each subtask performs single-
task selection independently, multiple subtasks may select the
same low-cost endpoint at the same time. This can introduce
new queueing pressure. To address this issue, DyOrchestration
adopts a batch-aware greedy endpoint selection strategy. It
processes the ready subtasks in the current batch according
to priority order and updates the virtual waiting time of the
selected endpoint after each assignment.

Let the ready subtask set at time ¢ is

U(t) = {ui,ug,...,ux}. (10)

Where, K denotes the number of ready subtasks in the current
scheduling batch. DyOrchestration first sorts U(¢) according
to a lightweight priority rule. The priority mainly considers
the number of feasible endpoints, ready time, and estimated
workload.

To capture the impact of assignments already made within
the current batch, DyOrchestration maintains a virtual waiting
time for each endpoint. The virtual waiting time is initialized
as the current estimated waiting time

V.(t) = DY (t), VecE&. (11)
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Where, V,(t) denotes the virtual waiting time of endpoint e
in the current batch. Initially, V,(¢) is equal to the current
estimated waiting time of the endpoint. When a subtask is
assigned to this endpoint, V.(¢) is updated to reflect the
additional waiting imposed on subsequent subtasks by this
assignment.

For the currently processed ready subtask u, DyOrchestra-
tion defines the batch-aware cost of assigning it to candidate
endpoint e as

JMe, t) = DS (e, t) + Ve(t) + D¢ (e, t).

Where, the superscript m denotes the multi-task scenario.
The term V. () reflects the additional waiting introduced by
existing assignments to endpoint e within the current batch.
DyOrchestration then selects the endpoint with the minimum
batch-aware cost

(12)

e; =arg min J;'(e,t).

13
e€&, (t) ( )

After the assignment is completed, the virtual waiting time
of the selected endpoint is updated as

e (E) = VAUE) + DS (el 1)

This update allows subsequent subtasks to perceive the exe-
cution load already introduced within the current batch when
they evaluate the same endpoint. It therefore reduces the risk
that multiple subtasks are concentrated on the same low-
cost endpoint at the same time. After endpoint selection is
completed for all ready subtasks, DyOrchestration obtains the
set of deployment-aware configurations

(Vo = (Pu, ;) [u € U@)}- (15)

The subtasks are then dispatched to their corresponding end-
points for execution.

(14)
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The above multi-task selection is a batch-aware extension of
single-task selection for concurrent scenarios. When |U(¢)| =
1, the process reduces to single-task selection. When |U (¢)| >
1, the virtual waiting-time update allows endpoint selection
to perceive existing assignments within the same batch. It
should be noted that this process is a lightweight online greedy
heuristic rather than a globally optimal scheduling algorithm.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

We evaluate DyOrchestration under heterogeneous endpoint
and network conditions, focusing on latency, load distribution,
throughput, and the effect of batch-aware selection.

A. Experimental Setup

The workload follows a Poisson arrival process and is
repeated over five random seeds. Each setting contains 300
requests, with request rates from 1 to 16 req/s. The system
includes 12 heterogeneous endpoints, service-chain lengths
of 3, 5, and 8, and varied network states, input sizes, and
execution capabilities. Bursty arrivals are used as an ablation
setting for batch-aware multi-task selection.

We compare five endpoint selection strategies. AORCH [18]
serves as a logic-only baseline, which delegates subtasks only
based on the logical sub-agent configuration. Nearest [19]
represents proximity-first endpoint selection, which selects
the feasible endpoint with the lowest communication delay.
Shortest-Q [20] represents queue-aware endpoint selection,
which selects the feasible endpoint with the shortest estimated
waiting time. DyOrch-ST jointly considers communication,
queueing, and execution costs, while DyOrch-MT further
introduces intra-batch virtual waiting-time updates. The eval-
uation metrics include completion latency, latency breakdown,
endpoint load distribution, completed throughput, and MT-
over-ST latency gain under the bursty setting.



B. Experimental Results

We evaluate DyOrchestration from four aspects: completion
latency, latency breakdown, endpoint load distribution, and
completed throughput.

As shown in Fig. 4, AORCH and Nearest exhibit rapidly
increasing average and P95 completion latency as the offered
load grows, because AORCH ignores runtime endpoint states
while Nearest repeatedly selects nearby endpoints. DyOrch-ST
and DyOrch-MT maintain lower latency by jointly considering
communication, queueing, and execution costs; at 8 req/s,
DyOrch-MT achieves about 2.13 s average latency, while
AORCH and Nearest exceed 11 s.

As shown in Fig. 5, the latency gap mainly comes from
queueing delay. Although Nearest has the lowest communi-
cation cost, endpoint concentration causes severe queueing,
while DyOrch-ST and DyOrch-MT keep the latency compo-
nents more balanced.

As shown in Fig. 6, AORCH and Nearest create endpoint
hotspots, with lower utilization fairness and higher Top-1/Top-
3 task shares. Shortest-Q improves load distribution, but its
latency remains higher than DyOrch because it ignores com-
munication and execution costs.

As shown in Fig. 7, DyOrch-ST and DyOrch-MT sustain
higher completed throughput under high offered load. Under
bursty arrivals, DyOrch-MT gains additional latency reduction
through virtual waiting-time updates. The results show that
DyOrchestration improves service-chain performance mainly
by reducing queueing amplification and endpoint concentra-
tion.

Overall, the experimental results show that deployment-
aware endpoint selection is a key factor affecting agent service-
chain performance. By jointly considering communication,
queueing, and execution costs, DyOrchestration reduces com-
pletion latency, mitigates endpoint hotspots, and improves
completed throughput under concurrent workloads.

V. CONCLUSION

This paper studied deployment-aware endpoint selection for
multi-agent service chains in distributed multi-server envi-
ronments. DyOrchestration keeps a centralized orchestrator
architecture and selects execution endpoints for ready sub-
tasks by jointly considering communication, queueing, and
execution costs under capability constraints. It supports both
single-task and batch-aware multi-task selection to reduce
endpoint concentration under concurrent batches. Experiments
show that DyOrchestration reduces average completion latency
by up to 80% compared with logic-only and proximity-first
baselines, while mitigating endpoint hotspots and improving
completed throughput.

Future work will validate DyOrchestration in real multi-
server agent systems and extend it toward more accurate
runtime state estimation, richer service-chain dependencies,
endpoint failures, cost constraints, and energy-aware deploy-
ment.
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