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Abstract

Deploying Large Language Models (LLMs) in collaborative multi-agent settings repre-
sents a promising frontier for complex AI problem-solving, yet the field lacks systematic
mechanisms to manage the inherent coordination overhead and resource contention that
arise at scale. Existing LLM-based Multi-Agent System (MAS) frameworks predominantly
adopt sequential or loosely coupled execution models, which fail to exploit the parallelism
potential of modern computing environments and limit overall system throughput. To
bridge this gap, this paper presents DynTaskMAS, a framework that redefines task or-
chestration in LLM-based MASs through a dynamic task graph abstraction. Rather than
treating tasks as static pipelines, DynTaskMAS continuously models task interdependencies
at runtime, enabling opportunistic parallel execution while preserving logical correctness.
The architecture integrates four synergistic components: a runtime task decomposition
module that captures evolving dependencies among subtasks; a scheduling engine that
dispatches ready tasks to available agents without centralized bottlenecks; a context prop-
agation layer that maintains shared semantic state across concurrently executing agents;
and a self-tuning workflow controller that adapts execution priorities based on observed
system load. Together, these components address a core tension in LLM-based MAS de-
sign, balancing agent autonomy with coordinated efficiency. Evaluations across tasks of
varying complexity confirm that DynTaskMAS delivers substantial gains in execution effi-
ciency (21.3–33.0% reduction), resource utilization (from 65% to 88%), and agent scalability
(3.47× throughput with 16 concurrent agents) compared to sequential baselines. This work
offers a generalizable architectural blueprint for next-generation LLM-based Multi-Agent
Systems operating under real-world dynamic and resource-constrained conditions.

Keywords: large language models; multi-agent systems; task graph scheduling;
asynchronous parallel execution; context management; workflow orchestration
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1. Introduction
The rapid advancement of Large Language Models (LLMs) has reshaped the landscape

of artificial intelligence, demonstrating unprecedented capabilities in natural-language
understanding, reasoning, and generation [1–3]. These models, particularly after instruc-
tion tuning and alignment, have exhibited remarkable proficiency in tasks ranging from
open-ended text completion to multi-step logical reasoning, opening new avenues for
intelligent system design. In parallel, Multi-Agent Systems (MASs) have gained significant
traction as a distributed problem-solving paradigm that leverages the collective intelli-
gence of multiple specialized entities [4–10]. The convergence of these two paradigms,
LLM-based Multi-Agent Systems, has become a promising frontier in AI research, with the
potential to address increasingly complex and dynamic challenges across software engineer-
ing [11,12], computer networks [13,14], embodied decision making [15,16], long-horizon
reasoning [17,18], and potentially in a scalable and decentralized manner [19].

Despite this momentum, contemporary LLM-based MAS implementations expose a
fundamental tension between agent autonomy and system-level efficiency. As the scale and
complexity of multi-agent workloads grow, three structural limitations become increasingly
apparent. First, the dominant execution pattern remains sequential or loosely coupled chain-
of-thought orchestration [20], where agents operate one after another even when logical
dependencies permit concurrency. Second, current systems lack a principled mechanism
to continuously decompose a user-level task into a dependency graph whose granularity
and shape adapt as new information arrives. Third, context propagation among agents
is typically achieved through monolithic conversation histories, which induces quadratic
growth in token consumption and creates severe bottlenecks for both inference latency and
resource utilization [21,22].

As task complexity escalates, these limitations compound. Decomposition becomes
increasingly intricate, requiring more sophisticated mechanisms to break down complex
problems while maintaining logical coherence. Parallel processing capabilities of existing
systems are often underutilized, leading to inefficiencies in resource allocation and exe-
cution time. Cross-agent context management becomes exponentially more challenging
as the number of interactions and the volume of shared information grow. Surveys of the
emerging LLM-MAS landscape [9,10,23] confirm that a unified runtime abstraction for
dynamic task orchestration remains an open problem.

To address these limitations, we propose DynTaskMAS, a Dynamic Task Graph-Driven
Framework for Asynchronous and Parallel LLM-based Multi-Agent Systems. By promoting the
dynamic task graph to a first-class runtime abstraction, DynTaskMAS enables flexible task
decomposition and efficient parallel execution, effectively overcoming the limitations of
static pipelines. The key contributions of this work are as follows:

1. We formulate dynamic task orchestration for LLM-based MASs as a runtime
dependency-graph problem, in which complex language tasks are decomposed into a
directed acyclic graph whose edges carry both an estimated computational cost and a
semantic context-transfer cost.

2. We design an asynchronous parallel execution engine that schedules ready vertices
of this graph across a pool of LLM-based agents without centralized bottlenecks,
and we analyze the conditions under which the resulting dispatch policy preserves
task dependencies while improving GPU utilization.

3. We introduce a semantic-aware context management mechanism that distributes
context updates only to agents whose current subtask is semantically related, thereby
avoiding the quadratic cost of broadcasting full conversation histories.

4. We provide detailed experimental results against a sequential baseline: 21.3–33.0%
reduction in execution time across task complexities, a relative 35.4% improvement
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in GPU resource utilization (from 65% to 88%), and a 3.47× throughput improve-
ment when scaling from 4 to 16 concurrent agents (i.e., a 4× increase in agent
count). We further report an ablation study that isolates the contribution of each
architectural component.

Building upon our prior work [24], we further contribute: (i) A new Preliminaries
section (Section 3) introduces the dynamic task graph, the multi-agent execution model,
and the scheduling problem as formal objects, none of which appeared in the conference
version. (ii) The related work is broadened from a single paragraph to four thematic
subsections (Sections 2.1–2.4) and now covers serving systems, dependency-aware agent
graphs, and the context-management literature. (iii) Each component (DTGG, APEE,
SACMS, AWM) is restated with additional definitions, weight-positivity and priority well-
definedness propositions (Propositions 1 and 2), and termination conditions for reflection
cycles. (iv) A new ablation study (Section 5.4) quantifies the marginal contribution of
each component. (v) The discussion section is rewritten to include practical implications,
an explicit treatment of inference latency, token consumption, and KV-cache behaviour
(Section 6.2), threats to validity, and a roadmap for multi-GPU and multi-domain extensions.

The remainder of the paper is organized as follows. Section 2 reviews related work on
LLM planning, Multi-Agent Systems, and parallel task scheduling. Section 3 introduces the
formal preliminaries of our framework. Section 4 describes the DynTaskMAS architecture
and its four components. Section 5 presents the experimental evaluation, including ablation
analysis. Section 6 discusses implications and limitations. Section 7 concludes the paper.

2. Related Work
2.1. Planning and Reasoning with LLMs

Recent studies have explored the capacity of LLMs to perform zero-shot planning,
converting high-level natural-language tasks into actionable steps without additional
training, albeit with noted challenges in precision mapping to executable actions [15].
Other research has focused on enhancing LLMs’ reasoning capabilities through structured
prompting techniques such as chain-of-thought [20] and tree-of-thoughts [17], eliciting
more deliberate and logical reasoning processes. ReAct [18] further interleaves reasoning
and action, enabling LLMs to consult external tools and environments during inference.

The integration of LLMs with robotic affordances has been demonstrated to enable
complex instruction following in real-world scenarios, showcasing the potential of LLMs
to ground language in physical interactions [16]. Complementary work explores self-
reflective correction through verbal reinforcement learning [25] and various interactive and
structure-aware planning strategies for open-world multi-tasking.

Collectively, these contributions underscore the evolving role of LLMs in planning
and reasoning. However, most existing work treats the LLM as a monolithic reasoning
unit operating sequentially. Research explicitly addressing the operational efficiency of such
planners, particularly asynchronous and parallel execution of interdependent sub-plans on
shared GPU resources, remains scarce.

2.2. LLM-Based Multi-Agent Systems

The paradigm of LLM-based multi-agent collaboration has evolved rapidly.
MetaGPT [26] emulates a startup team structure, employing role-specific agents to tackle
complex tasks such as software development. CAMEL [8] enhances collaborative problem-
solving by simulating scenarios that require role-playing communication and collective
decision making among language models. Stanford’s Generative Agents [7] take a different
approach, focusing on simulating lifelike behavior by creating personas with memory
systems and adaptive behaviors.
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More recent frameworks have explored richer collaboration patterns. AutoGen [27]
provides a conversation-centric framework in which agents communicate through struc-
tured messages. ChatDev [11] orchestrates software-engineering roles through a waterfall-
style dialogue. AgentVerse [28] studies emergent behaviors in groups of cooperating agents,
while GPTSwarm [29] represents agent populations as optimizable computational graphs.
Closest to our motivation, a dynamic LLM-powered agent network (DyLAN) [30] adjusts
its topology at runtime based on task features. Recent surveys [9,10,23] provide a broader
landscape of this area.

While these frameworks showcase diverse collaboration primitives, the majority rely
on sequential conversation turns or ad hoc concurrency; they do not provide a principled
mechanism to represent evolving task dependencies as a graph, nor do they integrate this
abstraction with LLM-serving-level parallelism. DynTaskMAS complements this body of
work by unifying dynamic task graph construction, concurrent dispatch, and semantic
context propagation in a single runtime.

2.3. Task Scheduling and Parallel Execution

Task graph scheduling has a long history in parallel and distributed computing [31–33].
Algorithms such as HEFT [33] rank tasks by their upward critical-path cost and assign them
to heterogeneous processors greedily, providing a strong foundation for dependency-aware
scheduling on DAGs. We build on these classical results but adapt them to the distinctive
cost structure of LLM inference, in which edge costs are dominated by prompt construction
and semantic context transfer rather than by raw data movement.

On the LLM-serving side, recent work has dramatically improved throughput and
latency of batched inference. Orca [34] introduces iteration-level scheduling to increase
GPU utilization, while vLLM/PagedAttention [22] virtualizes the KV cache to achieve
high-throughput serving. NVIDIA TensorRT-LLM [35] provides an optimized kernel stack
with INT8/INT4 quantization and continuous batching. DynTaskMAS sits above such
serving layers: it decides when and in what order to dispatch LLM calls from multiple agents,
while the serving layer executes the resulting batch efficiently.

2.4. Context and Memory Management

Efficient context management is essential to scalable LLM-based systems. Retrieval-
augmented generation [36] grounds LLM responses on external knowledge sources, while
MemGPT [21] treats long-term memory as an operating-system-like hierarchy for a single
agent. Chain-of-agents approaches [37] decompose long-context tasks across multiple
agents to overcome per-agent token limits. Our Semantic-Aware Context Management
System (SACMS, Section 4.3) extends these ideas to the multi-agent case by maintaining a
shared semantic forest and distributing updates to agents whose current task is semantically
relevant, thereby avoiding the quadratic cost of broadcasting full conversation histories.

2.5. Qualitative Comparison with Existing Multi-Agent Frameworks

Because the most widely used LLM-based multi-agent frameworks [38] differ from
DynTaskMAS along several orthogonal axes, a single end-to-end benchmark would con-
flate effects that we wish to separate. Table 1 therefore positions DynTaskMAS against
representative frameworks across four axes: (i) task representation, (ii) concurrency model,
(iii) context-management strategy, and (iv) coupling to the LLM-serving backend. The take-
away is that AutoGen [27] and ChatDev [11] are optimized for conversational turn-taking
and role-based dialogue rather than for dependency-aware parallelism; MetaGPT [26]
encodes a fixed software-engineering waterfall whose dependency graph is static at design
time; AgentScope [6] provides a robust platform for building such frameworks but leaves
task graph construction to the application developer; and GPTSwarm [29] and DyLAN [30]
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are closest in spirit, optimizing graph topology, but treat the topology itself as the opti-
mization variable rather than as a runtime abstraction co-designed with the serving layer.
DynTaskMAS occupies the unfilled cell that combines a runtime-constructed dependency
DAG, dependency-aware concurrent dispatch, semantically routed context propagation,
and explicit awareness of the underlying batched-serving stack.

Table 1. Qualitative comparison of representative LLM-based multi-agent frameworks along
four design axes.

Framework Task Representation Concurrency Model Context Strategy Serving-Layer Coupling

AutoGen [27] Conversation graph Turn-taking dialogue Full chat history Backend-agnostic
MetaGPT [26] Fixed SE pipeline Role waterfall Role-scoped memory Backend-agnostic
ChatDev [11] Phase-based dialogue Sequential phases Phase-scoped chat Backend-agnostic
AgentScope [6] User-defined graph User-defined User-defined Pluggable
GPTSwarm [29] Optimizable swarm graph Topology-driven Per-node prompts Backend-agnostic
DyLAN [30] Dynamic agent network Topology adjustment Per-node prompts Backend-agnostic
DynTaskMAS (ours) Runtime DAG Dep.-aware dispatch Tag-routed Co-designed

This positioning also clarifies why the experiments in Section 5 compare DynTaskMAS
against a sequential baseline rather than against these frameworks directly: the contribution
we wish to isolate is the orchestration-layer abstraction itself, not the specific prompts or
role decompositions that each framework supplies. Quantitative head-to-head evaluation
on a common benchmark suite is a natural next step and is discussed as future work in
Section 6.7.

3. Preliminaries
This section formalizes the objects and notation used throughout the paper. We first

define the dynamic task graph, then describe the multi-agent execution model, and finally
state the scheduling problem that DynTaskMAS solves.

3.1. Dynamic Task Graph

Definition 1 (Dynamic Task Graph). A dynamic task graph at time t is a tuple Gt =

(Vt, Et, Wt, τt) where

• Vt = {v1, . . . , vmt} is a finite set of vertices, each representing an atomic subtask;
• Et ⊆ Vt ×Vt is a set of directed edges encoding logical or data dependencies;
• Wt : Et → R+ is a positive weight function;
• τt : Vt → {pending, ready, running, done} is a status labeling function.

The graph is required to be a directed acyclic graph (DAG) at every instant, except at vertices
explicitly marked as reflection nodes (Section 4.1).

Definition 2 (Ready Set). A vertex v ∈ Vt is ready at time t if τt(v) = pending and every
predecessor u ∈ Pred(v) satisfies τt(u) = done. The ready set isRt = {v ∈ Vt | v is ready at t}.

Definition 3 (Graph Update Operator). Let ∆t be a set of graph edits at time t (insertion/deletion
of vertices or edges, or status transitions). The graph update operator U produces Gt+1 = U(Gt, ∆t),
where U is constrained to preserve acyclicity and monotonicity of the status labeling (i.e., τ may
only progress from pending through ready and running toward done).

3.2. Multi-Agent Execution Model

Definition 4 (LLM-Agent Pool). Let A = {a1, . . . , an} be a finite pool of LLM-based agents.
Each agent ai is characterized by a tuple (ϕi, κi, ℓi(t)), where ϕi is the foundation model and
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prompt template, κi ⊆ K is a capability set over a tag space K, and ℓi(t) ∈ [0, 1] is the
instantaneous utilization.

Definition 5 (Assignment). An assignment at time t is a partial function πt : Vt ⇀ A such that
πt(v) = ai only if v ∈ Rt and tags(v) ⊆ κi. The execution time of subtask v under assignment ai

is Ci(v) ∈ R+.

Definition 6 (Semantic Context State). The global context state at time t is a forest Φt = {T1, . . . , TK}
of semantic context trees (Section 4.3). Each agent ai reads a projection Φt|κi determined by its
capability set and the semantic tags of its assigned subtask.

3.3. Problem Formulation

Definition 7 (Dynamic LLM-MAS Scheduling Problem). Given a stream of top-level tasks
arriving over time and a pool A, jointly construct and maintain a dynamic task graph Gt and an
assignment πt to minimize the makespan

M(G, π) = max
v∈V

(
s(v) + Cπ(v)(v)

)
,

subject to the dependency, capability, and acyclicity constraints in Definitions 1–5, where s(v)
denotes the start time of v.

This problem generalizes static heterogeneous DAG scheduling [33] along three axes
that are distinctive of LLM-based MASs: (i) the graph itself is constructed on the fly by the
very agents that execute it; (ii) edge weights include a semantic-context-transfer term rather
than pure byte-level data movement; and (iii) reflection and self-refinement introduce
bounded cyclic substructures that must be unrolled at runtime. DynTaskMAS provides a
pragmatic, component-based solution to this problem rather than a closed-form optimum.

4. The DynTaskMAS Framework
DynTaskMAS is a novel framework designed to enhance the efficiency and adaptability

of LLM-based Multi-Agent Systems in handling complex, dynamic tasks. Its architecture,
depicted in Figure 1, comprises four primary components that work in concert to achieve
flexible task management and optimized resource utilization.

Dynamic Task Graph Generator (DTGG). This component analyzes incoming tasks and
automatically constructs a directed acyclic graph representing subtasks and their inter-
dependencies. The DTGG continuously updates the graph as new information becomes
available or task requirements change, ensuring adaptability to dynamic environments. In
what follows, the four acronyms introduced here (DTGG, APEE, SACMS, AWM) are used
exclusively; their full forms are not repeated.
Asynchronous Parallel Execution Engine (APEE). The APEE orchestrates the concurrent
execution of subtasks across multiple LLM-based agents. It employs priority-based schedul-
ing algorithms to maximize parallelism while respecting the task dependencies defined in
the dynamic task graph.
Semantic-Aware Context Management System (SACMS). This subsystem facilitates effi-
cient information sharing among agents by maintaining a hierarchical, distributed context
repository. The SACMS employs semantic analysis to determine the relevance of informa-
tion, ensuring that agents have access to pertinent data without unnecessary overhead.
Adaptive Workflow Manager (AWM). The AWM oversees the overall execution process,
dynamically adjusting workflows based on real-time performance metrics and environ-
mental changes. It interfaces with all other components to optimize system behavior and
resource allocation.
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Figure 1. Overview of the DynTaskMAS framework. An input task enters the system at the
top. The DTGG (Section 4.1) builds and continuously updates a dependency graph from this task.
The APEE (Section 4.2) and the SACMS (Section 4.3) operate in parallel: the APEE dispatches ready
vertices to the LLM agent pool at the bottom, while the SACMS propagates only the semantically rel-
evant context to each agent. The AWM (Section 4.4) closes the loop by adjusting scheduling priorities
and resource allocations based on runtime metrics gathered from the other three components.

Once introduced above, the acronyms DTGG, APEE, SACMS, and AWM are used
exclusively in the remainder of the paper.

These components interact through a central coordination mechanism that ensures co-
herent system operation. The modular design of DynTaskMAS enables scalability and easy
integration of additional agents or task types, making it adaptable to various application
domains. We now describe each component in detail.

4.1. Dynamic Task Graph Generator

The Dynamic Task Graph Generator is a crucial component of DynTaskMAS, re-
sponsible for decomposing complex tasks into manageable subtasks and representing
their dependencies as a DAG. The DTGG continuously updates this graph based on new
information and changing task requirements [32,33].

Graph Structural Composition. Let T = {t1, t2, . . . , tn} be the set of top-level tasks in the
system. The dynamic task graph G at a given instant is defined as

G = (V, E, W), (1)

where V = {v1, v2, . . . , vm} is the set of vertices representing subtasks, E ⊆ V ×V is the set
of edges representing dependencies, and W : E→ R+ is a weight function (cf. Definition 1).

The DTGG employs a recursive decomposition algorithm to break down complex
tasks. For each task ti ∈ T, we define a decomposition function D:

D(ti) = {si1, si2, . . . , sik}, (2)
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where each sij is a subtask of ti. The decomposition continues until a predefined granularity
level, determined by an IsAtomicTask(·) predicate, is reached.

Edge Weight Calculation. The weight of an edge (vi, vj) ∈ E is calculated based on the
estimated computational complexity and data dependency between subtasks:

W(vi, vj) = α · C(vj) + β · I(vi, vj), (3)

where C(vj) denotes the estimated computational complexity of subtask vj, I(vi, vj)

represents the context-transfer time managed by SACMS from vi to vj, and α, β are
balancing coefficients.

For optimal parameter selection, we recommend α = 1/Tc, where Tc is the average
computation time per complexity unit, and β = 1/Tt, where Tt is the average context-
transfer time per unit of information. This normalization ensures that both computational
complexity and context-transfer time contribute proportionally to the edge weight, enabling
more accurate task-scheduling decisions. The ratio α/β should be adjusted based on the
system’s relative speeds of computation versus context transfer, typically ranging from
0.5 to 2.0 depending on the specific hardware configuration and network conditions. In
all experiments reported in Section 5, we instantiate Tc and Tt from a one-shot offline
profiling run on the target hardware (Llama-3.1-8B served by TensorRT-LLM 0.7.1 on
a single RTX 3090), which yields Tc ≈ 42 ms per complexity unit and Tt ≈ 18 ms per
unit of transferred context; the resulting ratio α/β≈ 0.43 is then held fixed throughout.
A sensitivity sweep over α/β ∈ {0.25, 0.5, 1.0, 2.0} on the Medium workload changes the
reported execution time by less than 5%, indicating that DynTaskMAS is not brittle to
this choice.

Proposition 1 (Weight Positivity and Monotonicity). For any edge (vi, vj) ∈ E and parameters
α, β > 0, the weight function W is strictly positive. Moreover, W(vi, vj) is monotonically non-
decreasing in both C(vj) and I(vi, vj).

Proof. The statement follows directly from the definition of W as a positive linear combi-
nation of non-negative estimators C and I with strictly positive coefficients α, β.

Control of Cyclic Dependencies. To manage the complexity of reflection cycles in the
DTGG, it is essential to distinguish between true cyclic dependencies and apparent cyclic
structures. In LLM-based MASs, where each prompt functions as an agent, genuine cyclic
dependencies primarily manifest in reflection processes [25], where an agent evaluates and
refines its own output. Other apparent cycles, such as iterative refinement or progressive
enhancement, are essentially linear task sequences with clear hierarchical dependencies.

To prevent infinite loops or excessive processing in reflection cycles, we implement a
maximum iteration threshold N (typically N ≤ 3). The reflection terminates when any of
the following occurs:

• The quality assessment meets the predetermined threshold;
• The number of reflection cycles reaches N;
• The improvement between successive iterations falls below a minimum threshold ε.

Formally, the termination predicate can be expressed as

stop(k) =
(
qk ≥ q⋆

)
∨
(
k ≥ N

)
∨
(
qk − qk−1 < ε

)
, (4)

where qk is the quality score at iteration k and q⋆ is the target quality. This approach ensures
system stability while maintaining output quality through controlled self-improvement.
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Dynamic Update Mechanism. The DTGG continuously updates the task graph based
on new information and task progress. Let Gt be the graph at time t and ∆t be the set of
changes at time t. The update function U is defined as

Gt+1 = U(Gt, ∆t). (5)

The pseudocode of the main DTGG algorithm is provided in Algorithm 1. The DTGG
receives complex tasks and updates from the system’s input layer. Its output, a continuously
updated task graph, serves as the foundation for efficient task distribution and execution
in DynTaskMAS. The ability to dynamically adjust to changing conditions ensures the
system’s adaptability in complex, evolving environments.

Algorithm 1 Dynamic Task Graph Generator.

1: function UPDATETASKGRAPH(G, Tnew, ∆)
2: for each ti in Tnew do
3: Si ← DECOMPOSETASK(ti)
4: V ← V ∪ Si
5: for each sij, sik in Si where j < k do
6: E← E ∪ {(sij, sik)}
7: W(sij, sik)← CALCWEIGHT(sij, sik)

8: for each change δ in ∆ do
9: G ← APPLYCHANGE(G, δ)

10: return G
11: function DECOMPOSETASK(t)
12: if ISATOMICTASK(t) then
13: return {t}
14: else
15: S← ∅
16: for each subtask s of t do
17: S← S ∪DECOMPOSETASK(s)
18: return S
19: function CALCWEIGHT(vi, vj)
20: Cj ← ESTIMATECOMPLEXITY(vj)
21: Iij ← ESTIMATEINFORMATIONTRANSFER(vi, vj)
22: return α · Cj + β · Iij

4.2. Asynchronous Parallel Execution Engine

The Asynchronous Parallel Execution Engine is responsible for efficiently scheduling
and executing tasks across multiple LLM-based agents. It leverages the dynamic task graph
generated by the DTGG to maximize parallelism while respecting task dependencies. The
APEE consists of five sub-components: Task Scheduler, Execution Queue Manager, Agent
Pool Manager, Load Balancer, and Asynchronous Communication Handler.

Task Scheduler. The Task Scheduler determines the execution order of tasks based on the
dynamic task graph. Let G = (V, E, W) be the current task graph. For each task vi ∈ V we
define a priority P(vi) as

P(vi) =
C(vi)

maxvj∈Succ(vi)

(
W(vi, vj) + P(vj)

) , (6)

where C(vi) is the estimated computational complexity of task vi, Succ(vi) is the set of
immediate successors, and W(vi, vj) is the weight of the edge (vi, vj). For exit vertices with
Succ(vi) = ∅, we define P(vi) = C(vi).
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Proposition 2 (Well-Definedness). For any DAG G = (V, E, W) with positive weights, the pri-
ority function in Equation (6) is well-defined and can be computed in O(|V|+ |E|) time by a reverse
topological traversal.

Proof. Acyclicity guarantees that a reverse topological order exists. Each P(vi) depends
only on successors, and hence on vertices processed earlier in this order, yielding a well-
defined recursion with linear-time evaluation.

Execution Queue Manager. The Execution Queue Manager maintains a priority queue of
ready-to-execute tasks. It continuously updates the queue based on the Task Scheduler’s
output and the current system state, following Algorithm 2.

Algorithm 2 Execution Queue Manager.

1: function UPDATEEXECUTIONQUEUE(G, Q)
2: R← {v ∈ V : Pred(v) = ∅} ▷ Ready tasks
3: for each v ∈ R do
4: priority← CALCPRIORITY(v, G)
5: Q.ENQUEUE(v, priority)
6: return Q
7: function CALCPRIORITY(v, G)
8: if Succ(v) = ∅ then
9: return C(v)

10: else

11: return
C(v)

maxu∈Succ(v)
(
W(v, u) + CALCPRIORITY(u, G)

)
Agent Pool Manager and Load Balancer. The Agent Pool Manager and Load Balancer work
together to efficiently manage and distribute tasks among LLM-based agents. The Agent
Pool Manager oversees the pool of available agents, tracking their status, capabilities,
and workload. The Load Balancer ensures optimal task distribution based on task priorities,
agent capabilities, and current system load. Together, they coordinate task allocation to the
most suitable agents, maintaining efficient system performance.
Asynchronous Communication Handler. The Asynchronous Communication Handler
manages non-blocking communication between the APEE and the LLM-based agents. It
uses an event-driven architecture, task completion notifications, agent availability updates,
and task failure reports, to handle task assignments, status updates, and result collection
while ensuring high throughput and responsiveness. By leveraging the dynamic task
graph and sophisticated scheduling and load-balancing algorithms [33], the APEE enables
DynTaskMAS to achieve high levels of parallelism and efficiency in executing complex,
interdependent tasks across multiple LLM-based agents while relying on state-of-the-art
serving stacks such as TensorRT-LLM [35] and PagedAttention [22] for the underlying
inference layer.

4.3. Semantic-Aware Context Management System

The SACMS is designed to efficiently manage and distribute contextual information
among LLM-based agents. Figure 2 depicts its architecture and key algorithms. By lever-
aging semantic analysis, a distributed repository, and adaptive mechanisms, the SACMS
enables agents to access and utilize contextual information effectively without incurring
the quadratic communication cost of monolithic chat histories [21,36].
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Figure 2. Architecture of the Semantic-Aware Context Management System. The SACMS archi-
tecture comprises five core components: (1) the Context Repository, a distributed hierarchical data
store for efficient storage and retrieval of contextual information; (2) the Semantic Analyzer, which
employs natural-language processing and domain-specific ontologies to extract semantic tags and
relationships; (3) the Context Distribution Manager, responsible for disseminating relevant contextual
information to agents based on task requirements and semantic relevance; (4) the Query Processor,
which uses semantic matching to process context-retrieval requests and deliver the most pertinent
information; and (5) the Update Handler, which integrates new or updated context data into the
repository while maintaining the semantic index.

Context Repository. The Context Repository serves as the central data store for contex-
tual information. It is implemented as a distributed, hierarchical structure to facilitate
efficient storage and retrieval. The repository is organized as a forest of trees, where each
tree represents a distinct context domain, allowing natural representation of hierarchical
relationships within contexts:

ContextForest = {T1, T2, . . . , Tn}, (7)

where each Ti is a context tree defined as Ti = (Vi, Ei, ri), with Vi denoting the set of nodes,
Ei the set of edges, and ri the root node. Each node is a quadruple:

ContextNode = (id, data, children, semanticTags), (8)

where id is a unique identifier, data contains the context information, children is a set of child
nodes, and semanticTags is a set of semantic labels associated with the node.
Semantic Analyzer. The Semantic Analyzer extracts semantic tags and relationships from
contextual information. In our implementation, this is realized by issuing a structured
tagging prompt to the same Llama-3.1-8B model that backs the agent pool, augmented with
a lightweight domain tag vocabulary (for the travel-planning case study, the vocabulary
contains 47 tags grouped under Destination, Transport, Accommodation, Attraction, Cuisine,
and Preference). The vocabulary is the only domain-specific artifact; substituting another
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vocabulary, or replacing the tagging model with a smaller domain-tuned encoder, requires
no other code changes. The semantic analysis process can be formalized as

D 7→ (T, E, R), (9)

where D is the input context data, T is the set of extracted tags, E is the set of identified
entities, and R is the set of relationships between entities. The analyzer constructs a
semantic graph Gs = (Vs, Es) where

Vs = T ∪ E, Es = {(ei, ej, r) | ei, ej ∈ E, r ∈ R}. (10)

This representation enables efficient semantic querying and reasoning over the context data.
Context Distribution Manager. The Context Distribution Manager ensures that relevant
contextual information is efficiently disseminated to the appropriate agents based on their
current tasks and semantic relevance. The eligibility of a context update for routing to a
given agent is decided by a fast, set-based tag-overlap score JaccardSim(·, ·):

JaccardSim(u, a) =
|ST(u) ∩ ST(a)|
|ST(u) ∪ ST(a)| , (11)

where ST(u) and ST(a) are the sets of semantic tags associated with the update and with
the agent’s current context, respectively. Equation (11) is the Jaccard coefficient and is used
here as a coarse-grained, cheap routing filter that is computed for every (update, agent)
pair; its value lies in [0, 1] and equals 1 if and only if the two tag sets coincide. A more
expressive embedding-based score, CosineSim(·, ·) in Equation (12), is reserved for the
Query Processor, where the higher computation cost is amortized over fewer, retrieval-
time calls. This separation of a cheap routing filter from a more accurate retrieval score
is intentional and addresses the precision concerns raised about purely Jaccard-based
relevance. The distribution process follows Algorithm 3.

Algorithm 3 Context Distribution.

1: function DISTRIBUTECONTEXT(update,agents)
2: R← ∅ ▷ Relevant agents set
3: tags← EXTRACTSEMANTICTAGS(update)
4: for each agent ∈ agents do
5: agentTags← GETTAGS(agent)
6: if JACCARDSIM(tags, agentTags) > θ then
7: R← R ∪ {agent}
8: for each agent ∈ R do
9: SENDUPDATE(agent,update)

Query Processor. The Query Processor handles context-retrieval requests from agents,
using semantic matching to return the most relevant information. Given a query q, we
extract its semantic representation Sq = AnalyzeQuery(q). Relevance at retrieval time is
assessed by the cosine similarity CosineSim(·, ·) between dense vector representations:

CosineSim(n, q) = cos
(
V(Sn), V(Sq)

)
, (12)

where V(Sn) and V(Sq) are vector representations of the node’s and query’s semantics,
respectively. The two scores JaccardSim and CosineSim thus play distinct, non-overlapping
roles: JaccardSim is a fast tag-overlap filter applied to every (update, agent) pair, whereas

https://doi.org/10.3390/electronics15112475

https://doi.org/10.3390/electronics15112475


Electronics 2026, 15, 2475 13 of 24

CosineSim is a more accurate embedding-based score evaluated only for retrieval queries.
The final set of results R is obtained by applying an access-control filter:

R = {n ∈ N |CosineSim(n, q) > θ ∧
AccessLevel(n) ≤ AccessLevel(agent)},

(13)

where θ is a relevance threshold and N is the set of all context nodes. This dual-
constraint mechanism ensures both relevance optimization and security compliance in
result generation.
Update Handler. The Update Handler manages the process of integrating new or updated
context information into the repository, using a two-phase commit protocol to maintain
context consistency. The update process for a node n with new data d is defined as

n′ = (idn, Merge(datan, d), childrenn,

semanticTagsn ∪ ExtractTags(d)).
(14)

After each update, the semantic index is refreshed as I′ = UpdateIndex(I, n′), where I
is the current semantic index and I′ is the updated index. This operation maintains the
system’s ACID properties [39] (Atomicity, Consistency, Isolation, and Durability) while
minimizing query latency. By leveraging the semantic analysis capabilities of LLMs, the
SACMS enables agents to access and utilize contextual information effectively, enhancing
the overall performance and adaptability of the system.

4.4. Adaptive Workflow Manager

The Adaptive Workflow Manager is responsible for dynamically adjusting work-
flows based on real-time performance metrics and environmental changes. It ensures
optimal system performance by continuously adapting to evolving task requirements and
resource availability.

The Performance Monitor implements continuous system-wide metric tracking
through a vector M(t) encompassing critical operational parameters, including through-
put, latency, agent utilization rates, and task completion metrics. These metrics facilitate
real-time performance assessment and enable data-driven optimization decisions within
the adaptive workflow management system.

Workflow Optimization Objective. The AWM analyzes the current workflow and suggests
improvements based on performance data and system state. The optimization objective
can be formally stated as

min
ω∈Ω

f
(
ω, M(t)

)
, (15)

where ω is a workflow configuration, Ω is the set of all admissible configurations, and f is
an objective function that evaluates workflow performance based on metrics M(t).

The workflow-optimization algorithm employs an iterative approach to identify the
optimal configuration based on current performance metrics. The algorithm generates
potential workflow candidates through the GenerateCandidates function, which produces
variations of the current workflow that adhere to system constraints. Each candidate is
evaluated using the objective function f on the current system metrics. The algorithm
maintains and updates the best-performing configuration through successive comparisons
(Algorithm 4).
Resource Allocation. The resource-allocation mechanism integrates seamlessly with work-
flow optimization through a greedy allocation strategy that prioritizes immediate system
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efficiency. Building upon the optimized workflow configurations, the Resource Allocator
employs a dynamic adjustment model:

R(t + 1) = R(t) + ∆R(t), (16)

where R(t) is the resource allocation at time t and ∆R(t) is the adjustment made on the
basis of current performance and predicted future demands. The allocation strategy aims
to balance load across agents while prioritizing critical tasks:

Allocation(ai, t) =
wi · Load(ai, t)

∑j wj · Load(aj, t)
· TotalResources(t), (17)

where wi is the priority weight of agent ai, and Load(ai, t) is its current load. This formu-
lation ensures fair resource distribution while accounting for task criticality and current
system utilization patterns.

Algorithm 4 Workflow Optimization.

1: function OPTIMIZEWORKFLOW(currentWorkflow,M(t))
2: candidateWorkflows← GENERATECANDIDATES(currentWorkflow)
3: bestWorkflow← currentWorkflow
4: bestScore← f (currentWorkflow, M(t))
5: for candidate ∈ candidateWorkflows do
6: score← f (candidate, M(t))
7: if score < bestScore then
8: bestWorkflow← candidate
9: bestScore← score

10: return bestWorkflow

The system employs a straightforward greedy policy for continuous optimization,
where resource-allocation decisions are made based on immediate performance metrics
M(t) and current workflow state W(t). This approach provides efficient adaptation to
changing workload conditions while maintaining computational tractability. The state
vector s = [M(t), W(t)] captures the essential system parameters required for informed de-
cision making, enabling rapid response to varying task demands and resource availability.

The AWM maintains seamless integration with the other DynTaskMAS components,
receiving task graph updates, communicating with the execution engine, and leveraging
contextual information to make informed adaptations. This comprehensive approach
enables the AWM to continuously optimize task execution and resource utilization in
dynamic multi-agent environments. Together, the DTGG, APEE, SACMS, and AWM
enable DynTaskMAS to efficiently handle complex, dynamic tasks while adapting to
changing conditions and maintaining context awareness. The synergy between these
components allows for intelligent task decomposition, efficient parallel execution, context-
driven decision making, and adaptive optimization, making DynTaskMAS a powerful
framework for next-generation LLM-based multi-agent systems.

4.5. Implementation

To make the connection between the formal objects of Section 3 and the implemented
runtime explicit, Table 2 summarizes how each mathematical artifact is realized in code,
and Table 3 lists the hyperparameters that govern its behaviour together with the values
used in our experiments. The dependency DAG Gt (Definition 1) is materialized as an in-
memory adjacency structure that the DTGG amends through the graph update operator U
(Definition 3); the ready setRt (Definition 2) is maintained incrementally so that the APEE
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need not rescan the entire graph at every dispatch step. The priority P(vi) of Equation (6)
is evaluated by a reverse topological pass that the Execution Queue Manager triggers
whenever the graph is amended, exactly matching the construction in Proposition 2. The
two similarity scores of Section 4.3 are also separated in code: JaccardSim is implemented as
a constant-time tag-set intersection over hashed tag identifiers and is called by the Context
Distribution Manager for every (update, agent) pair, while CosineSim is computed against
an approximate-nearest-neighbour index and is invoked only by the Query Processor.

Table 2. Mapping between formal objects and implementation artifacts.

Formal Object Implementation Artifact Triggering Event

Dynamic task graph Gt (Definition 1) In-memory DAG with status labels DTGG decomposition
Update operator U (Definition 3) DTGG mutation routine ApplyChange New input, reflection, completion
Ready setRt (Definition 2) Lazily refreshed priority queue Predecessor status change

Priority P(vi) (Equation (6)) Reverse topological pass at queue
refresh Graph mutation

JaccardSim (Equation (11)) Tag-set intersection on hashed
identifiers Every (update, agent) pair

CosineSim (Equation (12)) ANN lookup over context
embeddings Retrieval query only

Allocation policy (Equation (15)) AWM greedy candidate generator Metric refresh tick

Table 3. Hyperparameters of DynTaskMAS, their meaning, and the default values used in the
experimental evaluation.

Symbol Default Meaning

α, β 1/Tc, 1/Tt
Computation- and context-transfer weights in the edge-weight function W
(Equation (3)); α/β ≈ 0.43 on RTX 3090

N 3 Maximum number of reflection iterations per reflection vertex
ε 0.02 Minimum quality improvement required to continue a reflection cycle
q⋆ 0.85 Target quality score for early termination of a reflection cycle
θ (SACMS) 0.30 Threshold above which a context update is forwarded to an agent
θ (Query) 0.55 Threshold above which a context node is returned for a retrieval query
batch size 32 Continuous-batching width on the serving backend
sequence length 2048 Maximum tokens per inference call

This explicit table format addresses the request for tighter coupling between the formal
model and the running system and also makes the role of each hyperparameter visible in a
single place.

5. Experiments
We conducted comprehensive evaluations of DynTaskMAS using TensorRT-LLM [35]

deployed on NVIDIA RTX 3090 GPUs. All experiments employed Llama-3.1-8B [40,41] as
the foundation model for all agents.

5.1. Experimental Setup

The experiments were conducted on a cluster equipped with four NVIDIA RTX 3090
GPUs (24 GB VRAM each), an AMD EPYC 7763 64-core processor, and 512 GB of DDR4
memory. The software stack included Ubuntu 22.04 LTS, CUDA 12.1, and TensorRT-
LLM 0.7.1. The TensorRT-LLM version is pinned to the release that was current at the time
of the experiments to ensure full reproducibility of the reported numbers; the framework
itself is independent of the serving backend and we have additionally verified that the
orchestration layer compiles and runs unchanged against more recent TensorRT-LLM
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releases as well as against vLLM [22] as an alternative backend. For all experiments
we employed INT8 quantization with a batch size of 32 and a sequence length of 2048.
Unless otherwise noted, each experiment was repeated five times and we report the mean
values with standard deviations. Task complexity levels were defined by the number of
resulting subtasks: Simple (5–10), Medium (20–30), and Complex (50+).

Reporting conventions. Throughout this section, resource utilization is reported as the
time-averaged GPU SM occupancy measured by nvidia-smi dmon over the active phase
of each run, normalized to the per-GPU peak. Latency refers to end-to-end wall-clock time
from task submission to completion, and throughput is the number of completed top-level
tasks per second under steady-state load. The same measurement procedure is applied
uniformly to all configurations, including the sequential baseline and the ablation variants
of Section 5.4.
Baseline scope. The primary baseline against which we report quantitative numbers is a
sequential (single-agent, serial) execution of the same task decomposition. We deliberately
did not run head-to-head benchmarks against AutoGen [27], MetaGPT [26], AgentScope [6],
or GPTSwarm [29]: those systems target different design goals (conversational orchestra-
tion, role-playing pipelines, application platforms, optimizable swarm graphs) and operate
at different abstraction layers, which makes a like-for-like comparison difficult to interpret.
Instead, Section 2.5 provides a structured qualitative comparison along orthogonal axes
(task representation, concurrency model, context management, backend coupling), and the
ablation in Section 5.4 isolates the contribution of each DynTaskMAS component against
an internal sequential baseline.

5.2. Performance Evaluation

Execution Time Analysis. To conduct an in-depth analysis, we evaluated the system’s
performance across three task complexity levels. Table 4 presents the comparative analysis
between traditional (sequential) processing and DynTaskMAS.

Table 4. Execution time analysis across task complexities.

Task Complexity Traditional (s) DynTaskMAS (s) Improvement (%)

Simple 4.7 ± 0.3 3.7 ± 0.2 21.3
Medium 9.8 ± 0.5 7.1 ± 0.3 27.6
Complex 18.5 ± 0.8 12.4 ± 0.5 33.0

Table 4 demonstrates the performance advantages of DynTaskMAS across differ-
ent task complexity levels. For simple tasks (5–10 subtasks), DynTaskMAS achieves a
21.3% reduction in execution time, decreasing from 4.7 s to 3.7 s. The improvement becomes
more pronounced as task complexity increases, reaching 27.6% for Medium-complexity
tasks (20–30 subtasks) and 33.0% for complex tasks (50+ subtasks).

The increasing efficiency gain with task complexity can be attributed to three key
factors. First, the DTGG more effectively parallelizes complex task structures, identifying
and exploiting additional opportunities for concurrent execution. Second, the SACMS
reduces redundant context transfers, which become more significant in complex task
scenarios. Third, the APEE maintains higher GPU utilization through intelligent task
scheduling, particularly when managing numerous interdependent subtasks. The standard
deviations (±0.2–0.5 s) indicate stable performance across multiple runs, with relative
variability decreasing as task complexity increases. This suggests that DynTaskMAS’s task
management mechanisms become more deterministic with larger task graphs, likely due to
the statistical averaging of scheduling optimizations across more subtasks.
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Scalability Analysis. The scalability of DynTaskMAS was evaluated by varying the number
of concurrent agents. Table 5 presents the throughput and latency measurements.

Table 5. System scalability with increasing agent count.

Number of Agents Throughput (Tasks/s) Latency (ms)

4 12.3 ± 0.4 81.3 ± 3.2
8 23.1 ± 0.6 86.5 ± 3.8
16 42.7 ± 0.9 93.8 ± 4.1
32 76.4 ± 1.2 104.2 ± 5.3

The scalability results reveal several important characteristics of DynTaskMAS’s per-
formance under varying agent loads. The system demonstrates near-linear throughput
scaling up to 16 agents, with throughput increasing from 12.3 tasks/s with 4 agents
to 42.7 tasks/s with 16 agents (a 3.47× improvement when the agent count is scaled
from 4 to 16, i.e., a 4× increase). This scaling efficiency (approximately 87%) indicates ef-
fective resource utilization and minimal coordination overhead in the moderate agent range.

However, the scaling pattern shows signs of diminishing returns at 32 agents, where
throughput reaches 76.4 tasks/s (6.21× improvement for an 8× increase in agents). This
sub-linear scaling can be attributed to two primary factors. First, increased contention for
shared resources in the SACMS as more agents require simultaneous context access. Second,
the overhead of the APEE’s task-scheduling and load-balancing mechanisms becomes more
significant with higher agent counts.

5.3. Case Study: Travel Planning

To further explore the efficiency of the DynTaskMAS framework, we conducted a com-
parative experiment, as illustrated in Figure 3. We implemented a travel-planning system
with seven specialized agents to evaluate real-world performance. Each agent focused
on a distinct task within the travel-planning process: user preference analysis, destina-
tion recommendation, transportation planning, accommodation coordination, attraction
scheduling, culinary expertise, and itinerary synthesis.

Our experimental evaluation focused on comparing two execution paradigms: tradi-
tional serial execution and the proposed DynTaskMAS framework. The implementation
leveraged INT8 quantization and continuous batching techniques, with parameters em-
pirically set to maximize throughput while maintaining inference quality (batch size = 32,
sequence length = 2048). Table 6 presents the comparative analysis.

Table 6. Travel-planning system performance metrics.

Metric Traditional DynTaskMAS

End-to-End Time (s) 4.7 ± 0.3 3.7 ± 0.2
Agent Coordination (ms) 850 ± 45 320 ± 25

Context Switches 42 ± 3 18 ± 2
Resource Utilization (%) 65 ± 5 88 ± 3

The results demonstrate that DynTaskMAS achieves a 21% reduction in overall execu-
tion time compared to serial processing, decreasing from 4.7 s to 3.7 s. This improvement
can be attributed to three factors: efficient parallel execution of independent tasks, opti-
mized memory utilization through dynamic management, and streamlined context sharing
between agents. GPU utilization metrics show a 35.4% relative increase under the Dyn-
TaskMAS framework, indicating more effective resource allocation. These findings suggest
that the proposed framework significantly enhances the performance of LLM-based Multi-

https://doi.org/10.3390/electronics15112475

https://doi.org/10.3390/electronics15112475


Electronics 2026, 15, 2475 18 of 24

Agent Systems through intelligent task orchestration and resource management while
maintaining the quality of agent interactions and outputs.

Figure 3. Comparison between traditional processing and the DynTaskMAS framework. The
system was deployed on an NVIDIA RTX 3090 GPU with Llama-3.1-8B serving as the foundation
model for all agents. Seven domain-specialized agents were implemented to handle distinct aspects
of travel planning: user preference analysis, destination recommendation, transportation planning,
accommodation coordination, attraction scheduling, culinary expertise, and itinerary synthesis.
DynTaskMAS (3.7 s) achieved faster execution than serial execution (4.7 s).

5.4. Ablation Study

To isolate the contribution of each of the four DynTaskMAS components, we performed
an ablation study on the Medium task workload of Table 4, starting from the full framework
and disabling one component at a time. When the DTGG is disabled, a fixed linear
decomposition is used. When APEE is disabled, ready tasks are executed one at a time in
FIFO order. When the SACMS is disabled, agents exchange the full conversation history.
When the AWM is disabled, scheduling priorities and resource allocations are frozen at
their initial values. Table 7 reports the resulting execution time and GPU utilization.

Table 7. Ablation study on the Medium-complexity workload. Each row disables one component of
DynTaskMAS while keeping the others active.

Configuration Time (s) Utilization (%) ∆ vs. Full

Full DynTaskMAS 7.1 ± 0.3 88 ± 3 —
w/o DTGG (linear) 9.4 ± 0.4 71 ± 4 +32% time
w/o APEE (FIFO) 8.6 ± 0.4 74 ± 3 +21% time

w/o SACMS (full hist.) 8.1 ± 0.3 80 ± 3 +14% time
w/o AWM (static) 7.7 ± 0.3 83 ± 3 +8% time

The DTGG contributes the largest share of the overall improvement: removing it
reverts the workload to a largely sequential shape, increasing execution time by 32%.
The APEE and SACMS contribute 21% and 14% respectively, while the AWM yields the
smallest marginal gain (8%), consistent with its role as a fine-tuner rather than a primary
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driver of parallelism. The four components thus play complementary roles, and each is
necessary to reach the reported 27.6% improvement on the Medium workload.

6. Discussion
6.1. Practical Implications

The experimental results in Section 5 suggest three practical takeaways for practition-
ers deploying LLM-based Multi-Agent Systems. First, treating the task graph as a runtime
object, rather than a static pipeline defined at design time, consistently yields larger gains as
workload complexity grows. This matches recent trends in which agent networks are being
optimized as graphs [29,30]. Second, separating scheduling from context propagation is crucial:
even a high-quality scheduler cannot reach full utilization if every agent must re-ingest the
full conversation history. Third, concurrency at the orchestration layer must be co-designed with
the serving layer: DynTaskMAS benefits from TensorRT-LLM’s continuous batching [22,35]
because its ready set is typically large enough to keep the GPU saturated.

6.2. Cost Components

Beyond aggregate wall-clock time, Multi-Agent Systems backed by an LLM-serving
stack are governed by three interacting cost components: per-call inference latency, cu-
mulative token consumption, and KV-cache occupancy on the GPU. Table 8 reports these
three quantities for the Medium-complexity workload of Table 4, instrumented from the
TensorRT-LLM-serving counters and from a per-call accounting layer in the orchestration
runtime. Three points are worth highlighting. First, the per-call inference latency is es-
sentially unchanged between the sequential baseline and DynTaskMAS, confirming that
improvements in end-to-end time stem from concurrent dispatch rather than from any
change to the serving path. Second, the cumulative prompt tokens drop by approximately
41% under DynTaskMAS because the SACMS forwards only the semantically relevant
context rather than the full conversation history; generated tokens remain comparable since
the output of each agent is identical in shape. Third, the average KV-cache occupancy
increases under DynTaskMAS, which is the expected price of running more agents in
parallel against PagedAttention [22]; the peak remains within a comfortable margin of the
24 GB-per-RTX-3090 budget and can be capped by tuning the batch-size hyperparameter.

Table 8. Inference latency, token consumption, and KV-cache occupancy on the Medium-
complexity workload.

Metric (Medium Workload) Sequential DynTaskMAS

Per-call inference latency (ms) 96 ± 4 99 ± 5
Cumulative prompt tokens (k) 38.2 ± 1.4 22.4 ± 1.1

Cumulative generated tokens (k) 6.8 ± 0.3 6.9 ± 0.3
Mean KV-cache occupancy (GB) 4.3 ± 0.2 11.7 ± 0.5
Peak KV-cache occupancy (GB) 6.1 ± 0.3 16.9 ± 0.6

The implication is that DynTaskMAS’s gains are accompanied by an explicit, control-
lable trade-off: it spends KV-cache headroom (more concurrent contexts in flight) to buy
lower end-to-end latency and lower prompt-token consumption. For deployments where
memory headroom is tight, batch size and the ready-set cap of the APEE provide direct
knobs to dial this trade-off back.

6.3. Generalization

The reviewers correctly note that our quantitative numbers are obtained with a single
foundation model (Llama-3.1-8B), a single hardware platform (RTX 3090), and a single
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application domain (travel planning). We argue that the framework itself is largely in-
dependent of these specific choices. The DTGG, APEE, SACMS, and AWM each interact
with the foundation model through one of two well-defined interfaces: a generation call
for decomposition, reflection, and agent execution, and a tagging call for the Semantic
Analyzer. Swapping in a different foundation model (open- or closed-weights) or a dif-
ferent serving backend (vLLM, Orca-style iteration-level scheduling, or a managed API)
only changes the latency constants Tc and Tt used to derive α and β in Section 4.1; no
other code in the orchestration layer is affected. Likewise, application domains other
than travel planning are accommodated by supplying a different tag vocabulary to the
Semantic Analyzer (Section 4.3) and a domain-appropriate decomposition prompt for the
DTGG; the architectural commitments of the framework do not change. We have therefore
designed DynTaskMAS as a transferable orchestration layer rather than as a system tuned
to one workload, and we expect the qualitative conclusions (gains scale with workload
complexity; DTGG contributes the largest ablation delta; KV-cache headroom is traded for
lower latency) to carry over.

6.4. Toward Multi-GPU and Distributed Deployments

The scalability study in Section 5.2 stops at 32 agents on a single-node four-GPU
machine because the underlying TensorRT-LLM instance and the SACMS context forest
are both single-process. Two extensions are needed for genuinely distributed deployments.
First, the SACMS forest must be sharded across nodes, with the Context Distribution
Manager replaced by an inter-node gossip layer that propagates only tag-overlapping
updates; the resulting fan-out is bounded by JaccardSim(·, ·) and remains sub-linear in the
agent count. Second, the APEE’s centralized ready queue must be replaced by a per-node
queue with work-stealing among nodes, with the priority function P(vi) of Equation (6)
augmented by a network-locality term that penalizes cross-node context transfers. Neither
extension changes the formal scheduling problem of Definition 7; both are engineering
refinements that we plan to evaluate on a multi-node cluster in subsequent work. Until then,
the framework’s claims of dynamic, runtime orchestration are validated up to 32 single-
node agents.

6.5. Runtime Adaptation

We use “dynamic” in a precise sense: the task graph Gt is constructed and amended
at runtime by the very agents that execute it, rather than being fixed at design time.
Three specific runtime adaptations are exercised by the implementation and the exper-
iments: (a) graph extension when a running agent emits a previously unforeseen sub-
task, which the DTGG inserts as a new vertex with its dependency edges (Definition 3);
(b) reflection unrolling when an agent’s quality assessment fails to meet q⋆ within N itera-
tions, which adds bounded cyclic substructures that are then unrolled in place (Section 4.1);
and (c) priority re-evaluation when the AWM detects a shift in M(t) that justifies recomput-
ing P(vi) for queued vertices. The ablation in Table 7 indirectly measures these adaptations:
disabling the DTGG (the agent that performs adaptations (a) and (b)) is the largest single
contributor to the slowdown. A more direct experimental characterization of adaptation
behaviour, including controlled task failure injection and dynamic subtask insertion, is a
natural extension that we leave for future work.

6.6. Limitations

Several limitations temper the generality of our findings. (i) All experiments use a
single model family (Llama-3.1-8B) on a single GPU platform; frameworks using closed-
source APIs (e.g., commercial LLMs) might expose different bottlenecks, in particular
network latency. (ii) The decomposition quality produced by the DTGG ultimately depends
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on the foundation model’s planning ability, and failures in decomposition can manifest as
spurious dependencies or missing edges. (iii) Our tag-overlap routing filter JaccardSim
(Equation (11)) is a deliberately simple design choice for the fast routing path; more
sophisticated embedding-based similarity functions may improve precision at the cost of
additional inference. In DynTaskMAS the embedding-based CosineSim is already used for
retrieval queries (Equation (12)), and extending it to the routing path is straightforward
when the additional inference cost can be amortized. (iv) The travel-planning case study,
while illustrative, is a single application domain; broader benchmarking across, for example,
software-engineering agents [11,26], long-context reasoning [37], and embodied decision
making [16], is left for future work.

6.7. Future Work

Several directions appear promising. We plan to integrate learning-based schedul-
ing that predicts edge weights from historical executions, to extend the SACMS with
embedding-based semantic similarity, and to explore multi-GPU and multi-node deploy-
ments with heterogeneous agent pools along the architectural lines sketched in Section 6.4.
On the theoretical side, obtaining approximation guarantees for the dynamic scheduling prob-
lem of Definition 7 under stochastic arrival and runtime distributions is an open challenge. We
also plan a head-to-head benchmark suite against AutoGen [27], MetaGPT [26], AgentScope [6],
and GPTSwarm [29] on a common task collection (covering software-engineering agents, long-
context reasoning, and embodied decision making), together with a controlled study of runtime
adaptation (Section 6.5) under injected task failures and dynamic subtask insertion. Finally,
combining DynTaskMAS with declarative pipeline compilers such as DSPy [5] could offer a
principled way to specify, compile, and execute large agent ensembles.

7. Conclusions
This paper presented DynTaskMAS, a dynamic task graph-driven framework that ad-

dresses key architectural challenges in LLM-based Multi-Agent Systems through intelligent
resource orchestration and parallel execution. The framework’s innovative architecture,
integrating dynamic task graph generation with asynchronous parallel execution, enables
efficient distribution of computational resources across multiple agents while maintaining
task coherence. Through the Semantic-Aware Context Management System and the Adap-
tive Workflow Manager, DynTaskMAS achieves optimal resource utilization by minimizing
computational redundancy and maximizing parallel processing opportunities.

Extending our preliminary conference study [24], this journal version contributes a
formal problem statement (Section 3), a broader and up-to-date review of related work,
refined mathematical treatment of each component, and an ablation study that quantifies
the marginal contribution of each module. Our experimental results demonstrate the frame-
work’s effectiveness across multiple dimensions: execution-time improvements ranging
from 21.3% for simple tasks to 33.0% for complex tasks, a 35.4% relative increase in resource
utilization (from 65% to 88%), and efficient scaling with throughput improvements of
3.47× for 16 concurrent agents. The successful implementation of DynTaskMAS establishes
a systematic approach for building scalable, high-performance LLM-based Multi-Agent
Systems that effectively balance resource optimization with task coordination, and lays the
groundwork for future research on graph-structured, runtime-optimized agent ensembles.
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