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Abstract. Large language model (LLM) agents are rapidly evolving
from single-agent tool-use systems into collaborative multi-agent archi-
tectures. While existing studies have extensively discussed agent capabil-
ity, role specialization, and task decomposition, relatively less attention
has been paid to the distributed systems mechanisms that make multi-
agent collaboration reliable, scalable, and controllable in practice. In par-
ticular, orchestration topology, communication semantics, state synchro-
nization, persistence, and fault recovery have emerged as key system-level
design dimensions.
This paper examines distributed multi-LLM-agent architectures from
the perspective of orchestration patterns, communication protocols, and
fault tolerance. It focuses on representative frameworks including Au-
toGen, LangGraph, CrewAI, and OpenAI Swarm, and compares them
in terms of centralized, hierarchical, and handoff-driven coordination,
message routing, state management, recovery support, and engineer-
ing trade-offs. In addition, it incorporates benchmark-oriented evidence,
public serving reports, and protocol developments to examine how archi-
tectural choices relate to deployment concerns such as reliability, persis-
tence, observability, interoperability, and long-horizon task execution.
The goal of this paper is not merely to list framework features, but
to develop a systems-oriented structure for understanding how current
multi-agent LLM systems are organized, how they communicate, and
how they cope with failures in distributed execution settings. Based on
this analysis, the paper identifies current limitations and outlines fu-
ture directions toward more interoperable, observable, and fault-tolerant
multi-agent ecosystems.

Keywords: large language model agents · multi-agent systems · dis-
tributed systems · orchestration · communication protocols · fault toler-
ance
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1 Introduction

Large language models (LLMs) have rapidly extended the scope of intelligent
systems from single-turn text generation to increasingly complex agentic work-
flows involving planning, tool use, reflection, and environment interaction. As
this paradigm has matured, research has gradually moved beyond single-agent
settings toward collaborative multi-agent systems, in which multiple LLM-driven
agents cooperate to decompose tasks, exchange intermediate results, invoke ex-
ternal tools, and iteratively refine decisions. This shift reflects the growing recog-
nition that many realistic tasks are too complex, too long-horizon, or too het-
erogeneous to be handled effectively by a single monolithic agent.

Recent representative frameworks illustrate this trend clearly. AutoGen pop-
ularized programmable multi-agent conversation as a practical paradigm for
coordinating LLM-based agents. LangGraph emphasized graph-structured and
stateful orchestration, making persistent execution and resumability central de-
sign goals. CrewAI focused on engineering-oriented workflow composition, in-
cluding flows, routing logic, and state persistence. OpenAI Swarm, by contrast,
adopted a lightweight handoff-based coordination model, highlighting explicit
delegation and controllable interaction among agents. Although these frame-
works differ substantially in abstraction level, execution model, and engineering
maturity, they collectively demonstrate that multi-agent LLM systems are in-
creasingly being treated as structured distributed software systems rather than
as prompt-level compositions alone.

Figure 1 sketches the motivating setting of this paper: a user request is routed
to multiple specialized agents, execution spans distributed workers and shared
state, and failures must be detected and recovered rather than treated as rare
exceptions.

Despite this rapid progress, much of the current literature still emphasizes
agent capability at the task level, such as reasoning quality, tool use, or bench-
mark performance, while paying less attention to the distributed systems per-
spective needed for robust collaboration in practice. Real deployments must co-
ordinate execution across multiple roles, tools, services, and sometimes heteroge-
neous runtimes. Under such conditions, orchestration topology, communication
semantics, shared context, state persistence, resumability, and partial-failure re-
covery become first-class design concerns.

This paper therefore treats distributed multi-LLM-agent architectures not
merely as collections of intelligent agents, but as coordination systems whose
effectiveness depends on how collaboration is organized and sustained. Four
design dimensions are particularly important: orchestration topology, commu-
nication and routing, state synchronization and persistence, and fault tolerance.
These dimensions determine whether a system can support long-running work-
flows, dynamic delegation, tool failures, and human intervention without losing
control or consistency.

A second motivation lies in the persistent gap between promising architec-
tural ideas and robust real-world performance. Existing benchmarks show that
long-horizon, tool-enhanced, and interactive tasks remain highly challenging even
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Fig. 1. A motivating distributed multi-agent execution scenario.

for strong LLM-based agents. These results suggest that performance depends
not only on model quality, but also on system-level factors such as coordination
overhead, message routing, memory handling, execution control, and recovery
support. At the same time, the broader ecosystem is moving toward interop-
erability and protocolization, which further reinforces the need for a systems-
oriented perspective.

Against this background, this paper examines distributed multi-LLM-agent
architectures with a focus on orchestration patterns, communication protocols,
and fault tolerance. Specifically, it studies four representative frameworks—
AutoGen, LangGraph, CrewAI, and OpenAI Swarm—and compares them through
a unified taxonomy of control topology, communication structure, state manage-
ment, and recovery behavior. The paper does not aim to provide a feature-by-
feature product comparison. Instead, it explains how architectural choices shape
practical trade-offs in controllability, extensibility, resilience, and public-evidence
behavior under distributed collaboration settings.

To guide the analysis, this paper addresses four research questions:

– RQ1: How do current multi-LLM-agent frameworks differ in orchestration
topology?

– RQ2: How do these frameworks implement communication, routing, and
state management?

– RQ3: What fault models and recovery strategies are supported in current
systems?

– RQ4: What do public benchmark results and technical reports reveal about
the practical trade-offs of these architectures?

The remainder of this paper is organized as follows. Section 2 identifies the
main research gap and clarifies the position of this paper. Section 3 introduces
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a taxonomy of distributed multi-agent collaboration. Section 4 analyzes repre-
sentative frameworks together with benchmark and public evidence. Section 5
presents a comparative analysis of architectural trade-offs. Section 6 discusses
broader implications, including the meaning of truly distributed coordination,
the difficulty of fair comparison, and the evolution toward protocolized ecosys-
tems. Section 7 concludes the paper and summarizes future directions.

2 Research Gap and Positioning

Existing studies have already established that LLM-based agents can perform
planning, memory use, tool invocation, and task decomposition at increasingly
complex levels [1]. However, most of this line of work still treats distributed
coordination as a secondary implementation issue rather than as a primary ana-
lytical object. In other words, prior research has explained how agents can reason
and act, but has been less explicit about how multiple agents are orchestrated,
synchronized, and recovered in realistic distributed execution environments.

A similar limitation appears in recent work on multi-agent collaboration.
Studies on collaboration mechanisms and communication have clarified how
multiple agents may cooperate through role allocation, conversational exchange,
or communication patterns [2, 3]. Yet these studies still stop short of a unified
systems-level comparison of orchestration topology, communication structure,
persistence, and fault tolerance across representative frameworks. What is still
missing is not another detailed description of what multi-agent frameworks con-
tain, but a more explicit account of what they do not solve equally well.

Protocol-oriented work and evaluation-oriented work provide further evi-
dence of this gap. Interoperability efforts such as MCP and A2A indicate that
communication boundaries and interface design are becoming increasingly im-
portant [4–8]. Meanwhile, benchmarks such as AgentBench, GAIA, and We-
bArena show that long-horizon, tool-augmented, and environment-interactive
tasks remain difficult in practice [9–12]. These works offer useful evidence, but
they do not by themselves explain how concrete framework-level choices in or-
chestration, state, and recovery contribute to those outcomes.

Therefore, the main gap addressed in this paper is the lack of a unified
distributed-systems view across representative multi-agent frameworks. Rather
than centering the analysis on framework features alone, this paper focuses on
four system-level dimensions: orchestration topology, communication semantics,
state synchronization and persistence, and fault tolerance. It then uses this struc-
ture to analyze AutoGen, LangGraph, CrewAI, and OpenAI Swarm, and to
connect framework design with benchmark and public-evidence signals. In this
sense, the contribution of the paper lies not in introducing another catalog of
agent functions, but in clarifying architectural trade-offs that are often discussed
separately but rarely analyzed together.
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3 Taxonomy of Distributed Multi-LLM-Agent
Collaboration

To compare current multi-LLM-agent frameworks in a consistent and system-
oriented manner, this paper adopts a taxonomy centered on four key dimensions:
orchestration topology, communication semantics, state synchronization and per-
sistence, and fault tolerance and recovery. This taxonomy is motivated by both
recent literature and the practical design choices exhibited by representative
frameworks [1–3]. Rather than treating multi-agent systems as simple collec-
tions of role-specialized agents, the proposed taxonomy views them as distributed
coordination systems whose practical behavior depends on how control is orga-
nized, how information is exchanged, how intermediate state is maintained, and
how failures are handled.

3.1 Orchestration Topology

The first dimension is orchestration topology, which describes how control au-
thority is distributed during execution. In current multi-agent frameworks, at
least three recurring coordination patterns can be identified [2].

The first pattern is centralized orchestration, in which one coordinat-
ing component determines which agent should act next, aggregates intermediate
outputs, and often decides when execution should terminate. This design is at-
tractive because it simplifies control, observability, and debugging. However, it
may also introduce bottlenecks and single points of failure, especially in long-
running workflows or systems with heavy tool usage.

The second pattern is hierarchical orchestration, in which a supervisor
or planner delegates subtasks to specialized downstream agents. Hierarchical
coordination improves modularity and specialization, but it also increases rout-
ing complexity and makes recovery more dependent on the correctness of the
upper-layer controller.

The third pattern is handoff-based or near-peer coordination, in which
responsibility is transferred more dynamically among agents. In this pattern,
execution does not always rely on a single persistent controller at every step;
instead, one agent can pass context and control to another according to local
decisions or task-specific rules. This design may improve flexibility and reduce
excessive centralization, but it also makes consistency and observability more
difficult to guarantee.

These topologies should not be interpreted as mutually exclusive categories.
In practice, many frameworks combine them. For example, a system may use
centralized routing at the workflow level while still allowing handoffs among
worker agents at the task level. Therefore, orchestration is best understood as
a spectrum rather than as a strict binary distinction between centralized and
decentralized systems.
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3.2 Communication Semantics

The second dimension is communication semantics, which concerns how agents
exchange information, requests, decisions, and intermediate outputs. Existing
frameworks differ not only in whether agents communicate, but also in what
they exchange and how that exchange is structured [3].

One common mechanism is shared-thread communication, where mul-
tiple agents contribute to a single conversation context. This design simplifies
collaboration because every agent can observe the same running history, but it
may also lead to context bloat, ambiguity, and information redundancy as the
interaction grows.

A second mechanism is explicit routing through control logic. In this
case, communication is mediated by a scheduler, router, or graph transition
rule that determines which message, state fragment, or tool output should be
passed forward. Compared with shared-thread interaction, explicit routing pro-
vides stronger control and can reduce unnecessary context propagation, but it
requires more careful workflow design.

A third mechanism is protocol-mediated interaction, which becomes in-
creasingly important when agents, tools, and services are distributed across dif-
ferent runtimes or platforms. In this setting, communication is no longer limited
to internal framework calls; instead, it may depend on explicit interface stan-
dards, typed messages, capability descriptions, or external discovery mechanisms
[8, 4–7]. This distinction is important because internal framework communica-
tion and cross-platform interoperability do not solve the same problem, even
though both belong to the broader communication layer.

Accordingly, this paper distinguishes between intra-framework communi-
cation and inter-system interoperability. The former concerns how agents
exchange information within one framework instance, while the latter concerns
how independently implemented agents, tools, or services communicate across
ecosystem boundaries [8].

3.3 State Synchronization and Persistence

The third dimension is state synchronization and persistence. In distributed
multi-agent systems, successful collaboration depends not only on message pass-
ing but also on how intermediate state is represented, updated, stored, and
resumed. This issue is especially important in long-horizon tasks, tool-intensive
workflows, and human-in-the-loop settings [1, 3].

A first distinction concerns state representation. Some systems primarily
rely on conversational history as implicit state, while others define an explicit
shared state object that can be read and updated by different components. Ex-
plicit state often improves inspectability and structured control, whereas implicit
conversational state may be more flexible but harder to manage at scale.

A second distinction concerns state scope. State may be local to an individ-
ual agent, shared across a team of agents, or maintained globally at the workflow
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level. Differences in scope directly affect information visibility, synchronization
overhead, and the risk of stale or inconsistent context.

A third distinction concerns persistence. Some frameworks support check-
pointing or resumable execution, allowing workflows to pause and continue after
interruption. Others are lightweight and stateless between calls, placing the bur-
den of persistence on the external application layer. This difference is highly
consequential in practice: persistent systems are better suited for long-running
and failure-prone execution, while stateless systems may remain simpler and
easier to reason about in small-scale workflows.

For this reason, state management in this paper is analyzed along four
sub-dimensions: state unit (message history, shared object, structured mem-
ory), state scope (local, shared, global), persistence support (none, partial,
built-in), and resumability (manual reconstruction, checkpoint-based resume,
durable execution).

3.4 Fault Tolerance and Recovery

The fourth dimension is fault tolerance and recovery. Existing multi-agent liter-
ature frequently emphasizes the benefits of collaboration, but real deployments
must also cope with failure. In distributed multi-agent settings, failures may arise
not only from infrastructure, but also from coordination logic and semantic drift
[2, 3].

This paper groups failures into five broad categories. The first is tool and
environment failure, such as API errors, timeouts, unavailable resources, or
failed external actions. The second is coordination failure, including incor-
rect delegation, dead-end planning, and repeated handoff loops. The third is
state failure, such as stale context, missing updates, or inconsistent interme-
diate memory. The fourth is execution interruption, where a workflow halts
before completion because of system crashes, user pauses, or external depen-
dency failure. The fifth is semantic failure, where agents continue operating
but gradually converge on incorrect assumptions, misleading summaries, or false
consensus.

Correspondingly, recovery mechanisms can also be classified. Detection mech-
anisms include guardrails, timeouts, validation checks, and human oversight.
Containment mechanisms attempt to isolate errors by rerouting tasks, lim-
iting propagation, or interrupting unstable branches. Recovery mechanisms
include retry, rollback, checkpoint restore, human-in-the-loop correction, and
explicit re-planning. A framework need not implement all of these natively, but
its architecture strongly influences which of them can be supported efficiently.

3.5 Taxonomy Summary

Based on the four dimensions above, this paper evaluates representative frame-
works using the following analytical questions:

– Topology: Is coordination primarily centralized, hierarchical, handoff-based,
or mixed?
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Fig. 2. A taxonomy of distributed multi-LLM-agent collaboration.

– Communication: Do agents interact through shared context, explicit rout-
ing, structured state transitions, or external protocols?

– State: Is execution state implicit or explicit, local or shared, ephemeral or
persistent, resumable or stateless?

– Fault tolerance: What kinds of failures are visible, and what recovery
strategies are supported by the framework design?

As illustrated in Fig. 2, the proposed taxonomy organizes current frameworks
along four key dimensions: orchestration topology, communication semantics,
state synchronization and persistence, and fault tolerance and recovery.

The purpose of this taxonomy is not merely to classify existing frameworks,
but to provide a common analytical vocabulary for comparing systems that are
otherwise described using different abstractions. In particular, the taxonomy
highlights that coordination structure, communication mechanism, persistence
model, and recovery support should be analyzed together rather than in isola-
tion. This perspective will guide the framework analysis in Section 4 and the
comparative discussion in Section 5. In the next section, this taxonomy is ap-
plied to four representative frameworks—AutoGen, LangGraph, CrewAI, and
OpenAI Swarm—to examine how current systems differ in control, communica-
tion, persistence, and resilience [13–16].
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4 Representative Frameworks and Public Evidence

This section applies the taxonomy from Section 3 to four representative frame-
works: AutoGen, LangGraph, CrewAI, and OpenAI Swarm. The purpose is not
to reproduce framework documentation, but to extract the architectural choices
that matter for distributed execution: who controls progress, how messages or
state are propagated, where persistence is maintained, and what recovery mech-
anisms can be supported. The section then connects these architectural obser-
vations with benchmark evidence, public serving reports, and protocol-oriented
developments.

4.1 Compressed Framework Profiles

AutoGen AutoGen represents a conversation-centric approach to multi-agent
coordination. Its core abstraction is the conversable agent, and its practical co-
ordination patterns include two-agent chat, sequential chat, group chat, and
nested chat [13, 17, 18]. In group-chat settings, a GroupChatManager can medi-
ate speaker selection and message exchange, making AutoGen flexible for rapid
prototyping and human-in-the-loop collaboration [19]. Architecturally, AutoGen
therefore combines shared conversational context with light manager-mediated
control.

The main trade-off is that communication and state are closely coupled.
Message history serves as interaction log, implicit memory, and coordination
substrate at the same time. This design is expressive, but long conversations
may suffer from context growth, stale assumptions, and weaker separation be-
tween reasoning traces and durable workflow state. AutoGen supports resuming
group chats from prior messages [20], but compared with explicit state-machine
frameworks, its persistence and recovery semantics remain relatively lightweight.

LangGraph LangGraph is the clearest example of graph- and state-centric or-
chestration. It models execution through state, nodes, and edges, so coordination
is expressed as explicit transitions rather than emergent conversational flow [14,
21]. This makes it suitable for long-running workflows, conditional routing, and
applications where execution boundaries must be inspectable.

Its main strength is durable execution. LangGraph can persist execution
progress and resume workflows from stored state, while its memory mechanisms
distinguish thread-scoped and longer-term state [22, 23]. These features make
failures more localizable: errors can often be associated with a node, transition,
or state update rather than with an entire unstructured conversation. The cost
is higher up-front design effort, because developers must define state schemas
and graph transitions more explicitly.

CrewAI CrewAI combines agent collaboration with workflow-oriented pro-
cess control. Its Crews organize agents and tasks, while Flows provide struc-
tured orchestration through event-style primitives such as @start, @listen, and
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Table 1. Compact comparison of representative frameworks.

Framework Topology State /
Persistence

Key architectural
trait

AutoGen Mixed,
conversation-centric

Implicit chat state;
partial resume

Flexible collaboration
through reusable
conversation patterns

LangGraph Graph-based,
state-centric

Explicit shared
state; durable
execution

Strong control for
long-running and
resilient workflows

CrewAI Sequential /
hierarchical flows

Persisted flow state;
unified memory

Workflow-oriented
orchestration with
engineering focus

OpenAI
Swarm

Handoff-driven,
lightweight

Stateless between
calls; external
persistence

Minimal and
transparent
coordination baseline

@router [15, 24]. CrewAI also supports sequential and hierarchical processes,
where a manager model or manager agent can supervise delegation and valida-
tion [25]. This makes it particularly relevant for enterprise-style workflows where
task ownership and supervision must be visible.

CrewAI’s architectural value lies in bridging multi-agent collaboration and
workflow engineering. Flow persistence and memory support make it more op-
erationally structured than purely conversational systems [24, 26]. At the same
time, its abstractions are less low-level than a fully explicit graph runtime. As a
result, CrewAI is well suited to process-oriented orchestration, but its recovery
properties still depend on how developers structure flows, validation checkpoints,
and persistent state.

OpenAI Swarm OpenAI Swarm is a deliberately lightweight orchestration
baseline centered on agents and handoffs [16]. An active agent can call functions,
update context variables, and transfer control to another agent. This design
makes delegation explicit and easy to inspect, and it is useful as a minimal
reference point for handoff-driven coordination.

The same minimalism also limits built-in persistence. The repository de-
scribes Swarm as stateless between calls, so long-running state, checkpointing,
and durable recovery must be supplied by the surrounding application [16].
Function-call errors can be appended back into the interaction so that the agent
can respond, but advanced recovery mechanisms such as checkpoint restore or
workflow replay are not native runtime features. Swarm is therefore best un-
derstood as a transparent handoff model rather than as a full production-grade
distributed execution system.
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Table 2. Data-source matrix used in this paper.

Type Source Evidence Use in this paper
Benchmark AgentBench,

GAIA,
WebArena

task difficulty,
long-horizon
behavior

Shows where coordination, tool use, and stability
remain difficult

Framework
docs

AutoGen,
LangGraph,
CrewAI,
Swarm

orchestration,
memory,
durability,
handoff logic

Supports architectural analysis of control, state,
and recovery

System
report

vLLM,
SGLang,
LMDeploy,
Elastic EP

throughput,
TTFT, TPOT,
recovery
behavior

Supports public-evidence analysis and figure
design

Protocol
docs

MCP, A2A,
protocol
surveys

interface
structure,
capability
exposure,
cross-agent
communica-
tion

Supports the discussion of protocol evolution and
interoperability boundaries

4.2 Benchmark, Report, and Protocol Sources

To avoid mixing incomparable evidence, this paper separates framework docu-
mentation, agent benchmarks, public system reports, and protocol documents.
Framework documentation is used to identify architectural mechanisms such
as orchestration patterns, state persistence, and recovery support. Agent bench-
marks reveal where long-horizon and tool-augmented tasks remain difficult. Pub-
lic system reports expose serving-side metrics such as throughput, TTFT, TPOT,
memory behavior, and recovery under partial failure. Protocol documents show
how the ecosystem is moving from single-framework execution toward cross-
system interoperability.

Table 2 clarifies the methodology of this paper. Framework documents, bench-
marks, public serving reports, and protocol specifications operate at different
layers of the stack. They should therefore be used together but not conflated. In
particular, public reports are useful for extracting traceable evidence, but they
should not be interpreted as direct apples-to-apples comparisons unless hard-
ware, model size, prompt length, concurrency, and runtime configuration are
controlled.

4.3 Data-Driven Evidence from Public Reports

Public evidence connects the architectural analysis above with measurable sys-
tem behavior. This is useful because the practical question is not only whether
agents can solve tasks, but also whether their orchestration choices remain ob-
servable, persistent, efficient, and recoverable under deployment constraints.

Serving-Efficiency Trends Official system reports suggest that serving effi-
ciency has become a major axis of public evidence around LLM systems. The
vLLM team reported in its 2024 performance update that v0.6.0 delivered 2.7×
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Efficiency Latency / prefill Scale / concurrency Recovery / resilience

Public report / setting Relative
throughput gain

Token latency /
per-user rate

TTFT /
prefill

Absolute
throughput

Scale /
concurrency

Recovery
latency

Resilience
effect System-level interpretation

vLLM v0.6 / 8B

Llama 3 8B · 1×H100 · ShareGPT (500 prompts)
2.7× 5× faster

TPOT
CPU path was a major bottleneck:
33% API + 29% scheduling.

vLLM v0.6 / 70B

Llama 3 70B · 4×H100 · ShareGPT (500 prompts)
1.8× 2× lower

TPOT
The gain persisted at larger scale,
with a smaller relative improvement.

SGLang Runtime

Llama 8B–405B · A100/H100 · offline + online

up to
3.1×

up to
5,000 tok/s

>10 RPS
on 8B

Evidence spans models, precisions,
and 1–16 RPS online serving.

SGLang / 128K

DeepSeek-R1 · GB300 NVL72 · 128K/8K ISL/OSL

1.53×
vs GB200

1.87×
TPS/User 8.6 s 226.2

TPS/GPU
288

requests
PD disaggregation, Wide-EP, MTP,
and KV-aware orchestration.

Elastic EP

DeepSeek V3.2 · 4 nodes / 32 GPUs · 256 redundant experts

5,552 →
2,825 tok/s

1–16
failed ranks 6.2–6.8 s ≈90%

shorter
Localized failure handling through
expert redundancy and token rerouting.

Fig. 3. Public system evidence across serving efficiency, long-context scaling, concur-
rency, and partial-failure recovery. Colored bubbles summarize reported metrics, while
the rightmost column highlights the corresponding systems-level implications.

higher throughput and 5× faster TPOT on a Llama 3 8B workload, as well as
1.8× higher throughput and 2× lower TPOT on a Llama 70B workload under the
reported settings [27]. LMSYS reported that SGLang could achieve up to 3.1×
higher throughput than vLLM on Llama-70B in its July 2024 serving post, while
remaining competitive with TensorRT-LLM under the evaluated configurations
[28]. These reports do not directly evaluate AutoGen, LangGraph, CrewAI, or
Swarm, but they are relevant because distributed multi-agent systems ultimately
depend on the surrounding serving stack.

Cross-System Metric Evidence To connect the architectural analysis with
deployment-level evidence, Fig. 3 consolidates representative public reports across
serving efficiency, token-level latency, long-context scalability, concurrency, and
partial-failure recovery. Each row corresponds to a specific public report or de-
ployment setting, while the metric columns show the dimensions explicitly dis-
cussed in that source. The rightmost column summarizes the main systems-level
implication of each setting.

The first two rows summarize the vLLM v0.6 performance update. For the
reported Llama 3 8B setting, the update showed a 2.7× throughput improvement
and a 5× improvement in TPOT. For the larger 70B setting, the corresponding
gains were 1.8× in throughput and approximately 2× in TPOT. The report also
exposed an important systems observation: API-server processing and scheduling
accounted for a substantial share of the execution path, showing that serving
performance depends on more than GPU computation alone [27].

The SGLang Runtime row extends the evidence toward broader model and
online-serving settings. Its public report covered Llama models ranging from 8B
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to 405B, multiple GPU configurations, and both offline and online workloads.
The reported evidence included up to 3.1× throughput improvement over the
selected vLLM baseline, approximately 5,000 tokens per second in a short-input
setting, and online request rates above 10 requests per second for the reported
8B configuration [28].

The long-context row shows how public reporting has expanded beyond con-
ventional throughput. Under the reported 128K-input and 8K-output setting, the
SGLang deployment reported 226.2 TPS/GPU, an 8.6-second best TTFT, and
support for 288 concurrent requests. The associated systems design combined
prefill–decode disaggregation, wide expert parallelism, multi-token prediction,
and KV-aware routing, illustrating how long-context performance increasingly
depends on orchestration across the serving runtime [30].

The final row focuses on partial-failure recovery. Elastic EP was evaluated
under failures ranging from one to sixteen ranks. The public report showed that
remaining throughput decreased as the number of failed ranks increased, while
service interruption remained approximately 6.2–6.8 seconds. This represented
an approximately 90% reduction compared with the reported full-restart time.
The result highlights the role of expert redundancy, token rerouting, and local-
ized recovery in resilient distributed execution [31].

Taken together, Fig. 3 shows that public system evidence has expanded from
throughput and token latency toward long-context scaling, runtime coordination,
concurrency, and failure recovery. LMDeploy’s benchmark documentation pro-
vides a related metric vocabulary, including throughput, TTFT, token latency,
percentile latency, and GPU memory usage [29].

Long-Horizon and Recovery-Aware Evidence Benchmark papers such as
AgentBench, GAIA, and WebArena suggest that long-horizon, tool-augmented,
and interactive environments remain difficult for current agent systems [9–12].
These results do not directly compare the four frameworks, but they explain why
persistence, routing discipline, and recovery support matter: long tasks place
sustained pressure on action loops, state continuity, tool invocation, and coordi-
nation under uncertainty.

More recent official reports show that public evidence is no longer limited to
raw throughput. LMSYS reported in 2026 that SGLang’s long-context serving
on GB300 NVL72 reached 226.2 TPS/GPU at the reported 128K/8K setting and
also reduced TTFT for 128K prefill under the tested configuration [30]. LMSYS
also reported partial-failure evidence for SGLang Elastic EP, stating that service
interruption remained under 10 seconds and represented about a 90% reduction
compared with the 2–3 minutes typically required for a full restart [31]. These
reports motivate a recovery-aware view of distributed agent systems: once multi-
agent workflows depend on long execution traces, external tools, and serving
infrastructure, fault tolerance becomes part of orchestration design rather than
a purely backend concern.

Figure 4 illustrates this recovery-oriented perspective. Before the injected fail-
ure, all strategies maintain a relatively stable task success rate. After the failure
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Fig. 4. Conceptual illustration of recovery trends under different fault-tolerance strate-
gies after an injected failure.

2023 2024 2025 2026
Year

Agent Bench

WebArena

GAIA

AutoGen

vLLM / SGLang serving

Interoperability
protocols

Agent evaluation
survey

Long-context
serving

Partial-failure
tolerance

Fig. 5. Evolution of public evidence from benchmark difficulty and serving efficiency
toward long-context and recovery-aware reporting.

point, the baseline without recovery degrades sharply and remains at a low suc-
cess level. Retry-only recovery provides limited improvement, checkpoint-based
recovery restores part of the lost performance, and recovery-aware orchestration
shows a faster and more stable recovery trend. Since this figure is conceptual,
it should be read together with the public recovery evidence discussed above
rather than as a direct benchmark comparison among specific frameworks.

Figure 5 captures the broader evidence trajectory. The public landscape has
expanded from early benchmark difficulty toward serving efficiency, interoper-
ability, long-context scalability, and partial-failure recovery. This shift supports
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the central argument of this paper: distributed multi-agent systems should be
evaluated not only by task success, but also by their ability to maintain state,
coordinate tools, and recover from failures in realistic deployment environments.

4.4 Section Summary

The framework profiles above show four different architectural philosophies: Au-
toGen prioritizes conversation-centric flexibility; LangGraph emphasizes explicit
graph-based state orchestration and durable execution; CrewAI combines work-
flow hierarchy with persisted process control; and Swarm reduces coordination to
lightweight handoffs with externalized state. The public-evidence analysis then
shows that the relevant systems questions are not purely conceptual. Public
reports increasingly expose concurrency, long-context pressure, latency distri-
bution, memory behavior, and recovery under failure as practical dimensions.
Fig. 3–5 therefore serve different roles: Fig. 3 organizes heterogeneous metric
evidence, Fig. 4 illustrates recovery behavior after an injected failure, and Fig. 5
summarizes the evolution of public evidence. Together, these observations moti-
vate the cross-framework synthesis in the next section.

5 Comparative Analysis

Building on the taxonomy in Section 3 and the framework profiles in Section 4,
this section develops a cross-framework synthesis from a distributed-systems
perspective. Rather than repeating individual framework descriptions, it com-
pares the frameworks along four deployment-relevant dimensions: orchestration
control, communication and state propagation, recovery and observability, and
production concerns. Table 3 summarizes the comparison.

5.1 Control Topology: From Conversation to Explicit Workflow

The first major distinction concerns how strongly each framework makes control
explicit. AutoGen favors flexible conversational coordination. Its reusable con-
versation patterns and group-chat management make it effective for exploratory
collaboration, but the execution path can be less explicit than in graph-based sys-
tems [18, 19]. LangGraph places control in graph structure, node transitions, and
shared state updates, making it more deterministic and easier to inspect [21, 14].
CrewAI emphasizes supervised process hierarchy through sequential and hierar-
chical execution, which is useful when task decomposition and validation need
to be visible [25]. Swarm reduces control to active agents and explicit handoffs,
offering transparency with minimal runtime assumptions [16].

These designs should not be reduced to a simple centralized/decentralized
binary. In practice, most current frameworks distribute work without fully dis-
tributing authority. A workflow may involve multiple agents and remote tools
while still depending on a scheduler, manager, graph runtime, or application
loop. The more useful comparison is therefore a spectrum: AutoGen emphasizes
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Table 3. Cross-framework synthesis of orchestration, communication, persistence, in-
teroperability, and recovery.

FrameworkOrchestrationCommunication Persistence Interop. Recovery capability
AutoGen Mixed Shared chat

context;
manager-
mediated routing

Partial
resume from
history

Limited
native
cross-
platform
support

Flexible but weaker
structured recovery in
long threads

LangGraphGraph-
based

Explicit node
transitions and
shared state
updates

Durable
execution

Better
tool/runtime
integration
alignment

Strong observability and
checkpoint-like resume

CrewAI Sequential
/
hierarchical

Task- and
flow-oriented
routing with
manager
supervision

Persisted
flows and
unified
memory

Moderate
interoper-
ability via
workflow
integration

Good practical recovery
basis through persisted
flows

OpenAI
Swarm

Handoff-
driven

Active-agent
messaging and
explicit handoffs

Externalized
to
application
layer

Lightweight
but
limited
native
interoper-
ability
semantics

Transparent local loop,
weak durable recovery

Fig. 6. Comparative architectural styles of representative multi-agent frameworks.

conversational flexibility, LangGraph emphasizes explicit workflow control, Cre-
wAI emphasizes hierarchical process discipline, and Swarm emphasizes minimal
handoff-based delegation.
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Figure 6 visualizes this spectrum. The figure highlights that architectural dif-
ferences are not merely differences in API syntax: they determine where routing
logic lives, how agents share information, and whether state is implicit, explicit,
persistent, or externalized.

5.2 Communication, State Synchronization, and Persistence

The second major distinction concerns how information and state move through
a workflow. AutoGen uses message history as both communication substrate
and implicit state [18, 19]. This increases flexibility, but can also produce con-
text growth and ambiguity. LangGraph separates communication from free-form
conversation more strongly by representing progress through state updates and
graph transitions [21]. This improves inspectability and makes recovery bound-
aries clearer. CrewAI sits between these two extremes by combining collaborative
agents with workflow-oriented Flows, routing, and persisted state [24, 15]. Swarm
keeps communication minimal: the active agent, message list, context variables,
and handoff target determine execution continuity [16].

Persistence follows the same pattern. LangGraph provides the strongest built-
in durable execution support [22]. CrewAI provides practical persistence through
Flows and memory abstractions [24, 26]. AutoGen offers lighter-weight resuma-
bility through message reuse and group-chat continuation [20]. Swarm explicitly
externalizes persistence to the calling application [16]. Therefore, the key trade-
off is not simply whether a framework supports memory, but whether persistence
is a native execution property or an application-level responsibility.

5.3 Fault Tolerance, Recovery, and Observability

Fault tolerance is where the architectural differences become most visible. Lang-
Graph has the strongest recovery-oriented structure because node boundaries
and durable execution make interruption and resumption explicit [22]. CrewAI
also provides a useful recovery basis through manager-level validation and per-
sisted Flow state [25, 24]. AutoGen can be made robust by adding validators,
human checkpoints, or specialized correction agents, but failure localization is
harder when reasoning, memory, and coordination are all interleaved in a shared
conversation [18]. Swarm is transparent at the local loop level and can pass
function-call errors back into the interaction, but it lacks native checkpointing
or long-running workflow recovery [16].

Observability follows a similar pattern. Explicit workflow boundaries make it
easier to trace which component acted, what state changed, and where a failure
occurred. Thus, LangGraph and CrewAI are generally better aligned with pro-
duction tracing and debugging. AutoGen provides strong interactive flexibility,
but large shared threads can obscure root-cause analysis. Swarm is easy to in-
spect locally, but cross-run observability depends on external logging and state
management. Overall, frameworks that make control and state explicit tend to
support stronger observability and recovery, while frameworks that emphasize
conversational flexibility tend to trade structural guarantees for adaptability.
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5.4 Deployment Concerns: Monitoring, Cost, Scalability, and
Governance

A deployment-oriented analysis must go beyond whether a framework can com-
plete a task once. Production multi-agent systems must remain monitorable,
cost-aware, scalable, and governable under repeated execution. Four concerns
are especially important.

First, monitoring and traceability are essential for long-horizon workflows.
Failures may arise from tool errors, stale context, repeated handoff loops, in-
valid state updates, or latency accumulation. Frameworks with explicit state
and workflow boundaries make such failures easier to localize. Second, token
and latency overhead can dominate runtime cost. Multi-agent collaboration in-
troduces routing messages, validation prompts, summaries, memory retrievals,
and tool feedback loops. Without controlled context propagation, an apparently
modular design can become expensive and slow. Third, scalability bottlenecks
appear when centralized managers, schedulers, or shared-memory components
must coordinate many agents or tools. Strong central control improves consis-
tency but may limit throughput; looser handoff models reduce some bottlenecks
but complicate debugging and recovery. Fourth, governance and safety matter
because multi-agent systems can trigger external tools, exchange sensitive con-
text, and amplify erroneous assumptions across agents. Audit trails, permission
boundaries, human checkpoints, and tool-level policy enforcement are therefore
deployment concerns rather than optional features.

These concerns reinforce the central claim of this paper: orchestration archi-
tecture should be evaluated together with runtime and operational constraints.
A lightweight framework may be ideal for prototyping, but it may require sub-
stantial external infrastructure for tracing, persistence, and policy control. A
more structured framework may require more design work, but can reduce oper-
ational risk in long-running or failure-prone deployments. Therefore, deployment
suitability depends on the required balance among flexibility, cost, observability,
persistence, and recovery.

5.5 Design Implications

Three design implications follow. First, orchestration topology should be treated
as a first-class architectural decision rather than as a by-product of framework
choice. Second, persistence and recovery should be designed into the orches-
tration layer whenever workflows are long-running, tool-heavy, or user-facing.
Third, interoperability protocols can reduce integration friction, but they do not
replace runtime semantics for state, tracing, and recovery. These implications
motivate the discussion in the next section, where the paper turns from frame-
work comparison to the broader evolution of distributed multi-agent ecosystems.

6 Discussion

The preceding sections show that current multi-agent LLM systems already ex-
hibit substantial diversity in orchestration style, communication structure, per-
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sistence model, and recovery support. This section discusses three broader impli-
cations: the limited sense in which current systems are distributed, the difficulty
of fair comparison, and the evolution from framework-specific design toward
protocolized ecosystems.

6.1 Are Current Multi-Agent Frameworks Truly Distributed?

In a loose engineering sense, many current multi-agent systems are distributed
because they invoke external tools, call remote services, interact with hetero-
geneous runtimes, or coordinate multiple workers. In a stricter systems sense,
however, most representative frameworks are better understood as distributed
coordination layers rather than fully decentralized runtimes.

The reason is that control remains highly structured. AutoGen depends on
shared chat context, conversation patterns, and manager-like coordination [18,
19]. LangGraph explicitly models execution through graph structure, shared
state, and durable execution [21, 22]. CrewAI emphasizes flows, processes, and
manager-led coordination [25, 24]. Swarm appears more decentralized because
of handoffs, but its execution still depends on an application-managed loop and
externalized persistence [16]. The current ecosystem therefore distributes work
more than it distributes authority.

This distinction matters. A workflow may involve many agents and ser-
vices while still depending on a single scheduler, state representation, or execu-
tion loop. A stronger notion of distributed multi-agent execution would require
clearer partial autonomy, explicit coordination semantics across services, local
failure containment, and defined rules for state propagation and recovery. Cur-
rent frameworks are moving in this direction, but they have not yet converged
on a mature distributed execution model.

6.2 Why Fair Comparison Remains Difficult

Fair comparison is difficult because available evidence operates at different lay-
ers. Framework documentation describes mechanisms; agent benchmarks reveal
task difficulty; serving reports expose throughput, latency, memory, and recov-
ery behavior; protocol documents describe interface boundaries. These sources
are useful, but they do not answer the same question. A framework that appears
strong architecturally may be evaluated with a different model, serving stack,
prompt budget, hardware platform, or tool set than another framework.

This problem resembles broader benchmarking challenges in systems evalu-
ation. MLPerf Inference, for example, defines scenario-specific metrics, latency
constraints, and consistency requirements for the system under test [32, 33]. By
contrast, much public evidence in the agent ecosystem is engineering-oriented
rather than benchmark-standardized. It is valuable for extracting signals, but it
is not equivalent to a controlled comparison.

For multi-agent systems, fair evaluation should be layered. At the model
layer, comparisons should control for model family, precision, and tokenizer be-
havior. At the serving layer, they should control for hardware, batching, con-
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currency, and context length. At the agent layer, they should control for tools,
prompt budgets, planning strategy, memory design, and stopping criteria. At
the workflow layer, they should control for orchestration topology and recov-
ery policy. Most current evidence does not normalize all of these layers at once.
Therefore, the defensible conclusion is comparative but cautious: public evidence
can support architectural insight, but not universal ranking claims.

6.3 Protocol Evolution and Interoperability Boundaries

The ecosystem is also moving from framework-specific execution toward proto-
colized interoperability. MCP is a clear signal of this shift: its specification defines
a host/client/server architecture, JSON-RPC message format, stateful connec-
tions, capability negotiation, and structured exposure of resources, prompts, and
tools [5]. A2A similarly aims to let agents built by different vendors and frame-
works communicate and coordinate actions across heterogeneous enterprise en-
vironments [6, 7]. Recent protocol-oriented work further treats MCP, ACP, A2A,
and ANP as part of a broader interoperability layer for agent systems [8].

This evolution changes the unit of analysis. Earlier multi-agent systems
could keep most communication assumptions inside a single framework run-
time. Protocol-oriented systems instead push agents, tools, and services across
framework boundaries, organizational domains, and execution environments. In
such settings, the key question is no longer only whether components can con-
nect, but whether they can exchange structured capability descriptions, preserve
execution intent, support tracing, and recover across system boundaries.

However, protocolization is not a complete solution to distributed coordina-
tion. Protocols standardize interfaces, discovery, message structure, and capabil-
ity exposure, but they do not automatically define state consistency, checkpoint
semantics, replay behavior, delegation policy, trust management, or recovery af-
ter partial failure. MCP can expose tools and resources to an LLM application,
but it does not decide how a multi-agent workflow should arbitrate among com-
peting plans or resume after interruption. A2A can support cross-agent com-
munication, but it does not by itself provide a universal execution model for
observability and recovery.

This suggests a layered future. Protocols provide interoperability, serving
systems provide scalable execution, and orchestration frameworks provide con-
trol logic, persistence, and recovery structure. Figure 7 summarizes this layered
interpretation.

In such an ecosystem, the central design question shifts from “Which frame-
work is best?” to “How should protocol, runtime, and orchestration layers be
composed for a given deployment setting?” Protocols lower integration cost, but
they also make runtime questions more visible. Once agents can interact across
boundaries, trust, observability, state recovery, and fault containment become
more important rather than less.
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Fig. 7. A layered view of distributed multi-agent ecosystems across orchestration, pro-
tocol, runtime, and service layers.

6.4 Discussion Summary

The discussion leads to three conclusions. First, current frameworks are dis-
tributed operationally, but only partially distributed in authority and runtime
semantics. Second, fair comparison remains difficult because current evidence
mixes framework documentation, task benchmarks, serving reports, and protocol
specifications. Third, protocol evolution is an enabling trend, but standardized
interfaces do not replace the need for explicit state management, observability,
and recovery-aware orchestration.

7 Conclusion

This paper examined distributed multi-LLM-agent architectures through the
lens of orchestration patterns, communication protocols, and fault tolerance.
Instead of treating multi-agent systems as collections of role-specialized agents
alone, it analyzed them as coordination systems whose behavior depends on con-
trol topology, communication semantics, state persistence, and recovery design.
The proposed taxonomy organized these concerns into four dimensions: orches-
tration topology, communication semantics, state synchronization and persis-
tence, and fault tolerance and recovery.

The framework analysis showed that AutoGen, LangGraph, CrewAI, and
OpenAI Swarm represent different points in the current design space. AutoGen
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emphasizes conversation-centric flexibility; LangGraph emphasizes explicit state-
ful orchestration and durable execution; CrewAI combines workflow hierarchy
with persisted process control; and Swarm provides a lightweight handoff-driven
baseline with externalized persistence [13–16]. These choices directly affect ob-
servability, resumability, controllability, deployment cost, and recovery behavior.

The public-evidence analysis further showed that architectural comparison
cannot be separated from deployment concerns. Benchmarks such as Agent-
Bench, GAIA, and WebArena indicate that long-horizon and tool-augmented
tasks remain difficult [9–11]. Public system reports expose throughput, token
latency, long-context pressure, and recovery behavior as practical constraints
[27, 28, 30, 31]. Protocol efforts such as MCP and A2A show that the ecosystem
is evolving toward cross-framework interoperability, but protocols alone do not
solve state consistency, observability, or recovery semantics [5–8].

Overall, the current generation of multi-agent LLM frameworks has demon-
strated the value of collaborative orchestration, but it has not yet converged on a
mature distributed execution model. Future progress will require stronger struc-
tured state management, recovery-aware orchestration, deployment-oriented ob-
servability, and evaluation methods that separate model quality, serving infras-
tructure, workflow design, and protocol interoperability. The most promising
direction is therefore not a single universal framework, but a layered ecosystem
in which protocols, runtimes, and orchestration frameworks work together to
support interoperable, observable, and fault-tolerant multi-agent systems.
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