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Abstract—Network configuration synthesis aims to translate
high-level configuration intent into concrete device-level configu-
rations. Recent research has explored leveraging large language
models (LLMs) for intent inference and configuration synthesis.
However, configuration synthesis inherently requires determinis-
tic topology analysis and protocol-parameter resolution, such as
deriving OSPF link costs, BGP route preferences, or static-route
next hops from topology constraints and intended forwarding
behavior. These operations require explicit protocol semantics
and cannot be reliably guaranteed by the probabilistic gen-
eration process of LLMs. We propose ChatGosen, a network
configuration synthesis method based on semantic-computation
decoupling. This approach separates intent inference from de-
terministic protocol-parameter resolution through a structured,
vendor-independent intermediate representation (IR). The LLM
handles intent reasoning, task decomposition, generation of
device-level configuration subtasks, and final configuration file
generation, while topology parsing and protocol-parameter res-
olution are processed by a deterministic protocol-parameter res-
olution module. We implemented a prototype system supporting
static routing, OSPF, and BGP protocols. Testing on the Topology
Zoo real-world network topology dataset demonstrated Chat-
Gosen achieves fully correct routing forwarding configurations in
single-intent scenarios across 64-router topologies, with accuracy
exceeding 85% in multi-intent scenarios. The synthesis process
completes in mere minutes, proving that semantic-computation
decoupling provides a practical and scalable foundation for
network-wide configuration synthesis.

Index Terms—Network Configuration Synthesis, Large Lan-
guage Models, Intermediate Representation

I. INTRODUCTION

Network configuration synthesis is the process of translating
high-level configuration intents into device-level configuration
files that satisfy protocol semantics, topology constraints, and
vendor-specific syntax. As network scale and heterogeneity
grow, manual configuration becomes increasingly error-prone
and labor-intensive [1]–[3].

Formalized approaches require explicit encoding of protocol
behavior and guarantee the correctness of synthesized con-
figurations in predefined scenarios [4]–[14]. However, their
synthesis logic is often tightly coupled with specific protocols
and deployment scenarios. Extending these methods to support
new protocols, evolving intentions, and dynamic network
environments typically requires restructuring domain-specific
languages (DSLs) and modifying underlying configuration
solvers, limiting their scalability and practicality in real-world
networks.

The rapid advancement of LLM has reignited research in-
terest in automated network configuration synthesis [15], [16].
Leveraging their robust natural language understanding and
generalization capabilities [17]–[21], LLMs have been applied
to tasks such as configuration intent parsing, configuration
generation, and configuration transformation [15], [16], [22].
LLMs can parse intents, generate configuration fragments,
and perform semantic reasoning, allowing operators to specify
intents in natural language without learning specialized DSLs.

However, reliable configuration synthesis requires deter-
ministic topology analysis and protocol-parameter resolution,
such as calculating OSPF link costs, BGP preference val-
ues, route-map priorities, or static-route next hops based on
network topology and intents. These operations must strictly
adhere to protocol semantics and cannot be reliably performed
solely by the probabilistic generation of LLMs [23]. Existing
LLM-based approaches often rely on prompt engineering [24]
or syntax verification, but they cannot fully guarantee network
behavior matches the intended policy, especially under com-
plex topologies or multiple concurrent intents.

In this paper, we present ChatGosen, a network configu-
ration synthesis framework that separates semantic reasoning
from deterministic protocol-parameter resolution. The LLM
handles parsing natural language intents and decomposing
them into IR subtasks. A deterministic module then resolves
the protocol parameters required for the configuration. This
design mitigates errors due to LLM hallucinations while
ensuring that configuration complies with protocol semantics.

While ChatGosen separates semantic reasoning from deter-
ministic protocol computation, multi-intent scenarios introduce
additional challenges. In networks with multiple concurrent
configuration intents, semantic interactions among intents can
cause LLM-based task decomposition to omit subtasks or
produce redundant configurations, potentially reducing for-
warding correctness if not carefully managed.

To mitigate these issues, ChatGosen employs a structured
IR that organizes subtasks and constrains LLM outputs. The
deterministic computation module ensures reliable resolution
of protocol parameters, alleviating the risk of hallucinations
or unstable generation from the LLM. This design maintains
correctness even in complex topologies and multi-intent con-
ditions.

From a practical deployment perspective, operators bene-
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fit from pre-defined IR templates and modular computation
units. Such measures reduce the operational burden and learn-
ing curve for network administrators, facilitating real-world
adoption without requiring deep expertise in domain-specific
languages (DSLs) or low-level protocol details.

Importantly, ChatGosen synthesizes configuration param-
eters that guide standard routing protocols to converge to
the intended forwarding paths, rather than directly selecting
routes. This ensures that network behavior is enforced through
protocol-compliant parameters and respects the inherent deci-
sion processes of OSPF, BGP, and other routing protocols.

The key contributions of this paper are as follows:
• We propose ChatGosen, a semantic-computation decou-

pled framework for network configuration synthesis that
leverages the strengths of LLMs for intent parsing while
delegating deterministic protocol parameter resolution to
a dedicated module.

• We design a structured, vendor-independent IR that
serves as a clear interface between semantic reasoning
and protocol parameter computation, enabling modularity
and cross-vendor support.

• We implement a prototype of ChatGosen supporting static
routing, OSPF, and BGP, and evaluate it on real-world
network topologies. The results demonstrate superior
forwarding correctness compared to both LLM-only and
computation-only baselines.

• We clarify the distinction between semantic intent parsing
and protocol parameter resolution, and emphasize that
configuration synthesis is performed through parameter
instantiation that induces intended routing behavior, en-
suring protocol-compliant outcomes.

Overall, ChatGosen provides a practical, scalable, and ro-
bust foundation for automated network configuration synthesis
by combining LLM-based semantic reasoning with determin-
istic protocol-parameter resolution.

II. BACKGROUND AND MOTIVATION

A. Network Configuration Synthesis

Generating network device configurations is a fundamental
task in network operations and maintenance. As networks
expand in scale and increase in heterogeneity, manually
translating high-level configuration intent into device-level
configurations becomes increasingly difficult and error-prone.
Network configuration synthesis aims to alleviate this burden
by automatically generating end-to-end configurations that
satisfy expected network-wide behavior, comply with protocol
semantics, and adhere to vendor-specific syntax.

Previous research [4]–[12] have made significant progress in
network configuration synthesis using formal methods. These
systems typically rely on DSLs and configuration templates.
Configuration parameters, computed through constraint solv-
ing or formal reasoning, are then instantiated into predefined
templates to generate device-level configurations. For exam-
ple, NetComplete uses SMT solvers to compute OSPF and
BGP parameters that satisfy user-specified routing intentions,

automatically populating them into pre-designed configuration
templates to achieve full network OSPF and BGP configura-
tion synthesis.

Although these methods provide correctness guarantees in
predefined scenarios, they also face practical limitations. First,
network operations personnel must learn and use DSLs to
express intent and design configuration templates for specific
deployment scenarios, resulting in a steep learning curve and
requiring significant manual effort. Second, DSL design and
templates are often tightly coupled with underlying system
modeling assumptions. Extending these systems typically re-
quires DSL refactoring or solver modifications. These lim-
itations constrain their applicability in real-world networks,
particularly when network operations personnel must handle
diverse configuration scenarios. This may necessitate using
multiple synthesis tools, and in most cases, these tools cannot
be deployed concurrently within the same network.

B. Why LLMs Are Appealing but Insufficient

LLMs have demonstrated formidable capabilities across
domains including natural language understanding, intent in-
ference, technical document parsing, and multi-step gener-
ation [15], [16], [22], [25]–[29]. These capabilities align
closely with configuration synthesis requirements, particularly
excelling in parsing natural language configuration intent and
generalizing from historical configuration examples. Addition-
ally, employing LLMs for network management enables oper-
ations personnel to specify configuration intent using natural
language rather than DSLs, substantially reducing operational
complexity for maintenance staff.

However, LLMs alone are insufficient to support reliable
network-wide configuration synthesis. While they excel at
semantic interpretation and structural generalization, they lack
explicit enforcement of network topology constraints and
protocol semantics. Configuration synthesis requires enforc-
ing these constraints to ensure network behavior aligns with
expectations. Relying solely on LLMs for these inferences
may lead to network anomalies, security vulnerabilities in
configurations, and other issues, particularly in large-scale
networks or complex multi-intent scenarios.

Some approaches attempt to combine LLMs with formal
solvers to mitigate these limitations. For example, CEGS
integrates LLM-based intent translation with existing formal
synthesis tools, converting natural language intents into DSL
descriptions and configuration templates required by formal
tools. Subsequently, the formal synthesis tools perform de-
terministic protocol-parameter resolution and instantiate con-
figurations. While this approach improves usability compared
to manually authoring DSLs, it remains tightly coupled with
DSL design and the modeling assumptions of synthesis tools.
Supporting new protocols or intent patterns still requires ex-
tending existing synthesis tools. Within this framework, LLMs
primarily replace manual translation of configuration intent
into DSL, rather than achieving a clear separation between
semantic reasoning and deterministic protocol-parameter res-
olution.



C. Motivation

These observations indicate that formal methods and LLMs
exhibit complementary strengths at different stages of the
synthesis process. Formal methods excel at deterministic
topological analysis and protocol-parameter resolution, while
LLMs excel at intent reasoning and task structuring. However,
existing systems either tightly couple synthesis logic with spe-
cific formal abstractions or rely on LLMs to implicitly perform
protocol reasoning. This prevents clear separation between
stages, thereby limiting the synergistic benefits achievable
through combining both approaches.

This motivated our design of a configuration synthe-
sis architecture that explicitly decouples semantic reasoning
from protocol-parameter resolution. LLMs parse natural lan-
guage configuration intent and decompose it into a series
of structured configuration subtasks. All topology parsing
and protocol-parameter resolution tasks are handled by a
dedicated deterministic protocol-parameter resolution module,
rather than implicitly relying on LLM inference. By enforcing
this separation, the synthesis process preserves the LLM’s
usability advantages across diverse configuration scenarios
while ensuring correctness of protocol-parameter resolutions.

These observations highlight key considerations for de-
signing an effective network configuration synthesis system.
First, while LLMs excel at interpreting high-level intents and
reasoning about task structure, they do not inherently enforce
protocol semantics or topology constraints. Solely relying on
LLMs risks inconsistent or unsafe network behavior, particu-
larly in large-scale or multi-intent deployments.

Second, formal methods guarantee deterministic computa-
tion of protocol parameters but are tightly coupled to spe-
cific DSLs and templates, limiting adaptability to evolving
intents or heterogeneous network environments. Extending
such systems often requires significant re-engineering, which
is impractical in dynamic real-world networks.

Combining these insights, the design of ChatGosen is mo-
tivated by the need to leverage LLM reasoning for semantic
understanding while ensuring correctness through explicit de-
terministic computation. Importantly, this approach allows for
modular and vendor-independent IRs, facilitating scalability,
extensibility, and parallel handling of multiple intents. By
clearly articulating these design principles in the motivation
section, we provide a strong theoretical justification for the
architectural choices and experimental evaluation presented in
subsequent sections.

III. SEMANTIC-COMPUTATION DECOUPLED
ARCHITECTURE

A. Architectural Overview

Figure 1 illustrates the overall architecture of ChatGosen.
This system synthesizes network-wide configurations by pro-
cessing high-level configuration intent expressed through net-
work topology and natural language. Unlike end-to-end gener-
ative approaches that directly map intent to configuration text,
ChatGosen explicitly separates semantic interpretation from

protocol-level computation. This architectural decision ensures
that language understanding and deterministic reasoning are
executed in distinct and well-bounded stages, preventing LLM
hallucinations from affecting protocol parameter computation.

ChatGosen comprises three core modules: the task de-
composition module, the deterministic protocol-parameter res-
olution module, and the configuration generation module.
These modules are interconnected via a structured, vendor-
independent IR, which serves as the boundary between se-
mantic interpretation and deterministic computation. The IR
encodes device-level configuration relationships and preserves
sufficient structural information to enable subsequent protocol-
level reasoning without requiring reinterpretation of natural
language input.

The task decomposition module parses configuration intent
and converts it into a series of configuration subtasks rep-
resented using IR. Each subtask contains only one unknown
or known parameter, enforcing minimal semantic granularity.
This design reduces ambiguity in later deterministic resolution
and prevents implicit coupling between multiple configuration
decisions.

ChatGosen employs Retrieval-Augmented Generation
(RAG) [30] to retrieve similar configuration intent examples
and IR decomposition examples from a knowledge base. The
retrieved examples assist the LLM in decomposing the current
configuration intent into subtasks, enhancing coverage and
structural consistency while reducing illusory or semantically
inconsistent decompositions. Subtasks are divided into two
categories:

• Computation Subtasks, requiring topology analysis and
protocol parameter calculation;

• Non-computation Subtasks, which can be directly con-
verted into configuration commands without additional
computation.

This classification determines whether further deterministic
reasoning is required. Computation is confined to computation
subtasks, preventing unnecessary protocol-parameter resolu-
tion for other tasks.

The deterministic protocol-parameter resolution module
handles all computation subtasks. These subtasks require ex-
plicit topological analysis and protocol-level numerical com-
putations, such as metric derivation, preference ordering, or
constraint enforcement. The module derives parameters for
each task and populates the corresponding IR instance. Im-
portantly, it operates purely on structured inputs and does
not reinterpret natural language intent, ensuring deterministic
derivation.

After computation subtasks are resolved, the configuration
generation module instantiates all subtasks—both computation
and non-computation—and converts them into vendor-specific
configuration fragments. Since all required parameters are
determined, this stage focuses on structured instantiation rather
than additional inference.

The configuration generation module also uses RAG to en-
sure fragments adhere to vendor hierarchy and command syn-
tax. Retrieved knowledge provides syntactic constraints, and
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Fig. 1: ChatGosen Workflow.

configuration validation ensures generated fragments remain
syntactically valid. Since parameters are already resolved, this
stage does not perform further protocol-parameter inference.

The output is configuration files for all devices, reflecting
deterministic resolution of previously decomposed subtasks.

This decoupled design enhances modularity and scalability.
New protocols and vendors can be supported by extending the
deterministic module and knowledge base without modifying
the LLM-based task decomposition. Similarly, LLM perfor-
mance improvements can be integrated without altering the
deterministic module. The IR boundary ensures enhancements
in one module do not introduce semantic inconsistencies
in another, preserving stability while supporting incremental
evolution.

This architecture inherently supports robustness in multi-
intent scenarios. By enforcing minimal semantic granularity
through IR-encoded subtasks, semantic interactions among
concurrent intents are contained within distinct subtasks, re-
ducing the likelihood of task decomposition errors.

Moreover, separating computation from semantic reason-
ing offers predictable computational complexity for protocol-
parameter resolution, as deterministic module operations scale
linearly with the number of computation subtasks. This allows
network operators to anticipate resource requirements and
ensures consistent performance under increasing network size
or intent concurrency.

Finally, the modular separation and well-defined IR bound-
aries facilitate system evolution. Enhancements to task de-
composition heuristics, LLM capabilities, or knowledge base

content can be integrated independently, while deterministic
resolution guarantees correctness.

IV. TASK DECOMPOSITION MODULE AND INTERMEDIATE
REPRESENTATION

A. Task Decomposition Framework

Based on natural language configuration intent and network
topology, the task decomposition module transforms high-level
configuration intent into structured IR instances—a series of
device-level configuration subtasks. These subtasks describe
device configuration operations. Instead of directly generating
configuration commands, the module first converts the intent
into an intermediate structured form, ensuring that subsequent
processing operates on explicitly defined configuration opera-
tions rather than free-form natural language descriptions.

Before executing configuration subtask generation, the con-
figuration intent undergoes preprocessing. The LLM identifies
path-related content within the intent, invokes the intent path
calculation component, and substitutes the specific path into
the intent description. This ensures that any path-dependent
constraints embedded in the original intent are concretely
resolved before decomposition. As a result, the configuration
subtask generation process produces a complete and coherent
sequence of subtasks, since ChatGosen must generate config-
uration subtasks for each device involved in every intent. By
explicitly materializing path information in advance, the de-
composition stage avoids generating incomplete or structurally
inconsistent subtasks.
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Configuration subtask generation is performed by an LLM
guided by a knowledge base containing configuration intent
examples and subtask decomposition examples. Semantic sim-
ilarity retrieval locates analogous examples, guiding the LLM
to generate IR instances conforming to predefined structures.
Aligning the current intent with decomposition methods in the
knowledge base ensures structural consistency with the device-
centric IR format, enhancing stability and reducing errors in
subtask decomposition.

B. Device-Centric IR Design

The IR in ChatGosen adopts a device-centric relational
structure. Each configured subtask is represented as a tuple:

(di, op, dj , arg)

Here, di denotes the device requiring the current configura-
tion operation, op specifies the type of configuration operation,
dj represents the associated device, and arg indicates the
parameters corresponding to this operation. This four-element
structure ensures each subtask explicitly captures the device
performing the operation, the operation type, the associated
context, and the relevant parameter values.

Figure 2 illustrates an example of converting an intent
into configuration subtasks, including computation and non-
computation subtasks:

• (B, set-cost, C, ?) is a computation subtask that
calculates the routing cost from device B to device
C. Its specific parameter ? must be determined in the
subsequent deterministic protocol-parameter resolution
module.

• (A, set-static, B, 192.1.12.0/24) is a non-computation
subtask. It represents configuring a static route on device
B pointing to device E. The parameter is explicitly
specified and does not require further deterministic com-
putation.

In summary, IR instances may contain fully specified pa-
rameters or unresolved placeholders, depending on whether
deterministic computation is required.

C. IR Design Principles

Explicit parameterization. Network configuration subtasks
often involve numerical or attribute-specific computations
(e.g., link costs, metrics, policy priorities, access control
parameters). Embedding arg into the IR ensures that all
configuration-related numerical decisions are preserved ex-
plicitly throughout the synthesis process, preventing implicit
inference during configuration generation and maintaining
determinism.

Atomic Operation. The tuple design satisfies device-level
configuration operation requirements with minimal complex-
ity. Each tuple corresponds to a single configuration command,
avoiding over- or under-expression.

Vendor-independent. Unlike DSLs in formal synthesis
tools, the IR is a vendor-independent operational representa-
tion, capturing only operations and parameters. Conversion to
vendor-specific commands is deferred to the generation stage.

Composability. Configuration intents can be decomposed
into independent or partially ordered sets of IR instances, sup-
porting complex intents. Dependencies among parameters are
resolved during deterministic protocol-parameter resolution,
not configuration generation.

Overall, the IR design provides a structured and opera-
tionally complete representation that bridges natural language
intent with device-level configuration, preserving parameter
determinism and enabling vendor independence.

D. Computation Role of IR Instances

Non-computation IR instances. These tuples can be di-
rectly instantiated as configuration commands without addi-
tional topology parsing or protocol-parameter resolution. For
example, (A, set-static, B, 192.1.12.0/24) can proceed
directly to configuration generation.

Computation IR instances. These tuples require topology
or protocol value computation before configuration instanti-
ation. For example, (B, set-cost, C, ?) requires the deter-
ministic module to compute appropriate parameters based on
topology, path constraints, or protocol semantics. Placehold-
ers indicate that deterministic resolution is required prior to
generating final configuration.

V. DETERMINISTIC PROTOCOL-PARAMETER RESOLUTION

A. Architectural Role and Computation Scope

Network configuration synthesis requires deterministic
protocol-parameter resolution. Many protocol configuration
decisions depend on explicit topology parsing and precise
numerical derivation. Unlike semantic interpretation based on
natural language, protocol parameters must be derived from
clearly defined constraints and numerical rules. Deterministic
computation ensures that specific configuration items—such
as routing decisions, metric assignment, and policy enforce-
ment—align with both protocol semantics and configuration
intent.

The deterministic protocol-parameter resolution module
models involved protocols, solves protocol parameters using
formal methods, and operates on predefined interfaces of



configuration subtasks. Rather than generating configuration
commands directly, it operates on structured IR instances
and derives concrete parameter values. All computations are
based on explicit topology information and protocol-defined
constraints.

The module treats each IR tuple as a placeholder for specific
protocol parameters. It explicitly reads topology data such
as node connectivity, link metrics, and interface attributes,
and applies formal protocol rules to compute valid parameter
values. The computation follows a deterministic procedure to
ensure that each IR instance corresponds to a feasible and
consistent network configuration. Typical computation tasks
include:

• Topology-based path selection, where candidate paths
between devices must be itemized and evaluated accord-
ing to protocol rules.

• Metric and cost derivation, as required by intra-domain
routing protocols such as OSPF. Numerical parameters
must satisfy ordering or optimization constraints defined
by the protocol.

• Preference and policy resolution, particularly in inter-
domain routing protocols such as BGP. Attributes and
preference relationships among alternative paths are eval-
uated deterministically.

All computation subtasks share a common characteristic:
their parameter values cannot be directly inferred from natural
language intent alone but must be derived through determin-
istic analysis of topology and protocol semantics.

The module ensures that for each IR instance, all depen-
dent parameters are resolved in accordance with protocol
constraints. This includes calculating cumulative link metrics,
selecting feasible paths, and determining route preferences.
The procedure guarantees consistency across all IR tuples
representing the same intent.

B. Case Study: OSPF Preference Enforcement

We illustrate deterministic protocol-parameter resolution us-
ing an OSPF routing priority example. Unresolved parameters
in IR instances are concretely determined through formal
constraint satisfaction.

Suppose an intent requires that traffic between a source
node and destination node prioritize path P1 over paths P2

and P3. After task decomposition, the LLM produces IR
instances representing device relationships. IR tuples indicate
which devices require metric adjustments, but the exact values
remain unspecified, highlighting the need for deterministic
computation.

Let the network topology be a weighted graph G = (V,E)
with link weights w(e). Candidate paths are P1, P2, P3. The
deterministic module itemizes feasible paths and evaluates
cumulative weights under OSPF semantics.

The desired ordering constraint is:∑
e∈P1

w(e) <
∑
e∈P2

w(e) <
∑
e∈P3

w(e). (1)

This formalizes path preference. The deterministic module
searches for feasible weight assignments within valid OSPF
domains (e.g., non-negative integers), ensuring compliance
with ordering and protocol constraints.

To derive a consistent and minimal solution:

min

{∑
e∈P1

w(e)

}
(2)

∑
e∈P1

w(e) <
∑
e∈P2

w(e) <
∑
e∈P3

w(e) (3)

The optimization ensures P1 receives the minimal feasible
cumulative cost while preserving strict ordering. All solutions
respect OSPF non-negativity and integer constraints.

The output is a consistent set of link weights
{w(e)} attached to corresponding IR instances. For
example: (B, set-cost, C, 1), (C, set-cost, E, 1),
(B, set-cost, D, 2), (D, set-cost, E, 2).

After parameter instantiation, IR instances become fully
determined configuration subtasks, ready for configuration
generation without further numerical inference. This example
demonstrates how deterministic protocol-parameter resolution
connects unsolved IR placeholders to concrete configuration
parameters while strictly adhering to protocol rules. The
resolved IR tuples directly drive configuration generation,
ensuring that the generated configuration faithfully implements
the high-level intent specified by the user.

VI. CONFIGURATION GENERATION AND VERIFICATION

A. IR-Grounded Configuration Generation

ChatGosen designs configuration generation as a text-
generation process grounded on resolved IR instances. Each
configuration subtask is translated into vendor-specific con-
figuration fragments. For example, a resolved IR instance
(B, set-cost, C, 1) carries the OSPF cost value computed
by the deterministic protocol-parameter resolution module.
The generation module maps this IR instance to vendor-
specific commands for device B. The generated output strictly
adheres to resolved IR instances. This phase does not introduce
new protocol parameters, alter computed values, or modify
deterministic decisions.

To support multiple vendors, ChatGosen maintains a knowl-
edge base with configuration command examples for each
vendor. These examples guide the LLM in generating config-
uration fragments by providing similar configuration subtask
examples, instantiated commands, format specifications, and
hierarchical structures.

For similarity retrieval of configuration subtasks, a retrieval
strategy based on configuration operation matching is em-
ployed. If the knowledge base contains a matching example for
the vendor and operation, the corresponding instantiated com-
mands and specifications are used as prompts for the LLM.
If no matching example exists, the LLM extracts information
from the official vendor configuration manual to determine
commands, format, and hierarchy.
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config: [R1] ip route static 
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config: [B-GigabitEtherenet0/0/1] 
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Non-Computational Subtask IRs

task2: (A,set-static,B)

args:192.1.12.0/24

config: [A] ip route static 

192.1.12.0 24 192.1.12.2

Fig. 3: IR-grounded Configuration Generation

Finally, as shown in Figure 3, the LLM maps the current
subtask to a target configuration fragment and updates the
knowledge base with any new subtask examples.

B. Configuration-Level Verification

A vendor-specific configuration syntax validator is built
based on the syntax hierarchy tree of Nassim [31]. Starting
from the root of the tree, the validator matches commands
layer by layer. If a command matches, traversal proceeds to the
next level. If no match exists at the current level, backtracking
occurs. Commands without matching items are flagged.

If full validation passes, the final network-wide configura-
tion file is output. If validation fails, the exception is fed back
to the LLM for regeneration. The LLM iteratively regenerates
the configuration until validation succeeds or the maximum
iteration limit is reached.

VII. EVALUATION

A. Experimental Setup

We implemented the ChatGosen system for Cisco device
configuration orchestration using approximately 1,000 lines of
Python code. The system was deployed on a server equipped
with an AMD EPYC 7352 CPU, NVIDIA A10 GPU, and
128 GB of memory. GPT-4o is used for task decomposition,
configuration generation, and knowledge base retrieval.
Topologies. We extracted ten real network topologies from
the Topology Zoo dataset [32], ranging from 16 to 64 routers.
These topologies include metropolitan, regional, national, and
intercontinental networks. Each topology contains multiple
autonomous systems (ASes) and exhibits both intra-domain
and inter-domain routing relationships.
Intents. We evaluate three routing scenarios: static routing,
OSPF, and BGP. Based on real-world configuration cases, we
constructed ten representative intent types, including OSPF
ECMP, arbitrary path routing, BGP transit blocking, and cross-
AS policy control. Each intent is expressed in natural language
and may require coordinated multi-device configuration.

Baselines. To evaluate the necessity of semantic–computation
decoupling, we compare against:

• LLM-Only: Directly generates end-to-end configurations
from natural language without task decomposition or de-
terministic protocol-parameter resolution, while retaining
syntax validation.

• Protocol-Computation-Only: The LLM selects the com-
putation functions to be invoked from the deterministic
protocol-parameter resolution module and generates con-
figurations based on manual knowledge, eliminating the
need for explicit structured task decomposition.

• ChatGosen: Full architecture including task decomposi-
tion, deterministic protocol-parameter resolution, and IR-
grounded configuration generation.

B. Overall Forwarding Correctness

To evaluate whether synthesized configurations preserve
intended routing behavior, we deploy the generated config-
urations in a network simulator and observe forwarding paths.

Let F (target) denote the forwarding path contained in the
expected routing policy, and F (actual) denote the observed
forwarding path. Forwarding accuracy is defined as:

|F (actual) ∩ F (target)|
|F (target)|

Table I reports results under representative scenarios.

Topology Intents Method Forwarding Accuracy

16 1 LLM-Only 23%
16 1 Protocol-Computation-Only 87%
16 1 ChatGosen 100%

32 2 LLM-Only 14%
32 2 Protocol-Computation-Only 72%
32 2 ChatGosen 95%

64 3 LLM-Only 11%
64 3 Protocol-Computation-Only 46%
64 3 ChatGosen 89%

TABLE I: Forwarding behavior comparison under different
methods and multi-intent scenarios.

In small-scale scenarios (16 routers, one intent), ChatGosen
achieves 100% forwarding accuracy, significantly outperform-
ing LLM-Only (23%) and Protocol-Computation-Only (87%).
In medium-scale scenarios (32 routers, two intents), accuracy
decreases for all methods due to multi-intent complexity,
with Protocol-Computation-Only at 72% and ChatGosen at
95%. In large-scale scenarios (64 routers, three intents), LLM-
Only drops to 11%, Protocol-Computation-Only to 46%, while
ChatGosen maintains 89%, demonstrating robustness against
semantic and structural complexity.

C. Component-Level Analysis: IR Decomposition Accuracy

Let C(target) denote the required configuration subtask
set. Generated subtasks include correctly matched sub-
tasks O(coverage) and redundant or erroneous subtasks
O(redundancy).
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Fig. 4: IR decomposition coverage and precision under varying
network sizes and intent counts.

Single-intent scenarios achieve 100% coverage and preci-
sion across all topologies. As intent count increases, both
metrics degrade, showing that semantic interactions among
multiple intents are the main source of decomposition errors.

D. Efficiency Analysis: Synthesis Time

Table II reports end-to-end synthesis time under varying
network sizes and intent counts.

Network size 1 Intent 2 Intents 3 Intents

16 1m12s 2m35s 3m55s
32 1m37s 3m30s 4m55s
64 2m02s 4m50s 7m47s

TABLE II: End-to-end synthesis time for different network
sizes and intent counts.

LLM inference dominates runtime in semantic decomposi-
tion and configuration generation. Even for 64-router topolo-
gies, synthesis completes within several minutes.

E. Failure Analysis

Errors primarily arise in complex multi-intent scenarios:
• Missing Subtask. Interactions among intents may cause

IR subtasks to be omitted, leading to deviations from
expected network behavior.

• Redundant Subtask. Redundant subtasks can be gen-
erated, causing configuration redundancy or incorrect
network behavior.

• Parameter Misbinding. Incorrect associations among
devices, interfaces, or prefixes lead to inconsistencies.

Most failures originate from IR construction rather than
deterministic protocol-parameter resolution or configuration
generation, highlighting that semantic decomposition remains
the primary source of errors.

VIII. DISCUSSION

A. Current Limitations

The task decomposition module relies on LLM to convert
natural language configuration intents into a series of device-
level configuration subtasks. In scenarios involving multiple
concurrent intents, semantic interactions between intents can
induce reasoning errors in the LLM, leading to missing
subtasks, redundant subtasks, or misbound parameters. As
shown in Figure 4, coverage and precision degrade as intent
count increases, highlighting this primary source of errors in
complex network scenarios.

The configuration generation module maps subtasks to
vendor-specific configuration fragments using IR-grounded
examples stored in the knowledge base. While examples ver-
ified in the knowledge base produce correct outputs, handling
previously unseen subtasks relies on LLM-guided semantic
parsing from vendor manuals. Consequently, generated config-
urations for novel subtasks remain partially unverified, and the
LLM may select incorrect commands. Syntax validation (Sec-
tion VI) detects structural errors but cannot identify semantic
misconfigurations arising from incorrect command selection.

ChatGosen synthesizes configurations using a full-intent
approach. In operational networks, configuration updates are
typically incremental and continuous. Supporting incremen-
tal intent synthesis while maintaining deterministic protocol-
parameter consistency introduces additional complexity: newly
added intents may conflict with existing configurations, and
previously resolved subtasks may require reevaluation. Ad-
dressing this challenge requires a conflict detection and merge
mechanism to ensure that merged configuration subtasks sat-
isfy all intents while preserving protocol correctness.

B. Extensibility to New Protocols

Extending ChatGosen to support additional network pro-
tocols involves augmentation at both semantic inference and
deterministic protocol-parameter resolution levels:

• Expand the knowledge base with new intent examples,
IR decomposition examples, and vendor-specific config-
uration generation examples corresponding to the new
protocol.

• Extend the set of available configuration operations to
include operations and parameters introduced by the new
protocol.

• Implement a protocol-parameter resolution module for
the new protocol, enabling topology-aware computation
and protocol constraint enforcement to derive valid con-
figuration parameters for all added operations.

While the semantic-computation decoupling of ChatGosen
reduces structural expansion complexity, supporting new pro-
tocols still requires domain expertise to encode operational
semantics and parameter constraints within the deterministic
computation module. This ensures that newly added protocol
operations maintain correctness under explicit topology and
protocol rules.



C. Future Directions

Building on current limitations, we identify three directions
for future improvement:

• Improved multi-intent decomposition: Incorporating
structured prompting, retrieval-augmented LLMs, or hy-
brid reasoning with formal constraints may reduce miss-
ing and redundant subtasks in multi-intent scenarios.

• Incremental configuration synthesis: Designing a
merge-and-reconcile mechanism for incremental intents
can enable continuous updates without violating previ-
ously established protocol constraints.

• Semantic and behavioral verification: Extending con-
figuration validation beyond syntax to include semantic
correctness (e.g., forwarding path verification, loop de-
tection, policy compliance) can further mitigate the risk
of undetected misconfigurations.

IX. RELATED WORK

A. Formal Network Configuration Synthesis and Verification

Formal configuration synthesis research investigates how
to automatically derive device-level configurations from high-
level configuration intents expressed in domain-specific lan-
guages (DSLs). Prior work [4]–[12] demonstrates that con-
figuration intents can be compiled into correct configurations
using constraint solving, symbolic reasoning, and SMT.

Systems such as SyNET [4], Propane [5], [6], NetCom-
plete [7], and related research [8]–[12] typically assume con-
figuration intents are already formalized. Translating natural
language intents into DSL expressions suitable for these tools
remains a challenging task that requires domain expertise.

Configuration Verification is also a crucial component of
network configuration management. Unlike the syntax valida-
tor designed in this paper, existing configuration Verification
tools are typically used to determine whether network be-
havior meets expectations or contains defects. Configuration
verification tools [33]–[36] employ formal methods to examine
whether configurations satisfy expected behavior. For example,
Minesweeper [34] utilize SMT solvers for verification.

B. LLM-Based Network Configuration

Recent work has explored using LLM for configuration
generation and intent interpretation. NETBUDDY [37] uses a
phased generation strategy to improve controllability. PreCon-
fig [38] improves fragment-level accuracy by fine-tuning the
model on configuration segments. CoTNet [16] studies struc-
tured prompting techniques to facilitate intermediate reasoning
during the synthesis process.

These methods primarily embed protocol reasoning, policy
analysis, and configuration synthesis directly into the LLM,
enabling end-to-end generation of configuration fragments.
Optimization typically relies on prompt engineering, fine-
tuning, or stepwise chain-of-thought reasoning.

C. Hybrid LLM–Formal Systems

Some approaches combine the semantic reasoning capabil-
ities of LLMs with formal verification or structured solvers.
COSYNTH [39] integrates LLM-based synthesis with iterative
formal verification, leveraging feedback to refine outputs.
CEGS [15] uses LLMs to translate natural language configu-
ration intents into DSL-based representations and generates
corresponding configuration templates. Formal solvers like
NetComplete then process the DSL, performing final config-
uration synthesis.

ChatGosen also falls under a hybrid paradigm, but differs
from prior work in that it enforces a strict separation between
semantic reasoning and deterministic protocol-parameter com-
putation before configuration implementation. This design
ensures that all numerical and protocol-specific computations
are handled deterministically, while the LLM focuses solely
on high-level semantic decomposition, reducing the risk of
misconfigurations caused by probabilistic reasoning.

X. CONCLUSION

We propose ChatGosen, a network configuration synthesis
method that explicitly decouples semantic interpretation from
deterministic protocol-parameter resolution. Its core contri-
bution lies in introducing a vendor-independent intermediate
representation to express configuration subtasks during syn-
thesis, serving as a structured interface between natural lan-
guage configuration intent and protocol-parameter resolution.
ChatGosen confines LLMs to constructing this intermediate
representation while ensuring network behavior aligns with
expectations through a deterministic protocol-parameter res-
olution module. Experimental results demonstrate that this
method achieves high-precision IR decomposition and network
behavioral correctness in multi-device topologies.
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