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ABSTRACT

Infrastructure as Code (IaC) enables the automated provisioning
of cloud infrastructures, yet syntactically valid configurations may
remain unsuitable for the applications they support. Addressing
such issues requires knowledge of both the infrastructure and its
runtime behavior. We introduce PoLiac, an LLM-based framework
that combines an IaC artifact, a natural-language specification, and
aggregated operational data to generate infrastructure recommen-
dations grounded in the state of the deployed system. We conduct
a preliminary study on CorrectExam, a web application deployed
on Grid’5000, collecting system- and application-level metrics un-
der load. We query four LLMs with and without these operational
aggregates. Without operational data, the models propose different
resource modifications; when operational data are provided, all
models recommend increasing vCPU while preserving memory,
consistently with the observed CPU saturation and moderate mem-
ory utilization. These preliminary results suggest that operational
data can reduce ambiguity in LLM-generated IaC recommendations
and help avoid unnecessary resource provisioning.
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1 INTRODUCTION

Managing the underlying infrastructure that supports software
applications has traditionally relied on manual processes. The In-
frastructure as Code (IaC) paradigm addresses this limitation by rep-
resenting infrastructure configurations as code, typically through
declarative specifications [7, 13]. Provisioning tools, such as Ter-
raform [8] and Pulumi [5], translate these configuration artifacts
into API calls to cloud providers. However, writing such artifacts
remains mainly manual and error-prone. Errors may first arise
from syntactic defects, type inconsistencies, invalid references, or
violations of predefined schemas and constraints. A configuration
may also be syntactically valid and successfully provisioned but
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unsuitable for the application it supports. While the former can be
addressed with static analysis [2, 9, 11], the latter requires knowl-
edge of the application’s behaviour combined with user-defined re-
quirements. Existing frameworks for runtime system orchestration
rely on contract-based decision logic driven by system metrics [3, 6].
However, the expressiveness of these contracts is constrained by the
rule language supported by the orchestration engine. Consequently,
requirements are quantitative and must remain general. Because
distributed infrastructures are heterogeneous and involve multiple
non-functional concerns, practitioners may also need to express
qualitative, application-specific, or multi-objective requirements.
Large Language Models (LLMs) offer an approach for addressing
this limitation by interpreting requirements expressed in natural
language and relating them to infrastructure code and configuration
properties.

In this work, we introduce Potriac, a framework for linting in-
frastructure provisioning code against natural-language specifica-
tions. These specifications may capture operational constraints (e.g.,
bounds on resource usage), non-functional objectives (e.g., infras-
tructure cost), and higher-level requirements (e.g., migrating an
infrastructure to another cloud provider with stronger commit-
ments to energy sustainability). Such contracts may also combine
several objectives, for example migrating an infrastructure while
minimizing cost and favoring providers with stronger commitments
to energy sustainability. To assist LLM-generated recommendations,
Poriac complements the IaC artifact and natural-language specifi-
cation with logs and operational data collected from the running
infrastructure. This leads us to the following research question:
How does operational data support LLM-generated recommendations
for Infrastructure as Code?

The rest of the paper is organized as follows. Section 2 presents
a motivating use case. Section 3 presents PoLIAc, its architecture
and preliminary results. In Section 4, we present some related work.
Finally, Section 5 concludes this work by opening to some perspec-
tives.

2 MOTIVATING EXAMPLE

As amotivating example, consider a DevOps engineer who manages
an AWS infrastructure using Terraform. The infrastructure hosts a
web application that must support a large volume of user requests.
Listing 1 shows an excerpt of the Terraform manifest containing
three resources: an aws_ami data source that identifies the machine
image used by the application, an aws_subnet resource that de-
fines the private network in which the application is deployed, and
an aws_instance resource that provisions the EC2 instance host-
ing the web application. Under high query loads, the capacity of
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Listing 1: Excerpt of a Terraform configuration for AWS

data "aws_ami" "base" { ... }

resource "aws_subnet" "private" { ... }

resource "aws_instance" "web_app" {
ami = data.aws_ami.base.id
subnet_id = aws_subnet.private.id
instance_type = "m9g.xlarge"

}

Here is a Terraform configuration for a deployed service. The web appli-
cation is missing its latency Service Level Objective (SLO) of p95 latency
< 200 ms under peak load. Update the Terraform so that the SLO is met.
Give the direct code changes and explain your reasoning.

Prompt 1: Functional specification given to the LLM in the
motivating example.

web_app becomes the main performance bottleneck. We therefore
focus on this resource in the remainder of the motivating example.

The configuration successfully passes terraform validate,
produces a clean terraform plan, and triggers no findings from
tflint. However, after one week, the application experiences a
growth of its user base, and the 95th percentile of the measured
latency (p95) exceeds the service level objective (SLO) of 200ms.

Because the engineer is neither a systems expert nor familiar
with the application, identifying the appropriate infrastructure
changes is challenging. The engineer therefore uses LLMs for as-
sistance and provides the Terraform configuration together with
Prompt 1.

However, the LLMs propose different modifications for the same
configuration and objective. GPT-5.5 recommends scaling the in-
stance vertically from m9g. xlarge to m9g. 2x1large, and DeepSeek-
V4-Flash proposes the larger m9g. 4x1large. Gemini-3.6-Flash in-
stead keeps the instance size unchanged and introduces an addi-
tional resource, aws_autoscaling_group, to automatically adjust
the number of EC2 instances according to application demand,
whereas Sonnet changes the instance family to c7g.xlarge and
also introduces autoscaling. Although each proposal is plausible,
the prompt alone provides no empirical data for selecting among
competing suggestions. As a consequence, the proposed solution
may over-provision the infrastructure, leading to unnecessary costs
(operational and financial). Under AWS on-demand pricing, the orig-
inally deployed m9g.xlarge costs approximately $141 per month
while m9g. 2x1arge and m9g. 4x1large respectively cost $282 and
$564 per month. The proposed c7g. x1arge costs less, with $104 per
instance, but the overall price may exceed other proposals depend-
ing on the number of instances deployed within the auto-scaling

group.

3 POLIAC

In this paper, we introduce PoLriac, an LLM-based framework to
assist DevOps engineers writing IaC scripts using operational data.
Its core idea is to leverage two complementary assets for improving
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Model

GPT-5.5 Increase instance size to m9g.2xlarge
DeepSeek-V4-Flash | Increase instance size to m9g.4xlarge
Gemini-3.6-flash Keep instance size, and add autoscaling group
Sonnet-5 Change instance family to c7g.xlarge

and add autoscaling group

‘ Suggested fix

Table 1: LLMs responses to artifact-only prompt

an JaC artifact: (i) LLMs for specifying a natural-language specifica-
tion, using their ability to reason over code and natural-language
requirements, and (ii) operational data, which capture the state and
behavior of the deployed system. As a result, PoLIAC uses linters to
suggest improvements to DevOps engineers writing IaC artifacts.

As illustrated in Figure 1, PoL1Ac provides an LLM with three
inputs: (i) the IaC artifact describing the deployed infrastructure,
(ii) an aggregated view of the operational data produced by the
deployed system, and (iii) a specification in which the engineer
specifies both functional and non-functional requirements and op-
timization objectives in natural language.

Combining these three sources of information provides addi-
tional runtime context to LLMs about the deployed system, enabling
them to better identify the infrastructure change that addresses
the observed issue. As illustrated by the motivating example in
Section 2, the IaC artifact and the prompt alone provide insuffi-
cient information and may lead to several potential, sometimes
conflicting, modification proposals. By incorporating operational
data, PoL1Aac aims to reduce this ambiguity and guide the LLM
toward a converged recommendation that is consistent with the
observed behavior of the deployed system.

The operational data and the specification play complementary
roles. On one side, the deployed infrastructure and the applica-
tion running on it continuously produce operational data: system
metrics (e.g., CPU and memory usage), and application-level met-
rics (e.g., latency and throughput). These measurements provide
evidence about the load and performance of the deployed system.
Rather than supplying raw data to the LLMs, PoL1Ac first computes
statistical aggregates such as percentiles, usage distributions, and
saturation indicators. These aggregates can be obtained from the
cloud provider’s monitoring service or from a monitoring stack
such as Prometheus! or Grafana®. Determining which aggregates
are necessary and sufficient is left for future work. On the other
side, the specification captures the DevOps’ intent using natural
language. It can specify functional requirements, relying on direct
operational measurements, but also on non-functional objectives
(e.g., limits on financial costs). Investigating more structured speci-
fication representations is left for future work.

Preliminary results. We experimented with Poriac on aggre-
gated operational data from deployments of CorrectExam?
service web application for exam grading, running under several

, amicro-

!https://prometheus.io/
Zhttps://grafana.com/
Shttps://correctexam.github.io/
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Figure 1: Overview of Poriac. The IaC artifact deploys the infrastructure, whose operational data is aggregated and supplied to
the model together with the artifact and the engineer’s specification.

infrastructure configurations on Grid’5000%, a large-scale exper-
imental platform. We report the configuration provisioned with
2 vCPUs and 4 GB of memory, using the 1ibvirt provider. Under
this configuration, the application sustains up to 200 concurrent
users within its latency objective of 200ms; beyond that threshold,
latency degrades progressively. Prototype implementation, opera-
tional data, and LLMs responses are publicly available on GitHub’.

We collected and aggregated several metrics: CPU, memory, disk,
network, latency, and throughput. We submitted Prompt 2 to four
LLMs (i.e., GPT-5.5, DeepSeek-V4-Flash, Gemini-3.6-flash, Sonnet-
5), each with and without the aggregated data, holding all other
inputs constant. Table 2 reports the outcome for each LLM. Without
operational data the models disagree: GPT-5.5 proposes increasing
vCPU alone, while the remaining three increase both vCPU and
memory, to 4 vCPUs and 8 GB. Once the aggregates are supplied, all
four converge on increasing vCPU alone. The LLMs tend to naively
improve the overall computation capacity by both increasing the
CPU and memory. However, the aggregates show that memory
utilisation remains between 39% and 56% across the observation
window, never approaching saturation, while CPU reaches approx-
imately 99% at peak load. Hence, under the same workload, addi-
tional vCPUs relieve the observed constraint, whereas additional
memory provisions a resource that was never under pressure.

Additional fine-grained metrics, such as CPU energy consump-
tion over time, could provide a more detailed characterization of
processor behavior and help the LLM distinguish between different
causes of resource saturation, leading to better recommendations
for modifying the infrastructure.

4 RELATED WORK

Existing work primarily focuses on properties that can be derived
statically from IaC artifacts, mostly focusing on quality issues
for configuration management [4, 14]. Similarly, additional works
aimed at enhancing code quality for provisioning IaC. TerraMet-
rics extracts code-level metrics from Terraform manifests to assess
code quality and support maintainability analysis [2], while Hayha
analyses changes between infrastructure deployments to detect

*https://www.grid5000.fr/
Shtps://github.com/DEVhaitam/POLIAC

The application is experiencing increased latency. Solve the issue without
over-provisioning the deployed resources:
e Primary goal: Suggest the IaC change to reduce the application’s
latency.
o The latency increases under peak load (starting from 500 users),
solve it while staying resource-efficient, don’t over-provision the
infrastructure in order not to have any wasted resources.

Prompt 2: Functional specification for improving Cor-
rectExam performance using PoLiac.

Model

GPT-5.5 Increase vCPU to 4
DeepSeek-V4-Flash | Increase vCPU to 4 and memory to 8GB
Gemini-3.6-flash Increase vCPU to 4 and memory to 8GB

Suggestion without aggregated data

Sonnet-5 Increase vCPU to 4 and memory to 8GB
Model ‘ Suggestion with aggregated data
GPT-5.5 Increase vCPU to 4

DeepSeek-V4-Flash | Increase vCPU to 4
Gemini-3.6-flash Increase vCPU to 4
Sonnet-5 Increase vCPU to 4

Table 2: Comparison between LLMs’ suggestions based on
the supplied aggregated operational data

intra-update sniping vulnerabilities [11]. In contrast, dynamic-data-
driven approaches such as CherryPick [1] and GPTuner [10] tune
configuration parameters by combining workload observations
with Bayesian analysis. However, these approaches do not support
contracts expressed in natural language, thereby limiting the ex-
pression of non-functional properties. Pulumi Neo® addresses this
limitation by providing an Al agent for managing Pulumi-based
infrastructures. It supports natural-language interactions for gen-
erating code, diagnosing deployment problems, checking policies,
optimizing costs, and executing infrastructure changes. A similar
approach has been applied to configuration management, another
capability of IaC tools, through Ansible Lightspeed [16]. Unlike

®https://www.pulumi.com/product/neo/
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existing approaches, PoLIAC aims at both using operational data
to assess the compliance of IaC provisioning artifacts and using
quantitative and qualitative requirements expressed using natural
language.

5 DISCUSSION

Limitations and threats to validity. Our current work has several
limitations. First, our prototype targets libvirt resources provi-
sioned with Terraform manifests, and the preliminary results only
considered a narrow set of attributes: vCPU and memory. We volun-
tarily excluded additional infrastructure changes, such as introduc-
ing autoscaling or load balancing, since no validation mechanism
of recommendation is implemented yet. Second, our preliminary
tests rely on operational data coming from a test environment and
are conducted on an experimental platform, which may not fully
capture the behavior of production systems. To approximate an
AWS deployment, we assume a correspondence between Grid’5000
resources and AWS instance types, assessing the potential impact of
Poriac recommendations. This assumption may limit the external
validity of our results, and further experiments on real produc-
tion infrastructures are needed for confirmation. Third, PoLiac
currently consumes pre-aggregated operational metrics from CSV
files. While aggregation reduces the amount of data given to the
LLM, it may hide short-lived events or temporal patterns that are
relevant to infrastructure decisions. Conversely, in settings such
as nightly CI/CD pipelines, immediate recommendations are not
required. Longer processing times may therefore be acceptable,
potentially allowing PoLIAC to analyze larger volumes of raw op-
erational data without prior aggregation. Finally, PoL1Ac inherits
the limitations of LLM-generated code, including non-deterministic
outputs, API latency, outdated knowledge, hallucinated resources
or attributes, invalid attribute combinations, and configurations
that may fail to deploy [12]. The current prototype should consider
additional knowledge to provide to LLMs, such as resource catalogs
(i.e., specification, resource schemas) and compatibility constraints.

Future work. A first direction concerns the operational context
supplied to the model. Beyond system and application metrics such
as CPU utilization, latency, or throughput, future versions of Po-
L1AC could incorporate IaC-specific metrics, including properties on
deployment such as duration, stability, or security [17]. A second
direction concerns the scope and granularity of the user-defined
specification. LLMs are particularly attractive when requirements
span several abstraction levels or combine objectives that are diffi-
cult to encode as fixed orchestration rules, or jointly considering
performance, security, and sustainability objectives. Future work
should therefore investigate how such specifications should be
structured and how multiple objectives should be prioritized. In
addition, we plan to study the impact of LLM inference parameters,
particularly temperature [15], on the consistency of the generated
infrastructure recommendations. Finally, recommendation reliabil-
ity could be improved by comparing different LLMs, grounding
them in up-to-date provider information and introducing explicit
validation with ranking mechanisms before recommendations are
presented to engineers.

El Hayani et al.
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