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Abstract—The advent of Large Language Models (LLMs) is
progressively transforming how complex tasks across various
domains can be automated, with a notable potential impact
on cloud computing operations. In this domain, LLMs might
be used, for example, to configure Kubernetes (KS8s) clusters
via the generation of manifest files — structured configuration
files defining the containerized environment. However, despite
the considerable advances in LLMs’ text generation, this task
conceals several challenges that prevent operators from achieving
a fully automated process. In this paper, we present the current
trends in solving these gaps, quantitatively evaluate the accuracy
of LLM-based approaches to generate K8s manifests starting
from human intents, and discuss open challenges that make
benchmarking and automation still complex. Experiments over
three open-source LLMs demonstrate how intent-based K8s
manifest generation can be effectively achieved through model
fine-tuning, but also what open issues remain and must be
addressed prior to having an autonomous and self-healing K8s
infrastructure managed via Agentic Al

I. INTRODUCTION

Kubernetes (K8s), the default open-source cloud platform,
enables automating the deployment, scaling, and management
of containerized (or microservice-based) applications [1]. Al-
though the K8s platform simplifies running and managing
workloads of all sizes and styles, it still involves complex man-
ual configurations typically through the definition of manifest
files, structured YAML-style files where main deployment fea-
tures are mentioned [2]. The definition of such features, along
with opportune network and application policies, demands sig-
nificant expertise and can be challenging even for experienced
users, resulting in the typical “trial and error” process [3].

The emergence of powerful Large Language Models
(LLMs) (e.g., Meta’s Llama 3 [4], GPT-4o [5], Deepseek [6]),
represents a disruptive innovation if they are used to simplify
cloud operations and make them accessible to a broader range
of users, letting operators write intents (i.e., declarative set
of goals and outcomes that an infrastructure should meet)
rather than configuration files [7], [8]. As LLMs see a wide
range of applications, such as natural language generation,
understanding, text summarization, classification, and code
generation [9], their adoption also looks very promising for
creating autonomous self-healing clouds, where Al-driven
approaches can detect, localize, and mitigate faults in K8s
environments with minimal human intervention. However,
despite the growing importance of cloud computing and
the demonstrated capabilities of LLMs in automated code
generation, there remain notable challenges in designing and

using an appropriate process specifically targeting cloud-native
applications. Also, the performance characteristics of different
LLMs in this context are not yet well understood. Establishing
a rigorous and representative pipeline is essential to enable
meaningful comparisons, guide model development, and ad-
vance the state of the art in LLM-driven code generation for
cloud-native systems.

In this paper, we present our approach towards an LLMs-
driven K8s environment, where the orchestrator is capable of
making real-time decisions to ensure adherence to user intents.
By harnessing the capabilities of potentially multiple LLMs,
the solution can make cloud computing operations more in-
tuitive and accessible, covering the entire deployment cycle.
To this end, we demonstrated how fine-tuning [10], a known
technique used to customize pre-trained LLMs, can make the
models domain-specific and refine their understanding and
performance. We empirically observed over three open-source
LLMs, namely Mistral-7B [11], DeepSeek-Coder-6.7B [12],
and LLaMA3-8B [4], that when fine-tuned over a cloud-
specific dataset, their generative capabilities improve and in
some cases double. These obtained results indicate that this
approach is promising, but at the same time, there remain open
challenges, such as the fact that fine-tuning is often expensive
in terms of resources and time, and performance starts decreas-
ing when implications are applied (e.g., LoRA [13]). Similarly,
fine-tuning requires a considerable dataset, which is not always
available and which should be tailored to the specific task the
LLM is solving. Such a dataset is also needed for opportune
benchmarking activities and to develop a holistic framework
that can allow more LLM agents to interact dynamically with
the cloud and proactively intervene.

The rest of the paper is structured as follows. Section II
introduces the intent-based paradigm and how it aligns with
the needs of cloud automation. Section III outlines the fine-
tuning process for pre-trained LLMs, while Section IV illus-
trates the results of our fine-tuned LLMs. Section V examines
key theoretical and practical challenges that must be addressed
for effective integration and evaluation of LLM agents in cloud
environments and Section VI concludes the paper.

II. LLM TO AUTOMATE K8S DEPLOYMENT

A. Overall Structure

Intent-based cloud programming is a paradigm that focuses
on specifying what the desired outcome is, rather than ex-
plicitly defining how to achieve it. Instead of writing low-
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Fig. 1: The envisioned LLMs-enabled system where the cloud agent coordinates interactions between the K8s system
components and serves as the core logic interface. The user engages with this interface through a problem description (as
a prompt) that conditions the subsequent instructions and configurations.

level code to manage cloud infrastructure and workflows,
programmers declare their high-level goals, possibly in nat-
ural language (e.g., deploying a scalable web application or
ensuring compliance with security policies), and the cloud
platform automatically determines the optimal configuration
and actions to meet those intents. This approach leverages
automation, orchestration, and Al-driven decision-making to
abstract complexity, reduce operational overhead, and increase
agility. It aligns with trends like Infrastructure as Code (IaC)
(e.g., Terraform [14]), serverless computing, and policy-as-
code, but shifts the focus even further from manual config-
uration to goal-oriented declarations. To this end, the operator
writes intents (i.e., declarative set of goals and outcomes that
the infrastructure should meet) rather than a working code [8].
One notable approach is Intent-Based Networking (IBN) [15],
where network configuration and management are simplified
to have minimal external intervention (e.g., Cisco IBN [16] and
LLNet [17]). This approach promotes automation, consistency,
and resilience through feedback-driven mechanisms, offering
a scalable means to reduce complexity and facilitate hu-
man—system interaction in dynamic operational environments.

Cloud computing operations often involve complex manual
configurations, particularly in service deployment of con-
tainerized environments (e.g., microservices). K8s offers an
interface where administrators declare the desired state of the
system through config files in YAML format, a structured file
describing the main deployment features. YAML’s simplicity,
readability, and support for hierarchical data make it ideal for
describing Kubernetes resources like Pods, Deployments, and
Services. Each YAML file outlines the structure and settings
of a resource, allowing Kubernetes to continuously reconcile
the actual cluster state with the desired configuration.

Building on this paradigm, large language models (LLMs)
can further simplify the configuration process. By introducing
an LLM as an intermediary between the administrator and the
kubectl tool, natural language input from the administrator
can be translated into the corresponding YAML configuration.
This YAML file is then submitted to the Kubernetes API
server, enabling a more intuitive and accessible workflow

for defining system behavior [18]. As summarized in Fig. 1,
we envision a system composed of multiple LLMs, capable
of interpreting human intents, translating them into KS8s-
specific config files, orchestrating the cloud environment with
these files, and ensuring compliance with the intents through
frequent monitoring. Our proposed architecture constitutes a
closed-loop automation system for K8s cloud environments,
which naturally fits within the vision of autonomous infras-
tructures controlled by Al Agents (AIOps [19]), where the
responsibility of implementing and maintaining services is
increasingly shifted from humans to automated systems. The
primary objective is to enable self-healing cloud environments
where Al-powered systems can automatically detect, pinpoint,
and resolve faults with little to no human involvement.

B. Intent-Based KS8s Configuration: An Example

Listing 1: An example of a user input.

You are a cloud-native engineering expert. Given the
question , respond exclusively with complete and
correctly formatted YAML configuration files
for Kubernetes. If details are missing, assume
the most logical defaults.

Question:

Create a YAML for a pod named redis. Pod runs a
single container with image redis. Use emptyDir
volume mounted at /data/redis, persisting
throughout the pod's life even if containers
restarted .

are

Listing 2: The desired output for input in Listing 1.

apiVersion: vl
kind: Pod
metadata:
name: redis
spec:
containers :

— name: redis # =
image: redis
volumeMounts :

— name: redis—storage # =
mountPath: /data/redis
volumes :

— name: redis—storage # =

emptyDir: {}
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metadata:
name: example-deployment
spec:
replicas: 2
selector:
matchLabels:
app: example

Fig. 2: An example problem LLM-aided YAML generation, including a problem specification in natural language, a fine-tuned

LLM, and the YAML output from the LLM.

In this paper, we specifically focus on the intent expression,
translation, and activation process, trying to evaluate how a
specialized (e.g., fine-tuned as described in Section III) LLM
can interpret human language (Fig. 2). The main idea is to
obtain an LLM that generates K8s manifest files (YAML-
compliant) starting from a high-level user intent expressed in
natural language. Although the figure provides an example of
how this interpretation and generation work, we also present a
simple example illustrating how a fine-tuned LLM can serve as
an abstraction layer between a human user and a Kubernetes
cluster. As shown in Listing 1, an administrator submits a
prompt having: (i) a brief role prompting section [20], useful
for setting the tone and context of the interaction for the
LLM, and (ii) the deployment requirements using unstructured
natural language. The corresponding YAML configuration,
generated by the LLM, reflects these specifications (Listing 2
in this example). For the model to fulfill this role, it is expected
to (i) comprehend the intent of the prompt, (ii) infer and
complete missing details where necessary, and (iii) generate a
valid, deployable YAML configuration that satisfies the stated
requirements.

III. FINE-TUNING EXISTING LLMS

LLMs have demonstrated impressive capabilities in nat-
ural language understanding, reasoning, and text generation
across a broad range of general-purpose tasks. However, their
performance often degrades when applied to domain-specific
problems, where the pre-trained knowledge may prove insuf-
ficient.To overcome this limitation, it becomes necessary to
augment the capabilities of pre-trained LLMs. Several strate-
gies have been explored for this purpose, including fine-tuning,
few-shot prompting, Chain-of-Thought (CoT) prompting [21],
and Retrieval-Augmented Generation (RAG) [22]. Among
these methods, fine-tuning, and specifically supervised fine-
tuning (SFT), is particularly effective when a labeled dataset is
available [10]. Fine-tuning involves taking a language model
that has been trained on general language tasks and further
training it on a specialized dataset tailored to a specific
domain. This process allows the model to better grasp the
nature of the problem, thereby enhancing its task-specific
performance.

In the context of our work, which focuses on generating
YAML configurations for K8s, SFT is deemed the preferable

approach given the availability of a labeled dataset. Indeed, the
alternative model customization techniques were considered
less suitable for this task: few-shot prompting is ineffective
due to the high variability in Kubernetes configurations and
the limited generalizability of small example sets [18]; CoT
prompting is less applicable to configuration files generation
as little to none sequential reasoning is necessary; and RAG
is not feasible in this setting, given the absence of a struc-
tured and comprehensive external knowledge base relevant to
Kubernetes configuration.

The fine-tuning process is comprised of a sequence of steps:
(1) a forward pass is performed using the dataset, (ii) a loss
function, typically cross-entropy, is computed to quantify the
discrepancy between the model’s predictions and the ground-
truth labels, (iii) the loss gradient is propagated backward
through the network, and (iv) the model’s trainable parameters
are updated based on this gradient.

While effective, fine-tuning an LLM presents significant
practical challenges, particularly as model size increases and
memory and storage demands become critical, given the
necessity to update potentially tens to hundreds of billions of
parameters. This results in substantial memory consumption
to store gradients for each parameter at every training step,
and increases computational overhead. Low-Rank Adaptation
(LoRA) [13] addresses these issues by freezing the original
model parameters during fine-tuning and introducing a set
of lightweight, trainable low-rank matrices, referred to as
“adapters.” These adapters are integrated into the model archi-
tecture prior to training and are the only components updated
through backpropagation, thereby significantly reducing the
memory footprint and computational cost associated with
full-parameter fine-tuning. LoRA allows for control over the
learning process through hyperparameters such as (i) rank
r, which determines size and consequently expressiveness of
the low-rank adapters, and (ii) «, a factor used to scale the
magnitude of weight updates undergone by the model, and
therefore control the influence of LoRA on the original model.

IV. RESULTS

To assess the effectiveness of fine-tuning LLMs in this
context, we consider three architectures: (i) Mistral-7B [11],
(i1) DeepSeek-Coder-6.7B [12], and (iii)) LLaMA3-8B [4]. We
perform both full model fine-tuning and LoRA fine-tuning and
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Fig. 3: Comparison between LoRA fine-tuning and full fine-
tuning, in terms of (a) per-epoch training times and (b) peak
VRAM usage.

evaluate the differences between the two approaches in terms
of training times, VRAM usage and overall performance. In
our configuration, the LoRA (see Section III) rank () and
scaling factor (alpha) are both set to 16, with adaptations
applied to the models’ attention layers. The training phase is
set to a duration of 5 epochs with both approaches; we settled
for a low number of epochs to avoid overfitting the small data
set. The learning rate Ir is set to 0.0002 and batch size is set
to 2. All models are fine-tuned on 75% of a publicly avail-
able dataset [18], which contains natural language prompts
describing desired Kubernetes pod configurations paired with
their corresponding YAML files. The remaining 25% of such
a dataset is reserved for evaluation. Because the dataset is
labeled, we use a supervised fine-tuning approach, using the
HuggingFace Transformers [23] ecosystem for model access,
training, and efficient hardware utilization.

We start measuring the per-epoch training times and VRAM
usage, reporting results for the LoRA setting and the complete
model fine-tuning in Figure 3. Our setup consists of a single
server equipped with one Nvidia A40 GPU. Comparing the
training time of LoRA and a full model fine-tuning, we can
observe that LoRA speeds up the process by a factor of ~2.7—
3 on average for the three LLMs. Furthermore, LoRA reduces
the memory footprint by ~45%.

Next, we evaluate the accuracy of LLMs in generating
config files. As in [18], we evaluate generative models using
three metrics: (i) BLEU [24], a precision-oriented metric that
assesses n-gram overlap between the generated and reference
texts. It incorporates a brevity penalty to penalize excessively
short outputs and aggregates n-gram scores using a geometric
mean, yielding a value between 0 and 1, where higher scores
indicate closer alignment with the reference; (ii) Edit Distance
based on Gestalt Pattern Matching [25], which quantifies the
number of line insertions and deletions required to transform
the generated output into the reference. This score is normal-
ized to fall within the range [0, 1], with higher values indi-
cating better performance; and (iii) Key-Value Match (KVM),
recent papers [26] dealing with YAML files proposed to only
consider the match for the keys. As in [18], we consider the
wildcard version, i.e., Key-Value Wildcard Match (KV-WCM),
a YAML-aware evaluation metric that compares key-value
pairs in a lenient manner, allowing for minor, non-functional

differences such as formatting or ordering. Allowing to specify
what matters and what does not as annotation, KV-WCM also
produces a score between 0 and 1, where higher values reflect
greater semantic similarity.

We report in Fig. 4 the accuracy of (i) the vanilla, (ii)
LoRA fine-tuned, (iii) the full LLM fine-tuning in terms of
the three mentioned metrics. As can be observed, fine-tuning
consistently enhances model performance across all metrics,
with LoRA degrading the overall performance. However, the
degree of improvement varies from case to case, depending on
metric and model: an outstanding example of this is observed
with the KV-WCM metric (Figure 4c), where the LoRA
fine-tuned and fully fine-tuned Mistral models, respectively,
achieve a ~ 2.2x and ~ 2.4x improvement over the baseline,
while LLaMA’s score improves by ~ 2x with LoRA and
~ 2.35x with full tuning. DeepSeek, on the other hand,
only observes marginal gains, at most ~ 1.09x with full
fine-tuning. In terms of BLEU and Edit Distance scores, the
improvements are on average less substantial (especially when
using LoRA), with the exception of the LLaMA Edit Distance
score, where the model performs ~ 1.55-1.67x better.

We conclude that fine-tuning benefits our goal of automat-
ically generating config files starting from intents and that, in
the case of having only a small dataset for fine-tuning, it is
recommended to avoid LoRA for generating structured files.
At the same time, it is worth noting that a larger, high-quality
dataset might even lead to higher accuracy, and this is needed
for consolidating K8s deployment implementations, as stated
in the following section.

V. CURRENT CHALLENGES
A. Difficulty in Generating a Comprehensive K8s Dataset

While fine-tuning seems a reasonable approach, it requires
some samples as input. This poses an important challenge to
open-source projects, as many cloud providers, e.g., Google,
Alibaba, and Meta, keep this data confidential. The develop-
ment of robust and generalizable models for cloud deploy-
ment automation and K8s configuration generation requires
access to large-scale, high-quality datasets. Such datasets
should encompass a diverse range of real-world deployment
scenarios, including various cloud providers, services, and
architectural patterns. Given the complexity and variability
inherent in cloud-native systems, small or narrowly scoped
datasets fail to capture the breadth of configurations and
deployment strategies encountered in practice. A substantial
dataset is critical not only for fine-tuning LLMs capable of
handling the nuances of infrastructure-as-code but also for
enabling meaningful benchmarking and evaluation of model
performance in realistic settings.

B. Lack of Problem-Specific Metrics

While LLM-based applications related to natural language
processing are gaining popularity thanks to a multitude of
evaluation metrics and frameworks [27], [28], this is not the
case for our task, where it is challenging to measure the accu-
racy of GenAl. For example, a valid YAML file can have two
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specifications in a specific order or the reverse order, and both
versions are perfectly interpreted by K8s. However, current
metrics for measuring the distance between the ground truth
and the output of the model might consider an error in this “un-
expected order,” despite being valid infrastructure-wise. Some
YAML-specific metrics exist to move beyond the outdated
notion of exact matching, which would require the generated
YAML to be exactly the same as the reference YAML. For
example, Key-Value Exact Match considers that order doesn’t
matter in YAML, thus loads both the generated and reference
YAML files into dictionaries and checks if the resulting
dictionaries are the same or not, so the output is either O (not
match) or 1 (exact match). A similar approach is Key-Value
Wildcard Match (KV-WCM) that, with the help of labeling in
the reference YAML file, allows specifying what matters and
what is not critical (we have used this metric in Section IV).
For example, sometimes it is acceptable to start a cluster with
image: ubuntu:22.04 or ubuntu:20.04, so the label
in reference YAML could be image: ubuntu:22.04 #
[720.047, 722.04"] and either version will be
considered correct. Similarly, also in KV-WCM the score
ranges from 0 to 1, and the higher, the better.

However, key match and wildcard match often ignore hierar-
chical structure, so keys may be incorrectly flagged or missed
if they appear in different levels of nesting.

v in

C. LLMs Benchmarking

A wide range of benchmarking tools is currently available
for evaluating LLMs, where modern solutions typically involve
testing models with a series of tasks, often in the form of
exam-style questions, and assigning scores based on task
completion accuracy or quality. Most benchmarks are designed
to assess a specific dimension of model capability, such
as natural language understanding (e.g., SuperGLUE [27]),
reasoning (e.g., HellaSWAG [29]), or code generation (e.g.,
HumanEval [28] and CodeXGLUE [30]). As a result, eval-
vations are often highly specialized but limited in scope,
targeting particular skill sets, and it is quite hard to assess the
capacity of LLMs from different angles than those targeted.

Moreover, the rapid pace of LLM development frequently
leads to benchmark saturation, where state-of-the-art models
quickly achieve near-perfect scores, reducing the benchmarks’
discriminatory power. To address these challenges, broader
and more diverse evaluation frameworks have been proposed,
such as BIG-bench [31], which cover a wider array of tasks
and difficulty levels. However, even these efforts remain
incomplete: while larger, more comprehensive benchmarks
have been devised, these can nonetheless fail to adequately
assess model proficiency on specific tasks, such as this K8s
configuration generation, meaning complementary analysis is
still required.

More specific to our task, StructEval [32] allows for
evaluation of structured output generation from natural
language specifications, i.e., whether a generated output
adheres to syntax, constraints, and specifications of structural
files like JSON, YAML, or HTML. It does not, however,
validate the semantic correctness; it only validates the
syntax corrections of a YAML configuration. CloudEval-
YAML [18], on the other hand, is a tailor-made benchmark
for the generation of cloud configurations and offers, aside
from similarity-based evaluation metrics, K8s unit testing
procedures to test the correctness. Although it represents the
most promising tool in our use case, the number of problem
cases is relatively limited compared to the broad spectrum
of possible KS8s configuration requirements. Expanding
the benchmark is certainly necessary, but it would involve
significant work and additional unit testing engineering.

In summary, properly evaluating and comparing LLMs is
often a delicate and nuanced process, which requires a solid
understanding of both model and task type, together with
careful selection of the appropriate benchmark(s) depending
on the desired evaluation and specific task of the LLM.

D. Agentic Al

Al Agents, typically powered by LLMs, are designed to
autonomously manage and interact with external tools and
their operational environments. These agents, when approach-
ing a problem, leverage their powerful planning and reasoning



capabilities to formulate a course of action and interact with
the environment by: (i) collecting feedback (e.g., usage met-
rics, event logs) to augment their decision-making process and
(i) utilizing available tools (e.g., calls to in-house or external
APIs) to complete each sub-task composing the devised strat-
egy. Agent frameworks such as AutoGPT [33], BabyAGI [34],
CrewAl [35] and LangGraph [36] facilitate prototyping and
deployment of such systems. However, their effective use
still demands substantial human involvement in defining ob-
jectives, workflows, and agent roles, which requires a deep
understanding and knowledge of the target environment. In
the context of cloud infrastructure management, Al Agents
represent an increasingly valuable opportunity; several works
have explored potential applications of these models with
promising results (such as interfacing humans to orchestrators
through natural language [37] or Root Cause Analysis [38],
[39]). Nonetheless, these systems face critical limitations, such
as performance inconsistency, insufficient reliability when
dealing with the highly dynamic and heterogeneous scenar-
ios in cloud management, or lack of robust safeguards to
ensure safe operations [40]. Solving these issues requires
identifying the common challenges [41] and key principles
for both design and evaluation of agents [19], [42] for AIOps.
However, current solutions towards a standardized, compre-
hensive framework that integrates one or more Al Agents in
cloud infrastructures are still in a nascent stage, and a proper
interface between humans and Al orchestrators is missing.

E. Problems with current versions of LLMs

Data manipulation. Recent research shows that LLMs
struggle with data manipulation [43], [44], and even powerful
LLMs such as GPT-40, DeepSeek, make errors when dealing
with numeric problems, e.g., finding the highest number or
counting. An approach based on Chain-of-Code [44] proposes
forcing the LLM to write and execute code to improve
LM reasoning performance in arithmetic tasks. While current
approaches are based on selectively simulating the interpreter
by generating the expected output of certain lines of code,
future Al agents can be empowered to run the whole (or
portions of the) code in a prototype or digital twin before
answering through a dedicated interpreter and executor.

Thinking. LLMs are now evolving to include specialized
variants explicitly designed for reasoning tasks—Large Rea-
soning Models (LRMs) such as OpenAI’s ol/03, DeepSeek-
R1, Claude 3.7 Sonnet Thinking, and Gemini Thinking, where
this “thinking” mechanism is typically achieved via a long
Chain-of-Thought (CoT) with self-reflection. Despite these
claims and performance advancements, research is conducted
to empirically evaluate how these models are capable of
generalizable reasoning, or the inherent limitations of cur-
rent reasoning approaches [45]. As recently pointed out by
Apple [46], recent Large Reasoning Models (LRMs) face
a complete accuracy collapse beyond certain complexities,
especially for planning tasks, and the reasoning effort increases
with problem complexity up to a point, but then declines
despite having an adequate token budget. Also, when problems

reach high complexity with longer compositional depth, LRMs
and LLMs experience complete performance collapse (thus,
LRMs show an advantage only for problem complexity that
is moderate but not simple). Thus, AI agents controlling
cloud infrastructures seem quite premature at this stage, and
opportune actions crafting should be devised, e.g., a mixture of
experts. Recent studies have also highlighted the “overthinking
phenomenon” [47], where models produce verbose outputs
even after finding the solution, creating significant inference
computational overhead. As shown in [48], there has been a
lot of recent success in using Reinforcement Learning (RL)
to improve the reasoning ability of language models, by
using a collection of questions with ground truth answers and
rewarding the model for getting the correct answer.

In conclusion, the exploration of techniques for guiding or
structuring how the model “thinks” presents new opportunities
for enhancing model capabilities, incorporating adaptability,
flexibility, critical reflection, and error correction. However,
some open research questions on guiding this reasoning are
still present: Can we incentivize the model to produce faithful
reasoning paths during RL training while avoiding reward
hacking behavior? How to define a reward appropriate during
RL training or inference without human intervention? Self-
correction can happen within a chain-of-thought or can be
encouraged to happen explicitly during multi-turn RL [49].
In light of current limitations and issues, how can we train
the model to correct itself without hallucination or regression
when the ground truth is not available?

VI. CONCLUSION

In this paper, we presented the design of a scalable, auto-
mated LLM-aided platform that can efficiently generate Ku-
bernetes (K8s) configuration files by fine-tuning open-source
LLMs to optimize such code generation. The paper sheds light
on current challenges in the cloud automation process, such
as limitations in current LLMs and available datasets. In the
future, we plan to instruct Al agents to break the actions
into sub-tasks so as to consider more complex settings and to
evaluate and compare the correctness of the generated YAML
configurations through deployment testing.
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