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Abstract—Architectural performance models, such as the Pal-
ladio Component Model, can support early design decisions
for microservice systems by enabling performance simulation.
However, early stage models often lack the service resource
demand specifications (e.g., 100 ms CPU demand) required
for such performance simulations. Existing approaches to build
performance models often depend on late-stage running proto-
types and intrusive profiling, or otherwise, on manual expert
estimation, which is costly and hard to reproduce. We present
GARMA, an LLM-based workflow that processes early design
artifacts and automatically generates behavioral microservice
models with bounded best-case and worst-case resource demand
estimates. In a microservice test scenario (TeaStore), GARMA
generated 150 behavioral models that closely matched reference
structures (average Jaccard similarity 0.97; perfect matches at
84%). The predicted CPU resource demand intervals aligned
well with measurements, capturing most (85%) user-facing in-
teractions within the predicted intervals. In addition, GARMA
produced consistently narrow CPU-demand intervals for the
main user-facing steps. Additionally, we compared GARMA
against a naive LLM baseline that estimates CPU demands
without performing the presented LLM workflow. GARMA
consistently outperformed that baseline, achieving lower absolute
errors, higher coverage, and narrower intervals.

Index Terms—Software architecture, microservices, cloud-
native systems, architectural performance modeling, Palladio
Component Model, resource demand estimation, LLMs

I. INTRODUCTION

In cloud-native systems, microservices play a crucial role.
Responsiveness (as perceived by users) as well as resource
efficiency (on the server side) are decisive factors for commer-
cial success. The reason is that the time behavior of a cloud-
native system depends on the complex interactions between
the services, runtimes, and workloads of its microservices [1]].
As these interactions impact design choices early on, architects
benefit from comparing alternatives before implementation.

Fortunately, design alternatives can be explored prior to im-
plementation and deployment using architectural performance
models, such as the Palladio Component Model (PCM) [2].
However, PCM requires, for each operation in a microservice,
the specification of resource demands (e.g., CPU demands),
and these values may be difficult to obtain during early design
[3], [4]. The reason is that resource demands depend on
many interacting factors such as application logic, workload,
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and runtime. During early design, such factors are often not
known in sufficient detail. Furthermore, a running system is
often not even available for measurements. Architects are
thus constrained to make structural decisions while lacking
quantitative guidance for reasoning about performance trade-
offs (e.g., in component decomposition).

Existing measurement-based techniques for resource de-
mand estimation [5]—[8] require a running microservice ap-
plication, while profiling approaches require intrusive instru-
mentation. Therefore, measurement-based techniques are not
applicable when no executable system is available in the early
design. Estimation-based techniques require a performance
engineer to manually make informed best-/ worst-case predic-
tions of a microservice’s resource demands based on available
specifications and knowledge of the anticipated deployment
environment [3]]. This manual process is time-consuming, diffi-
cult to reproduce, and hard to scale to complex, heterogeneous
microservice applications [9]—[11]]. Informal design sketches
or textual descriptions useful for resource demand estimation
may be available in early stages, but were inaccessible to
algorithmic processing before the advent of LLMs.

This paper introduces GARMA, an LLM-based workflow
that processes artifacts available during early design stages
and automatically generates PCM Resource Demanding Ser-
vice Effect Specifications (RDSEFFs) with estimated resource
demands for microservice operations. GARMA requires a
so-called workload dependency graph sketched during early
design and textual specifications of workload characteristics
and the runtime environment as inputs, and uses an LLM to
estimate the best- and worst-case resource demands. In the
established performance modeling process by Connie Smith
[12], execution graphs are derived from critical use case
scenarios before quantitative analysis, making such a workload
dependency graph already available at this stage. Nevertheless,
conducting this quantitative performance analysis requires
architects to manually estimate or measure resource demands,
which requires considerable expertise. GARMA solves this
problem by deriving resource demand estimates from the
artifacts produced prior to the quantitative performance eval-
uation step in the performance modeling process. GARMA
consists of three steps: (i) normalize heterogeneous input
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Fig. 1. RDSEFF for TeaStore auth:login: External call to persis—
tence: findUser & internal action PasswordCheck with CPU demand.

into performance-relevant information, (ii) derive structural
RDSEFF models, and (iii) estimate resource demands using
a bounded-uncertainty strategy following Smith et al. [3].

In TeaStore (five microservices), GARMA yields higher
accuracy and tighter intervals than a naive LLM baseline.

II. BACKGROUND

The Palladio Component Model (PCM) provides software
architects with a tool to predict quality attributes such as
response time, throughput, and resource utilization before
implementation [2]. PCM separates concerns into components,
allocation, resource environment, and usage models, enabling
systematic experimentation with design alternatives.

In the PCM, a Resource Demanding Service Effect Speci-
fication (RDSEFF) represents a single operation of a compo-
nent’s provided interface (see [Figure I). In this work, com-
ponents correspond to microservices and operations to API
endpoints. An RDSEFF models the endpoint’s internal control
flow as an abstracted graph comprising InternalActions (com-
putations with resource demands), ExternalCallActions (calls
to other services), BranchActions, and LoopActions. Resource
demands are expressed via Performance Model Parameters
(PMPs). In the following, we denote the CPU resource demand
of an operation ¢ as 5;, defined as the workload-independent
CPU time per invocation of that operation. Thus, S; captures
the pure processing time required to serve a single request,
excluding effects of arrival rate, concurrency, or queuing.

A PMP attaches a typed, unit-carrying expression represent-
ing per-invocation resource demand to an action (e.g., CPU:
1.5ms in [Figure ), optionally parameterized by variables (e.g.,
request size). PMPs can represent resource demands (e.g.,
CPU) for InternalActions, loop iterations for LoopActions, or
input variables for ExternalCallActions.

An example of a RDSEFF with PMPs is shown in

Estimating resource demands in early design stages is
difficult [3]]. Software architects often lack precise informa-
tion on CPU time, storage access, or network activity each
microservice will require during execution. To create perfor-
mance models during early design, architects need at least
approximate resource demand values.

Such values are difficult to characterize with high accuracy.
Requirements may change, microservice behavior is only ab-
stractly defined, and no running system allows measurements.
Given this uncertainty, manually specifying best-case and
worst-case estimates of resource demands is recommended

[3]l. Such bounded estimates help architects anticipate potential
bottlenecks; for example, in[Figure T] a best-case CPU demand
for PasswordCheck may assume a short hash comparison
on warm caches, whereas a worst-case estimate accounts
for cold-cache behavior, indicating whether this Password-
Check could dominate the response time.

In summary, architects need support in translating early-
stage design descriptions, such as microservice structure,
initial API code, and textual specifications into behavioral
RDSEFF models with PMPs estimates that explicitly account
for uncertainty. This assistance is provided by GARMA,
generating structured RDSEFFs enriched with PMPs.

III. RELATED WORK

In practice, software engineers have manually estimated
resource demands for software systems informally for many
decades [[13]] to cope with limited computing resources, or
to improve system performance systematically. Connie Smith
established the discipline of software performance engineering
(SPE) in the 1980s [14]. She demonstrated how software en-
gineers can build execution graphs representing software pro-
cessing steps in early performance walkthroughs and “guess”
the best- and worst-case resource demands and invocation fre-
quencies based on assumed functionality and experience [12].
This requires deep expertise, is time-consuming, and poten-
tially error-prone. However, this approach enables performance
predictions before the system is implemented, thereby in-
forming decisions on early, fundamental architectural design
choices that are difficult to change later.

Measurement-based resource demand estimation ap-
proaches assume that a software system is already built or par-
tially built, or that at least prototypes of performance-sensitive
functionality can be executed and measured to derive resource
demands. For example, the Kieker approach [8] provides
an application performance monitoring (APM) framework
for capturing the information required to estimate resource
demands. Commercial APM solutions, such as Dynatrace,
AppDynamics, and Datadog can support this work as well.
“ByCounter” from Krogmann et al. 7] abstracts from concrete
timings and instead counts bytecode instructions as platform-
independent resource demands.

Statistical estimation techniques for resource demands
have been collected by Spinner et al. [5]. Among them are or-
dinary least squares regression, service demand law, maximum
likelihood estimator, and Kalman filters. Zheng, Woodside,
and Litoui use the latter for online demand estimation of
performance models [15]]. Grohmann et al. [6] propose a self-
tuning approach for resource-demand estimation techniques.
None of these approaches offers support for estimating re-
source demands without executable software.

In addition to estimating individual resource demands, there
are approaches to construct entire performance models,
including components and deployment models [16]]. Kappler
et al. [17] propose Java2PCM to derive PCM RDSEFFs
statically from Java source code. Krogmann et al. [7] employ
a genetic search to derive parameter dependencies in PCM



RDSEFFs from source code. Garbi et al. [[18]] use recurrent
neural networks to mimic service and arrival rates of queuing
networks. As Hummel et al. [19] also show in their recent
work, none of these studies used LLMs for the task.

IV. GARMA

At a high level, GARMA consumes (i) a software de-
scription, (ii) workload characteristics, and (iii) a runtime
environment specification, processes them through a sequence
of LLM invocations, and produces RDSEFFs enriched with
PMPs.

GARMA constructs RDSEFFs and PMPs based on these
early design artifacts for PCM simulation without requiring
a deployed system. provides a high-level overview
of the LLM-based workflow, which comprises four phases:
(1) input normalization, (2) architectural behavior modeling,
(3) performance parameterization, and (4) validation.

A. Inputs

GARMA classifies its inputs into three categories, aligned
with the information required for resource demand estimation
as defined by Connie U. Smith et al. [[12]].

(i) A software description outlines the operations responsi-
ble for handling system events. (ii)Workload characteristics
identify the different types of events that occur in the system
and quantify their intensity. (iii)The runtime environment
comprises the hardware components and key software services
required for system execution, along with their service rates.

As a software description, GARMA expects a workload
dependency graph, a directed graph representing the mi-
croservice architecture and the request propagation through
microservices. Nodes represent operations (API endpoints,
e.g., auth: login); edges represent invocation dependencies.
Such a graph is typically present during early stages in
the established performance engineering processes to define
critical use cases and request paths. Therefore, this workload
dependency graph represents a performance relevant slice of
the whole application and can be considered available at this
stage. For all operations, GARMA derives RDSEFFs (see
[Figure 1) and CPU demands as PMPs. API-level code can
be provided for each operation. In our setting, API-level code
refers to the high-level endpoint handlers that implement the
control flow of an operation, enriched with inline comments
that expose performance-relevant internals. For example, the
auth:login handler performs request-parameter extraction,
an external call to persistence:findUser, and CPU-
intensive cryptographic steps such as password verification,
followed by object manipulation and JSON serialization.
These annotated code snippets thus contain both the structural
invocation sequence in the workload dependency graph and the
algorithmic information needed for deriving RDSEFF actions
and their associated PMPs. GARMA accepts all programming
languages as it uses an LLM for code processing.

Although GARMA can leverage API-level code for individ-
ual operations, these snippets still reflect early design and do
not constitute a runnable or profiled system. The code lacks

TABLE I
EXCERPT FROM A PERFORMANCE QUESTIONNAIRE FOR A LOGIN REQUEST

C1. Workload Dependency Graph

Q1. What are the specific operations executed by each node in the workload
dependency graph?

Al. The login workload issues a POST /login request to we-—
bui:login, the webui ...

C2. Workload Characteristics

Q2. What is the typical frequency for requests?
A2. The workload issues 20 requests per second in total, and ...

... Remaining categories and questionnaire items are omitted for brevity.

deployment and integration context and is not embedded in a
configured workload and monitoring setup. Turning such code
snippets into a measurable prototype would require additional
engineering effort (e.g., containerization, configuration, test
data, and instrumentation). GARMA instead treats code as a
rich early-stage design artifact and uses it statically to derive
RDSEFF structures and resource-demand estimates.

The workload characteristics and runtime environment must
be described textually to GARMA. For example, the workload
characteristic could contain a statement like “20 requests
per second for the auth:login operation ..” The runtime
environment could contain: “The TeaStore is deployed on
Google Kubernetes Engine ...”

B. Step 1: Input Normalization

The input normalization step uses a structured questionnaire
to extract performance-relevant facts from the inputs.

We designed the performance questionnaire with 22 ques-
tions, using the performance-relevant categories for software
performance engineering described by Smith et al. [3].

The questionnaire is auto-filled by an LLM from the avail-
able artifacts whenever explicit evidence is present. For each
question, an LLM is invoked to answer the question based
solely on the available input artifacts (see [Section TV-A). If
some information is missing, the LLM leaves the question
unanswered. This step, therefore, transforms heterogeneous
and informal input artifacts into a structured performance
questionnaire. For example, for the TeaStore 1ogin request,
the LLM’s answer could look like in

C. Step 2: Architectural Behavior Modeling

The architectural behavior modeling step derives structural
RDSEFF models from the workload dependency graph and the
corresponding per-node code and can, in principle, process
any programming language or even pseudocode due to the
language-agnostic nature of LLM-based code understanding.

It follows an aggregation policy, that is embedded into
the LLM prompt for this step: Local computations in one
microservice (e.g., PasswordCheck in the auth microservice
Figure 1) are aggregated into InternalActions. BranchActions
and LoopActions that contain no external calls are combined
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Fig. 2. GARMA workflow from input artifacts to Resource Demanding Service Effect Specifications (RDSEFFs) with Performance Model Parameters (PMPs).

into a single InternalAction. Thereby, GARMA avoids over-
fragmentation. Calls to other microservices are represented as
ExternalCallActions, e.g., the auth:1login endpoint call-
ing the persistence:findUser operation as shown in
These external calls must be consistent with the
workload dependency graph edges. Control-flow constructs
(branches, loops) are modeled only when they contain external
interactions. Applying this step to the auth:login node

produces the RDSEFF shown in

D. Step 3: Performance Parameterization

The performance parameterization attaches PMPs to actions
within RDSEFFs and enables simulation and sensitivity anal-
ysis (e.g., with PCM). In the Internal Action receives
PMPs as CPU resource-demand annotation. An exemplary
parametric resource demand for the running example is:

CPUgemand(auth:login) = 1.04+0.05 X payloadSize(ms),

where payloadSize is a workload driver, such as the size of the
login request. In this example, the PMP models how the CPU
time of the auth:login endpoint increases linearly with
the payload size. PMPs can be constants or depend on input
parameters. The prompt instructs the LLM to use parametric
expressions whenever a PMP within an RDSEFF scales with
an input parameter, and constant values otherwise.

This design aligns with the stochastic expression language
supported by the PCM simulation framework [2]]. External-
CallActions carry argument and data-size characterizations as
well as parametric dependencies. LoopActions carry iteration
counts as constants or parametric expressions. BranchAc-
tions carry probability distributions. The estimation uses a
decomposition-and-aggregation routine: Operations are broken
down, per-operation demands are estimated. Scale effects are
encoded via parametric dependencies tied to workload drivers
(e.g., number of elements, payload size).

To obtain best-case and worst-case values, GARMA re-
quires an LLM call to decompose the API-level code of

each action into elementary operations and to estimate best-
case and worst-case per-operation CPU demand, following
Smith’s bounded-uncertainty strategy [3]. Best-case values
assume favorable effects (e.g., cache hits, minimal contention),
whereas worst-case values assume plausible adverse condi-
tions (e.g., cache misses, higher contention). The LLM aggre-
gates these per-operation estimates into total best- and worst-
case CPU demand intervals for the respective action. For PMP
estimation, we employ role-based prompting (”You are an
experienced performance engineer...”). Given the structural
RDSEFF model, the API-level code, and the information about
workload characteristics and the runtime environment, the
LLM derives PMPs for each action. For this estimation, we
assume that representative resource-demand characteristics are
sufficiently present in the LLM corpus. The outcome is a set of
RDSEFFs enriched with PMPs that capture both the behavioral
structure and the interval-based parameter estimates. This
step triggers one LLM invocation per action in the RDSEFF.
This granularity is intentional: resource-demand estimation is
performed strictly at the action level rather than the node
level in the workload dependency graph, ensuring that the
estimation scope is narrow. Our replication package contains
the full prompt templates and used LLM instructions [20].

E. Step 4: Validation

The validation step performs model-internal consistency
checks on PMPs, e.g. worst-case values must be greater than or
equal to best-case values or spreads must be meaningful given
the workload and runtime environment. The validation step
employs an LLM configured to act as an unbiased validator,
analyzing each action’s PMPs together with the answered
questionnaire. For each RDSEFF action attached with PMPs,
this validator produces feedback flagging issues, suggests
corrective directions and prompts re-estimation.

F. Outputs: RDSEFFs and Performance Model Parameters

GARMA produces two complementary output artifacts:
(1) RDSEFFs that capture the control flow for each node in



the workload dependency graph and (ii) PMPs that annotate
these actions with quantitative resource demand estimations.

All quantitative PMPs are expressed as best-case and worst-
case values, following the bounded-uncertainty semantics
introduced in GARMA uses these intervals to
represent plausible early-design behavior without requiring
measurements. The resulting PMP-enriched RDSEFFs serve

as input to a PCM simulation (see [Section IIJ).

V. EVALUATION

For the evaluation of GARMA, we follow a structured Goal-
Question-Metric (GQM) plan [21], [22].

Goal: Generate accurate and decision-useful architectural
performance models from heterogeneous input artifacts, cov-
ering both the derivation of RDSEFF structures and the
estimation of CPU resource demands.

Q1: How correctly does GARMA fill out the questionnaire
from the available input artifacts?

For Q1, we measure the fraction of correctly prefilled
questionnaire items during input normalization per operation
(min/avg/max) and report the overall average prefill rate.
Correctness is assessed via manual cross-checking against the
provided input artifacts.

Q2: How accurate is the generated RDSEFF structure
compared to manually derived reference models?

Each RDSEFF is transformed into an action sequence S.
Structural similarity between generated and reference models
is measured using Jaccard similarity [[23]] based on the longest
common subsequence (LCS):

B ILCS(Sgen, Srer)|

|Sgen| + |Sref‘ - |LCS(Sgen7 Sref)‘

Actions are compared by type and, for ExternalCallActions,
by operation identifier (e.g., auth:login). J € [0, 1], where
1 is a perfect match. We report the percentage of perfectly
matching RDSEFFs (J = 1.0) per request type and overall,
as in prior work for RDSEFF reconstruction [24].

Q3: How accurate are the estimated CPU resource demands
(PMPs) in terms of best- and worst-case predictions compared
to empirical measurements?

For Q3, we use two complementary metrics to evaluate the
PMP estimation. First, we report the absolute error between
the predicted and measured mean CPU times per operation.
The predicted mean is the midpoint of the predicted interval
(PD). Expressing it as Pred.,Mean £+ %,width shows both the
central value and the sharpness of the predicted interval, where
sharpness is defined as %(worst — best) and thus reflects
how narrow (informative) the interval is. This is essential,
since coverage alone is trivial to achieve with sufficiently wide
intervals. Second, we compute coverage as the proportion of
measured CPU times y; that fall within the predicted interval.
The predicted interval [best;, worst;] corresponds to the best-
case and worst-case CPU-demand PMPs of the operation’s
InternalActions:

J

6]

N
1
Coverage (Cov.) = N Z 1lbest; < y; < worst;]  (2)
i=1

Because CPU measurements are taken at the node level of
the workload dependency graph, the InternalAction PMPs of
each RDSEFF are aggregated so that their total CPU demand
matches the measured node-level demand. We also report
whether the measured mean falls within the predicted interval
(PD) for each operation (Mean € PI).

Q4: How much modeling effort is required to obtain
performance models using GARMA compared to traditional
performance engineering processes? For Q4, we qualitatively
assess the reduction in manual effort using prior user studies
creating RDSEFFs and defining PMPs.

We evaluate GARMA with the TeaStore microservice appli-
cation [25]]. We executed controlled load tests to collect CPU
time measurements and manually created RDSEFFs for these
scenarios to evaluate the architectural behavior modeling.

The investigated scenario covers four sequential user-facing
HTTP requests ((startPage, login, cartAdd, logout) in the
TeaStore microservice application [25] deployed on Google
Kubernetes Engine (GKE). All TeaStore services are deployed
as pods on GKE with CPU requests and limits of 0.8 CPU
cores per pod and no explicit memory limits. The cluster uses
e2-standard-4 worker nodes (4 vCPUs, 16 GB RAM) in
a european region with default GKE networking.

The workload follows a constant-arrival-rate pattern with
20 requests/s. Each request contributing 25% of the total
request mix, without think times. For each operation we
recorded the thread CPU times. We used them as ground truth
for assessing the quality of the predicted best- and worst-case
CPU demands.

We modeled 14 RDSEFFs for the different TeaStore oper-
ations to compare with the generated RDSEFFs of GARMA.
The workload dependency graph was constructed based on the
TeaStore JAX-RS API code, with enriched inline comments
for each called method where the code is located in another
script and therefore not present in the API code. These inline
comments explain high-level execution steps of the called
methods. Such annotated API-level artifacts are consistent with
the artifacts available after deriving execution graphs from
critical scenarios in the SPE process by Smith [12], and can
therefore serve as input for early resource-demand estimation.

For comparison, we introduce a single-pass naive LLM
estimator that directly maps code, workload, and runtime
descriptions to CPU demand estimates without constructing
RDSEFF structures or per-action estimation. It uses the same
bounded-estimation strategy (best- and worst-case intervals).

A. Results

We used GPT-5 with temperature 0, and ran the workflow
in auto mode without a human in the loop for information
enrichment. For each operation, we generated ten models
to analyze the nondeterministic behavior of LLM output. In
summary, we created and calibrated 150 RDSEFFs.

The following shows insights into the analysis of the results.

a) Q1 (Prefilling effectiveness): GARMA auto-fills
76.1% of questionnaire items across all operations in the
TeaStore. A manual audit confirmed that prefilled answers



TABLE II
TEASTORE PMP EVALUATION: GARMA Vs. NAIVE BASELINE (MS)

GARMA Naive Baseline
Mean + Std  Pred. Mean  Abs. Err.  Mean € PI Cov. Pred. Mean  Abs. Err. Mean € PI Cov.
& webui:StartPage  2.58 £+ 1.14 244 £ 1.18 0.14 v 86.4% 5.75 + 2.25 3.17 X 14.5%
g.f image:weblmages  0.43 + 0.13  0.71 + 0.28 0.28 v 44.8%  0.15 + 0.08 0.27 X 4.2%
j§ auth:isLoggedIn ~ 0.18 £ 0.09  0.27 £+ 0.12 0.09 v 49.6% 0.46 £ 0.26 0.28 X 27.1%
x persist:listCategories ~ 0.50 4 0.12  0.92 4+ 0.46 0.42 v 551%  0.40 4+ 0.20 0.10 v 83.7 %
£ webui:login 1.26 £ 0.53  0.88 £+ 0.42 0.38 v 74.1%  4.06 + 1.69 2.80 X 6.4%
S auth:login ~ 7.77 + 0.81 7.11 £ 3.70 0.66 v 99.8%  6.15 + 2.65 1.62 v 87.4%
- persist:findUser  0.69 £ 0.14  0.51 £+ 0.27 0.18 v 793% 520 £ 2.70 4.51 X 0.0%
= webui:cartAdd  1.74 £ 0.80  1.77 £ 0.90 0.03 v 90.1% 5.20 + 2.70 3.46 X 11.1%
ﬁ,_ auth:cartAdd  1.54 £ 0.74 1.04 £ 0.38 0.50 X 66.6% 3.09 + 1.73 1.56 v 37.0%
8 persist:findProd  0.30 £ 0.16  4.07 £ 2.31 3.77 X 0.0% 0.16 £ 0.11 0.14 X 61.2%
g webui:logout  1.80 + 0.89  1.20 &+ 0.67 0.60 v 75.7%  0.77 + 0.42 1.03 X 7.7%
ED auth:logout  0.20 £ 0.10  0.07 £ 0.04 0.13 X 15.0% 239 £ 1.19 2.20 X 0.0%
webui:cartAdd image:webImages
Measurements (Ground Truth)
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Fig. 3. TeaStore comparison between average predicted interval and measurements for specific endpoints in the image- and webui-service

matched available specifications, unanswered questions cor-

still covers 90.1% of the measured points (see

rectly reflected information gaps in the inputs. For each of [Table II). Lower coverage is observed on very cheap or

the 14 operations, we checked the answers once and observed
consistent answers across different runs.

b) Q2 (Structural accuracy): There is a high structural
similarity between the generated and reference RDSEFFs. The
average Jaccard similarity, aggregated on 150 RDSEFFs, is
0.97 with 84.2% perfect matches. TeaStore requests are close
to perfect: StartPage J=1.00, Login J=0.95, CartAdd
J=0.95, and Logout J=0.90. We conclude that GARMA
consistently captures the correct aggregation policy, presented
in across different programming languages.

¢) Q3 (CPU PMP accuracy): shows the results
for Q3. Overall, the CPU demand intervals and predicted
means mostly align with measurements:

User-facing steps in webui and auth exhibit small
absolute errors between means and high coverage
(typically > 85%), e.g., webui:startPage and
auth:isLoggedIn. For example, webui:cartAdd,
where the predicted average interval is sharp and

database-dominated actions (e.g., image:webImages,
persistence:listCategories, persis-—
tence:findProduct), where low CPU costs and

external dependencies can make narrowing intervals harder
for the LLM. For the endpoint image:webImages, we
observed a slight overestimation (see [Table TI), resulting in
a coverage of only 44.8%, but with the measured mean in
the predicted interval. In general, operations that consume
sub-millisecond CPU demand tend to yield less accurate
estimates with GARMA. Another example of this is the
persistence:findProduct endpoint that shows
significant overestimation (predicted mean: 4.1 ms, measured:
0.30 =+ 0.2 ms). The LLM estimating the PMPs could conflate
waiting time for the external database call with CPU time of
the persistence service itself. The actual persistence service
performs minimal CPU work (a null check and copying ~ 5
fields), but the LLM estimator allocates more processing time.
Similar overestimation affects other persistence endpoints



with database calls (persistence:listCategories:
predicted 0.92 ms vs. actual 0.50 ms).

Regarding interval width, GARMA generally produces com-
paratively sharp intervals that work well for stable CPU-bound
behavior. For the TeaStore, sharpness is reliable for the webui
and auth endpoints, whereas very small or database-driven
actions cause inconsistent widths.

d) Comparison to the Naive Baseline LLM Estimator:
contrasts GARMA with the baseline LLM estimator.
GARMA consistently yields lower absolute errors and more
reliable coverage than the baseline.

GARMA provides accurate predicted means and stable
interval widths for all CPU-relevant webui and auth actions,
while the baseline overestimates many endpoints by large
margins (e.g., webui:startPage and auth:cartAdd).
The baseline performs better only on a few persistence end-
points, where GARMA overestimates due to an assumed
conflated database wait time. A key difference is interval
sharpness: GARMA maintains consistently narrow intervals
for the main user-facing steps, whereas the baseline relies on
wider bounds. Across all webui endpoints, GARMA aver-
ages 1.59ms interval width vs. the baseline’s 3.53 ms (2.2x
sharper), with the largest gains on webui:login (4.0%)
and webui : cartAdd (3.0x). Overall, GARMA yields more
stable CPU-demand intervals than the baseline.

e) Q4 (Modeling time): We qualitatively assessed the
architectural performance modeling and calibration effort.
Previous work by Martens et al. [[11] reports a total modeling
time of approximately 200 min until a performance simulation
with a PCM instance can be conducted. Of this, approximately
30 minutes are required to specify RDSEFFs when creat-
ing component-based performance models for a web server
comparable to TeaStore. Defining PMPs takes 10 minutes
per model, excluding the measurement experiments typically
needed to parameterize these demands. Moreover, the work by
Reussner et al. assumes familiarity with Palladio tooling [2].
In our workflow, RDSEFF construction and PMP calibration
are fully automated and language agnostic. The workload
dependency graph is derived from early design artifacts (e.g.
scenario diagrams), while the runtime environment and work-
load characterization are provided as plain text. On average,
119 words for workload characterization and 112 words for
runtime environment in our inputs. Even without a head-to-
head time study, automating RDSEFF construction and PMP
calibration, together with a short textual input, removes tasks
that usually consume a substantial share of time.

Moreover, we systematically map GARMA’s automation
points to Smith’s manual SPE process steps ( [Table TII).
GARMA assumes the early SPE steps are completed and uses
the resulting execution-graph-like workload dependency graph
plus workload/runtime text as inputs.

f) Answers to the GOM questions:
Q1 GARMA auto-fills 76.1 % of inputs for end-to-end exe-

cution, with human evaluation confirming most pre-filled
entries are correct.

TABLE III
MAPPING OF SMITH’S SPE STEPS TO MANUAL ACTIVITIES VS. GARMA.

SPE Manual GARMA

1-4  Define scope & risk; identify critical use Assumed done
cases; select key scenarios & workload

intensity; set performance objectives

5 Construct the performance model Input: workload dependency graph,
Output: RDSEFFs

6 Annotate execution steps with software- Implicit via action-level RDSEFF +

resource counts parametric demand terms (no explicit

resource-count artifact)

7 Add computer resource requirements Input: runtime-environment

7 Estimate demands (best/worst) Automates: bounded PMP estimation

8 Evaluate models Output: Valid RDSEFFs for simulation

9 Verify/validate models Automates: PMP consistency checks +

feedback loop

Q2 Generated RDSEFF structures closely match references

(0.97 average Jaccard; 84.2% perfect).

Q3 CPU PMP intervals are decision-useful: TeaStore shows

high coverage and sharpness when CPU costs dominate,
and lower coverage for very small or DB-driven steps.

Q4 GARMA uses concise textual input to automate RDSEFF

construction and PMP calibration, conceptually simplifying

activities that prior work identified as a large share of

modeling time and reduces tooling requirements.
GARMA is thus able to assess the RDSEFF structure almost
correctly and to capture the main CPU costs without a running
system and measurements.

VI. THREATS TO VALIDITY

This section discusses validity threats following Runeson,
Host and Sallou [26], [27].

Construct validity may be affected by prompt engineering
bias, and metric selection bias. Prompt engineering bias is
reduced through systematically designed prompts grounded
in established software performance engineering principles.
Metric selection bias is addressed by combining structural
similarity with quantitative CPU-demand accuracy.

Internal validity threats stem from our measurement-based
ground truth. CPU times for TeaStore may be influenced
by instrumentation overhead, system noise, and environment
variability. We mitigate this via multiple runs, outlier filtering,
and documentation. Because GARMA relies on LLMs, their
nondeterminism can introduce randomness. We mitigate this
by a fixed LLM configuration and by producing multiple
independent results for the same operation. Furthermore, we
compare GARMA against an LLM baseline, which performs
worse. Internal validity is also influenced by the accuracy
of architect-provided early-design artifacts. Since architects
typically define service boundaries, API endpoints, and cross-
service interactions at design time, the required information
is generally available, but inaccuracies can propagate into
RDSEFFs and PMPs.

External validity is limited by the size of evaluated systems
and by the focus on CPU demand. Other resource dimensions



(e.g., latency) were not assessed. Moreover, only GPT-5 was
evaluated. To support comparative studies, we release prompts,
responses, and datasets [20].

VII. CONCLUSION

This paper introduced an LLM workflow to generate archi-
tectural performance models directly from early-stage software
artifacts. GARMA normalizes heterogeneous inputs, derives
RDSEFF structures, and estimates bounded CPU resource de-
mands without requiring a running system. GARMA produced
performance models with high structural fidelity and mean-
ingful CPU demand intervals. The autogenerated RDSEFFs
closely matched manually created reference models (average
Jaccard similarity 0.97), and the predicted CPU bounds aligned
with empirical measurements for most operations, particularly
for user-facing endpoints.

A single-pass LLM baseline often underestimates CPU
demands in lightweight TeaStore actions, which leads to lower
coverage and higher errors. GARMA in contrast provides more
reliable interval predictions.

While our evaluation demonstrates the feasibility of LLM-
assisted architectural performance modeling, more work is
required to broaden applicability across different microservice
applications, to improve the estimation of very small resource
demands, and to enhance the interpretability of prediction
intervals. Future work might extend GARMA.

Explainability: Enrich the generated PMPs with explanatory
rationales to increase transparency and support architects in
understanding the underlying assumptions.

Human-in-the-loop evaluation: Run a user study comparing
human-created and LLM-created RDSEFFs, to assess differ-
ences in structure, parameterization, and modeling time.
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We provide a replication package for GARMA [20].
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