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Abstract. Ultra-short-term photovoltaic forecasting is strongly affected by
cloud dynamics, yet integrating visual information typically requires complex,
dedicated computer vision architectures. This study proposes an alternative
approach in which multimodal LLMs (OpenAI and Gemini) serve as image-to-
tabular translators. The method converts directional sky-camera images into
numeric variables, which are then fused with conventional predictors, such as
inverter and meteorological data. Experimental evaluations across 5-, 10-, and
15-minute horizons demonstrate that LLM-enhanced configurations consistently
outperform a strong tabular baseline. The results suggest that LLMs can serve
as a modular and auditable intermediate layer between raw imagery and stan-
dard forecasting models. Limitations include modest performance gains and
reliance on a single pilot installation, requiring future multi-site validation.

Keywords: Photovoltaic forecasting; Multimodal large language models; Sky images;
Image-to-tabular translation; Time-series forecasting.

1. Introduction
The increasing penetration of photovoltaic (PV) generation makes ultra-short-term fore-
casting especially relevant for operational planning, reserve allocation, storage control,
and the stable integration of renewable energy into power systems [Ahmed et al. 2020,
Antonanzas et al. 2016, Voyant et al. 2017]. At 5–15 minute horizons, forecasting ac-
curacy is strongly affected by rapid local cloud transitions, which are not always
well represented by tabular meteorological measurements alone [Chow et al. 2015,
Zhen et al. 2020]. This challenge is also relevant in the broader context of renewable-
energy integration, since improving short-horizon PV predictability contributes to more
reliable operation under highly variable atmospheric conditions.

Recent work has increasingly explored sky images, public cameras, satel-
lites, optical flow, convolutional networks, transformers, and multimodal fusion for
solar nowcasting [Sharma and Elmenreich 2021, Paletta et al. 2022, Paletta et al. 2023,
Sarkis et al. 2024, Straub et al. 2024, Xu et al. 2024, Zhang et al. 2023]. These studies
consistently show that visual information can improve short-term irradiance and genera-
tion forecasting.

However, they also reveal an important methodological constraint: image
information is typically incorporated through bespoke computer-vision pipelines,
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such as segmentation stages, motion-estimation procedures, or specialized deep vi-
sual encoders [Paletta et al. 2022, Paletta et al. 2023, Straub et al. 2024, Xu et al. 2024,
Zhang et al. 2023]. As a result, transforming raw sky images into structured predictors
often remains tightly coupled to domain-specific visual architectures.

This paper investigates an alternative computational route in which multimodal
large language models (LLMs) act as image-to-tabular translators, leveraging recent ad-
vances in visual-language models and multimodal instruction tuning [Alayrac et al. 2022,
Li et al. 2023, Liu et al. 2023]. In the proposed formulation, grouped multi-view sky im-
ages are processed to produce numeric cloud-related contrast proxies, which are then in-
tegrated with power, meteorological, luminosity, solar-geometry, and temporal variables
in conventional forecasting models.

Rather than replacing forecasting models with LLMs, the proposed formulation
introduces a modular and interpretable intermediate layer between raw imagery and tabu-
lar pipelines. Grounded on a pilot dataset, the study evaluates whether LLM-derived im-
age variables add predictive signal beyond a strong tabular baseline. More specifically, we
test the hypothesis that such variables provide complementary information under leakage-
aware temporal evaluation, using an expanding-window walk-forward protocol consistent
with rolling-origin assessment for time-series forecasting [Bergmeir et al. 2018]. To sup-
port transparency and reproducibility, the complete experimental artifacts (code, sanitized
datasets, prompts, figures, and results) are publicly available.1

The main contributions are: (i) a formalization of multimodal LLMs as image-
to-tabular translators for ultra-short-term PV forecasting; (ii) a pilot multimodal dataset
integrating camera interpretations, inverter power, meteorology, luminosity, and solar ge-
ometry; (iii) a leakage-aware experimental protocol based on expanding-window walk-
forward validation; and (iv) empirical evidence that LLM-derived variables provide mod-
est but consistent gains over a strong tabular baseline.

The remainder of the paper is organized as follows. Section 2 discusses related
background on ultra-short-term PV forecasting, sky-image methods, and multimodal
LLMs. Section 3 presents the study design and dataset, detailing the pilot setup, data
sources, preprocessing steps, and the LLM prompting protocol. Section 4 outlines the
experimental protocol. Section 5 reports the experimental results and discusses their im-
plications. Section 6 outlines the main threats to validity, and Section 7 concludes the
paper.

2. Background
Ultra-short-term PV forecasting under fast cloud variability has been studied
through persistence baselines, statistical models, machine learning, and deep learn-
ing [Voyant et al. 2017, Antonanzas et al. 2016, Ahmed et al. 2020]. When the forecast-
ing horizon is only a few minutes ahead, recent power values are often highly informa-
tive, but visual cloud evolution may still add relevant local information, especially during
ramps [Chow et al. 2015, Garniwa et al. 2023, Sarkis et al. 2024].

The literature on sky-image forecasting has expanded considerably. Re-
cent studies combine optical flow and recurrent networks [Garniwa et al. 2023],

1https://github.com/diegonevesdafontoura/semish-2026-multimodal-llm-pv-forecasting
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polar-invariant representations [Paletta et al. 2022], attention-based sequence model-
ing [Ukwuoma et al. 2024], transformer-based visual encoders [Xu et al. 2024], and mul-
timodal fusion with weather and satellite data [Paletta et al. 2023, Straub et al. 2024,
Zhang et al. 2023]. These results support the idea that image information improves short-
horizon forecasting, but they also show that image processing is typically embedded in
specialized computer vision architectures.

In parallel, multimodal LLMs have evolved toward more reliable joint process-
ing of text and images [Alayrac et al. 2022, Li et al. 2023, Liu et al. 2023]. Yet, in PV
forecasting, their use remains underexplored. The relevance of investigating them in this
context is not to replace the forecasting model itself with an LLM, but to test whether
they can operate as structured perception modules that convert sky imagery into numeric
predictors. This fact creates a distinct methodological possibility: instead of building a
bespoke vision pipeline, one may use a multimodal LLM as an interpretable intermedi-
ate layer that preserves compatibility with conventional regression models while enabling
explicit comparison between scenarios with and without image-derived information.

From a broader perspective, this work aligns with integration challenges between
software and hardware systems in real-world sensing environments, where heterogeneous
physical sensors, visual acquisition devices, and computational models must be connected
through structured representations suitable for predictive modeling.

3. Study Design and Dataset
3.1. Pilot Setup and Data Sources
The study uses data from a pilot photovoltaic installation comprising a visual acquisi-
tion subsystem, a grid-connected inverter, a local luminosity-sensing module, an external
meteorological source, and astronomical solar-position computation. Visual data were
acquired with an Intelbras iM7 S Full Color outdoor camera, while active power mea-
surements were obtained from a Solis-1P5K-4G inverter. In addition, local luminosity
readings were collected by an ESP32-based sensing module and transmitted to a local
server, and meteorological variables were retrieved from the Open-Meteo service. Fig-
ure 1(a) shows the installation context, and Figure 1(b) presents an example of the grouped
camera views used for multimodal interpretation.

The data acquisition workflow is script-based. Inverter power was collected from
the device’s local web interface by periodically issuing HTTP requests to extract the
instantaneous power variable (webdata_now_p). The ESP32 device sent luminosity
readings to a Flask-based local server through a dedicated endpoint, which stored times-
tamped records including raw and normalized values. Meteorological variables such as
temperature, relative humidity, dew point, pressure, wind speed, wind direction, wind
gusts, radiation, and precipitation were periodically queried from Open-Meteo and stored
in CSV format. Astronomical variables, including solar altitude and azimuth, were com-
puted separately and later integrated into the forecasting dataset.

The Intelbras iM7 S Full Color camera provides Full HD acquisition (1920×1080)
with motorized directional control, while the Solis-1P5K-4G inverter provides the active
power measurements used as forecasting targets. These hardware characteristics are rele-
vant because camera optics, positioning, and acquisition stability directly affect the visual
content processed by the multimodal LLMs.
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(a) Physical setup of the pilot PV installation. (b) Grouped multi-view sky image
used as LLM input.

Figure 1. Pilot setup and grouped sky image used in the proposed pipeline.

The acquisition scripts were designed to operate within controlled daytime win-
dows and to align collection times to full-minute timestamps, reducing temporal incon-
sistency across sources. After collection, all sources were synchronized to a common
5-minute grid for forecasting. These implementation details are relevant because camera
optics and positioning, inverter polling, ESP32 sensing behavior, meteorological update
frequency, and timestamp alignment directly affect the quality, reproducibility, and trans-
ferability of the multimodal dataset.

3.2. LLM-derived Variables and Preprocessing
For each 5-minute timestamp, the grouped sky image is interpreted independently through
multimodal inference, i.e., visual image input combined with a fixed textual prompt
that produces structured numeric outputs by OpenAI’s GPT-4o and Google’s Gem-
ini 2.5 Flash [OpenAI 2025, Google DeepMind 2025]. Each provider returns directional
values for south, north, east, west, and top views, plus an aggregated score. Table 1
summarizes the main variable groups.

Table 1. Main numeric variables derived from multimodal image interpretation.

Variable group Range Interpretation
value_{dir} 0.0 to 1.0 OpenAI-derived directional cloud-related contrast proxy.

value_{dir}_gemini 0.0 to 1.0 Gemini-derived directional cloud-related contrast proxy.
result 0.0 to 1.0 Aggregated OpenAI cloud-related contrast proxy.

result_gemini 0.0 to 1.0 Aggregated Gemini cloud-related contrast proxy.

Only numeric outputs were used in the predictive pipeline. Records with val-
ues outside the expected range were discarded, and all sources were synchronized on a
5-minute grid. Only samples collected between 07:00 and 19:00 were retained. This fil-
tering removes periods with low or null solar irradiance, ensuring that the dataset focuses
on operational photovoltaic conditions. After filtering valid targets, the final modeling
dataset contains 27,686 samples.

This adjustment reduces the artificial variance introduced by nighttime or near-
zero generation periods, resulting in a more realistic and challenging forecasting setup.
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All preprocessing steps were strictly causal to avoid temporal leakage. Power was
resampled to 5-minute means, meteorological variables were forward-filled, and lagged
features (1, 2, 3, 6, and 12 steps) and rolling statistics were computed from shifted series.
Forecasting targets were defined as future shifts for 5-, 10-, and 15-minute horizons.

Additional features include directional variability, inter-model differences, and
horizon–zenith contrasts, resulting in 32 baseline predictors and up to 50 features when
both LLM sources are used.

3.3. Multimodal LLM Prompting Protocol
To ensure reproducibility and consistency across providers, a structured prompting strat-
egy was adopted for both OpenAI and Gemini models. The exact prompting template
used in the experiments is shown in Figure 2.

Figure 2. Prompt template for image-to-tabular translation.

A fixed prompt template (in English) instructs the model to assign normalized
cloud-related contrast values to five directional views (north, south, east, west, and top) in
the range [0, 1], where lower values indicate visually clearer conditions and higher values
indicate stronger cloud presence or occlusion. The model returns directional variables
(e.g., north_value, south_value) and an aggregated value (result), optionally
accompanied by a categorical sky description. The output format is constrained to nu-
meric values and predefined fields to facilitate automated parsing and integration into the
forecasting pipeline.

Each grouped sky image (comprising south, north, east, west, and top views) was
processed independently using the same instructions, without contextual carryover across
timestamps.

To reduce variability, the prompt template was kept constant across all observa-
tions. The provider models were kept fixed throughout the experiments (GPT-4o for Ope-
nAI and Gemini 2.5 Flash for Google Gemini), using the same prompt structure across all
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timestamps. The outputs were parsed automatically, and records with values outside the
expected numeric range were discarded to ensure consistency.

Although different providers may internally interpret visual features differently,
the protocol enforces a common output structure, enabling direct comparison and fusion
of the resulting variables. This design prioritizes auditability and modularity, allowing
the LLM layer to be treated as a structured perception component within the forecasting
pipeline.

All implementation details, including prompts, preprocessing steps, evaluation
scripts, sanitized datasets, figures, and results, are structured to support full reproducibil-
ity and are publicly available in the accompanying repository.

In addition, ChatGPT (OpenAI) was used exclusively for English language pol-
ishing and minor editorial refinement during manuscript preparation. It was not used to
generate scientific results, fabricate data, create references, or alter the experimental anal-
yses. All scientific design, analyses, interpretations, and final content validation remain
the responsibility of the authors.

4. Experimental Protocol
Four feature scenarios are evaluated:

1. Baseline tabular: meteorology, luminosity, solar geometry, cyclical time vari-
ables, lagged power, and rolling power statistics.

2. Baseline + OpenAI: baseline tabular plus OpenAI-derived image variables.
3. Baseline + Gemini: baseline tabular plus Gemini-derived image variables.
4. Baseline + both LLMs: baseline tabular plus OpenAI and Gemini variables to-

gether.
Three forecasting horizons are considered: 5, 10, and 15 minutes ahead. The

models evaluated in all scenarios are Linear Regression, Random Forest, and HistGradi-
entBoosting. Model selection is performed per scenario and horizon.

The primary evaluation protocol is expanding-window walk-forward validation.
The modeling dataset is chronologically sorted and split into three folds. In each fold,
the training block grows over time, followed by a validation block of 4,152 samples and
a test block of 2,768 samples. The training sizes are 13,843, 16,611, and 19,379 samples
in folds 1, 2, and 3, respectively. The mean validation RMSE across folds selects the best
model for each scenario, and performance is reported as the mean and standard deviation
on the test blocks. After validation-based model selection within each scenario, feature
scenarios are compared using their corresponding walk-forward test performance. This
protocol is stronger than a single fixed split because it reduces dependence on one specific
temporal window.

For completeness, a chronological single-split experiment was also run as a sen-
sitivity analysis after the leakage corrections. It produced the same qualitative ranking of
scenarios as the walk-forward protocol, so the article emphasizes the walk-forward results
as the main evidence.

5. Results and Discussion
Table 2 summarizes the main walk-forward results after restricting the analysis to op-
erational daylight periods (07:00–19:00). In all horizons, the best LLM-enhanced con-
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figuration outperforms the strongest tabular baseline. At 5 minutes, the best result is
achieved with HistGradientBoosting in the OpenAI-augmented scenario, reducing RMSE
from 509.19 to 504.31 and increasing R2 from 0.8438 to 0.8470. At 10 minutes, the best
result is achieved with Random Forest using the combined OpenAI+Gemini scenario, re-
ducing RMSE from 577.36 to 574.33 and improving R2 from 0.8003 to 0.8025. At 15
minutes, the best result is also obtained when both LLM sources are combined with Ran-
dom Forest, reducing RMSE from 600.66 to 596.38 and increasing R2 from 0.7849 to
0.7881.

Table 2. Main walk-forward results comparing the strongest tabular baseline with
the best LLM-enhanced configuration at each horizon.

Horizon Best tabular baseline Best LLM-enhanced setting

Scenario Model RMSE Std. R2 Scenario Model RMSE Std. R2

5 min Baseline tabular HistGradientBoosting 509.19 67.25 0.8438 Baseline + OpenAI HistGradientBoosting 504.31 64.50 0.8470
10 min Baseline tabular Random Forest 577.36 65.43 0.8003 Baseline + OpenAI + Gemini Random Forest 574.33 64.42 0.8025
15 min Baseline tabular Random Forest 600.66 61.41 0.7849 Baseline + OpenAI + Gemini Random Forest 596.38 58.48 0.7881

Although the observed improvements are modest, they are consistent across a
more restrictive, physically meaningful evaluation setting. After restricting the analysis
to daylight operational periods (07:00–19:00), the best LLM-enhanced configuration out-
performs the strongest tabular baseline across all three horizons, reducing RMSE from
509.19 to 504.31 at 5 minutes, from 577.36 to 574.33 at 10 minutes, and from 600.66 to
596.38 at 15 minutes. In ultra-short-term forecasting, where recent power values dom-
inate predictive performance, achieving consistent gains under this setting is inherently
difficult. Therefore, even small reductions in RMSE indicate that LLM-derived variables
capture complementary information not fully represented by conventional predictors.

The reduction in performance gains compared to preliminary experiments can be
explained by the removal of low-variance periods associated with near-zero generation.
In such conditions, simple autoregressive models tend to perform well, potentially inflat-
ing baseline performance. By focusing only on active generation periods, the evaluation
becomes more realistic, and the contribution of multimodal LLM-derived variables is as-
sessed under stricter conditions.

The ranking of scenarios also reveals an important pattern. OpenAI-derived vari-
ables provide the best performance at the shortest horizon (5 minutes), while the combined
OpenAI+Gemini configuration becomes superior at 10 and 15 minutes. This suggests
that the two providers encode partially distinct aspects of the visual scene, and that their
combination becomes increasingly informative as the forecasting horizon increases, when
autoregressive effects weaken, and cloud dynamics play a larger role.

Feature-importance inspection for the 5-minute horizon provides additional in-
sight. In all scenarios, power_5min is the most influential predictor, followed by vari-
ables such as radiation_wm2, power_roll_mean_6, and cyclical time features.
At the same time, image-derived variables such as result and result_gemini, as
well as directional contrast features, consistently appear among relevant predictors, sup-
porting their role as complementary sources of information.

Figure 3 illustrates the predictions produced by the best-performing configurations
in a representative evaluation window. The models capture the main intra-day dynamics of
photovoltaic generation, including ramp-up and ramp-down periods. The predicted curves
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remain close to the observed trajectory across all horizons, with the largest deviations
concentrated around sharper transitions, which is consistent with the quantitative results.

Figure 3. Observed PV power and predictions for the best configurations across
all horizons.

5.1. Single-Split Sensitivity Analysis
For completeness, a chronological single-split experiment was also conducted after the
leakage corrections. Its results were consistent with the main walk-forward evidence,
preserving the same qualitative ordering of scenarios across horizons: the strongest LLM-
enhanced settings remained superior to the strongest tabular baseline, with OpenAI fea-
tures performing best at 5 minutes and the combined OpenAI+Gemini setting performing
best at 10 and 15 minutes. Although the article emphasizes walk-forward validation as the
main source of evidence, this agreement across validation schemes reinforces the robust-
ness of the central finding that LLM-derived image variables contribute a complementary
predictive signal.

5.2. External Holdout Test on Unseen Days
As an additional robustness check, three full days (2026-02-25, 2026-02-26, and 2026-
02-27) were removed from the modeling dataset before the main training and validation
pipeline. These days were therefore not visible during training, validation, or internal
testing. After model selection on the remaining data, the best 5-minute configuration
(Baseline + OpenAI with HistGradientBoosting) was retrained on the reduced modeling
set and evaluated on this external holdout.

The aggregated results on the external holdout were MAE = 276.81, RMSE =
489.48, and R2 = 0.8638 over 410 samples. Table 3 details the performance by day.
The best behavior was observed on 2026-02-27, with RMSE = 133.84 and R2 = 0.9909,
consistent with the smoother, more structured intra-day profile observed on that day. By
contrast, 2026-02-25 and 2026-02-26 were more challenging due to stronger short-term
fluctuations and sharper local variations. Even so, the model preserved the overall trajec-
tory of photovoltaic generation in all three cases, as illustrated in Figure 4.

These results reinforce the paper’s main conclusion: the selected LLM-enhanced
5-minute model is not only competitive under walk-forward validation but also general-
izes to fully unseen days outside the internal model-selection pipeline, providing addi-
tional evidence that the proposed formulation remains robust beyond the temporal parti-
tions used for model selection.

46º Congresso da Sociedade Brasileira de Computação (CSBC 2026), Gramado/RS

53º Seminário Integrado de Software e Hardware (SEMISH 2026): Artigos Completos

8



Table 3. External holdout results for the best 5-minute model on three unseen
days.

Subset MAE RMSE R2 n
Overall 276.81 489.48 0.8638 410
2026-02-25 378.55 588.83 0.6483 142
2026-02-26 351.56 569.94 0.7935 144
2026-02-27 73.51 133.84 0.9909 124

Figure 4. Observed and predicted PV power for the best 5-minute model on three
unseen holdout days.

5.3. Additional Remarks on Statistical Validation

The present comparison is based primarily on walk-forward RMSE and R2, comple-
mented by scenario consistency across horizons and by the agreement between walk-
forward and chronological single-split validation. Given the modest absolute gains and
the limited scope of the pilot dataset, the results should be interpreted as evidence of
methodological feasibility and initial predictive utility rather than as a definitive statistical
claim of superiority. A more extensive formal significance analysis, including error-series
tests across larger datasets and multiple sites, remains an important direction for future
work.

6. Threats to Validity

The study still has important limitations. First, the evidence comes from a single pilot in-
stallation, so external validity across sites, climates, seasons, camera placements, and PV
configurations remains open. The present results should therefore be interpreted as evi-
dence of methodological feasibility and initial predictive utility, rather than as a definitive
demonstration of broad generalization.

Hardware- and acquisition-specific factors, including camera lens and field of
view, directional capture stability, inverter polling reliability, ESP32 sensor behavior, and
timestamp alignment across heterogeneous sources, may affect the external validity of the
reported results.

Second, the meteorological variables are not fully co-located with the PV module,
which may introduce spatial mismatches during rapid local cloud transitions. This issue is
particularly relevant in ultra-short-term forecasting, where small-scale atmospheric vari-
ability can affect the correspondence between local sky conditions and tabular weather
observations.
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Third, the dataset covers a limited temporal window and reflects the operational
characteristics of a specific pilot setup. Although this is sufficient for a first controlled ex-
periment, larger, longer multi-site datasets are still necessary to assess robustness across
wider variability regimes and to determine whether the observed gains persist across dif-
ferent seasonal and climatic contexts.

Fourth, the proposed LLM-derived variables are constrained by prompt design,
provider behavior, and the consistency of multimodal numeric outputs. While the study
treats these outputs as structured predictors and applies the same preprocessing and fore-
casting protocol across scenarios, some degree of model-specific variability may remain,
particularly because aggregated image scores are provider-generated rather than deter-
ministically computed outside the LLM. This means that the reported results should be
understood not only as evidence about the data, but also as evidence of the viability of
this particular image-to-tabular formulation.

Fifth, the observed performance gains are modest. However, this should be in-
terpreted in light of the baseline’s strength, which already includes recent power values,
lagged information, rolling statistics, radiation, luminosity, solar geometry, and cyclical
temporal features. In this context, even small improvements are informative, since they
suggest that image-derived LLM variables contribute a complementary signal beyond a
competitive tabular reference. Operational deployment may also be constrained by API
latency and inference cost, particularly in high-frequency real-time scenarios.

Finally, the study does not aim to establish that multimodal LLMs outperform spe-
cialized end-to-end vision architectures for PV forecasting. Instead, its goal is to evaluate
whether LLMs can serve as auditable, modular intermediate layers for converting sky im-
agery into structured predictors. Direct comparisons with dedicated visual deep-learning
pipelines, broader ablation studies, and larger multi-site validation remain important di-
rections for future work.

7. Conclusion
This paper investigated a computational alternative for ultra-short-term photovoltaic fore-
casting, using multimodal LLMs as image-to-tabular translators. Instead of embedding
sky imagery in a dedicated end-to-end visual architecture, the proposed approach con-
verts grouped directional camera views into numeric cloud-related variables that can be
directly fused with conventional predictors such as power, weather, luminosity, solar ge-
ometry, and temporal features.

The empirical results show that LLM-enhanced configurations consistently out-
perform a strong tabular baseline across 5-, 10-, and 15-minute forecasting horizons, sup-
porting the study’s central hypothesis that multimodal LLM-derived visual variables can
provide complementary predictive information beyond conventional tabular predictors.
The observed gains are modest but stable across evaluation settings and scientifically
meaningful because the baseline already includes strong autoregressive, physical, and
temporal predictors. A feature-importance inspection further suggests that the image-
derived variables provide complementary information rather than replacing the dominant
effect of recent power and radiation measurements.

The contribution of this work does not lie in replacing existing forecasting models
with LLM-based approaches, but rather in introducing a modular, interpretable mecha-
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nism for incorporating visual information into tabular forecasting pipelines. By framing
multimodal LLMs as image-to-tabular translators, the study provides a practical alterna-
tive to tightly coupled computer-vision architectures, enabling easier integration, inspec-
tion, and comparison within conventional modeling workflows.

More broadly, the proposed formulation may be relevant beyond the specific en-
ergy domain studied here. The idea of using multimodal LLMs as structured perception
layers for converting visual observations into tabular predictors may be applicable to other
multimodal time-series problems in which raw images contain contextual information that
is difficult to integrate into conventional forecasting models.

Future work includes expanding the dataset in terms of time and geographic diver-
sity, comparing the proposed formulation against specialized computer vision pipelines
and pre-trained visual encoders such as CLIP and DINOv2, and evaluating more formal
explainability analyses to quantify the contribution of image-derived variables. Addi-
tional directions include testing few-shot and visually calibrated prompts, defining deter-
ministic aggregation rules outside the LLM, and measuring API cost and latency under
realistic high-frequency deployment conditions, ideally in larger multi-site validation set-
tings.
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