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● Anomaly classification: Predicting whether an anomaly has occurred and 
determining its type. 

● In industrial settings it is also important to  understand their impact on 
other system components. 

● Identifying the causal relationships between an anomaly and its effects is 
vital for effective damage control and system improvement.
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● FCU: Device for heating or 
cooling a 

● Fault diagnosis for FCUs has 
been less studied compared to 
other air handling units.  

● To the right:  Schematic of a fan 
coil unit serving a room 
(Granderson et at. 2022)

Chen et al. 2022.  A simulation-based method to analyze fan coil unit fault impacts. ASHRAE Transactions, 2022, 
vol. 128, no Part 2.
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● It encompasses simulated time series for 48 fault types, as well as a 
fault-free configuration. 

● Each time series has 29 dimensions, corresponding to control commands 
and sensor measurements.

● Data is recorded every minute over a 365-day period. 

Granderson, J., Lin, G., Chen, Y., Casillas, A., Im, P., Jung, S., ... & Vrabie, D. (2022). LBNL fault detection and 
diagnostics datasets (No. 5763). DOE Open Energy Data Initiative (OEDI); Lawrence Berkeley National 
Lab.(LBNL), Berkeley, CA (United States).

.

                     Dataset: LBNL Fault Detection and Diagnostics Data Sets
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Granderson, J., Lin, G., Chen, Y., Casillas, A., Im, P., Jung, S., ... & Vrabie, D. (2022). LBNL fault detection and 
diagnostics datasets (No. 5763). DOE Open Energy Data Initiative (OEDI); Lawrence Berkeley National 
Lab.(LBNL), Berkeley, CA (United States).

.

                     Dataset:  Control commands and sensor measurements
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● Capable of modeling complex patterns in sequential or unstructured data. 

● Increasing potential in anomaly detection.

● LLMs can uncover factors that influence anomalies. 

● New approaches to understanding the underlying causes of system failures.

● There exist a wide variety of LLMs with different architectures, requirements 
and specialization.
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● Use LLMs to select the variables (features) relevant for different variants of 
anomaly classification problems. 

● Evaluate the quality of the predictions using classifiers on the selected 
features

● Ask the LLM to provide the rationale behind its variable selection. 

● Compare different LLMs for this task.

                             Research Goals
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Table 1: Fault diagnosis problems considered in this paper. In every problem a
fault-free class is added.
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                             Steps in the problem solution
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●  ROCKET:  one of the fastest classifiers, uses convolutional kernels.

●  Arsenal: , which is an ensemble of ROCKET classifiers.

● CAnonical Time-series CHaracteristics (Catch22) method:  It comprises $22$ 
informative features with low redundancy, extracted from time series data.

● TS_forest algorithm builds an ensemble of tree classifiers based on summary 
statistics of randomly selected intervals.

● Random forest classifier that first flattens the 2-dimensional dataset 
comprising the time series, and then learns from the set of flatten vectors.

                             Classifiers
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                             Prompt definition
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Left) Number of variables selected 
by each model in each anomaly 
classification problem. 

Right) Average F-score achieved 
by the classifiers using the selected 
variables.
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          Explanations for Problem 2:   “Heating coil fouling water-side” 
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● We have evaluated six LLMs alongside five time-series classifiers.

● LLMs significantly enhance feature selection for anomaly classification.

● Among the models, MetaMath-Mistral-7B proved the most effective. 

● LLMs identify latent factors in the anomalies and provide explanations.

● Future work will investigate other anomaly problem and evaluate the  
combination of different LLMs (e.g. using stacking).


