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1. Anomaly classification and FCU

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

e Inindustrial settings it is also important to understand their impact on
other system components.

e Identifying the causal relationships between an anomaly and its effects is
vital for effective damage control and system improvement.
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Chen et al. 2022. A simulation-based method to analyze fan coil unit fault impac
vol. 128, no Part 2.

Anomaly classification and FCU

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)
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1. Anomaly classification and FCU

Dataset: LBNL Fault Detection and Diagnostics Data Sets

e It encompasses simulated time series for 48 fault types, as well as a
fault-free configuration.

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

e Datais recorded every minute over a 365-day period.

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




1. Anomaly classification and FCU

Dataset: Control commands and sensor measurements

NO. Data point name Description Unit :oai:itc?
X REY.LTRL ::cg::e::tr;t/rsot—:tr::cdkji)hutdown) gz:::;:::n' HRe 4
2 FAN_CTRL FCU fan operation mode (Auto/Cycle/ON) 1-Auto, 2-Off N
3 RM_TEMP Room temperature °F Y
4 RMCLGSPT Room cooling setpoint *F Y
5 RMHTGSPT Room heating setpoint °F Y
6 FCU_MAT FCU mixed air temperature °F N
7 FCU_DAT FCU discharge air temperature °F N
8 FCU_RAT FCU return air temperature °F N
9 FCU_CVLV FCU cooling coil valve position Open(0-1) N

Granderson, J., Lin, G., Chen, Y., Casillas, A., Im, P., Jung, S., ... & Vrabie, D. (202
diagnostics datasets (No. 5763). DOE Open Energy Data Initiative (OEDI); Lawr



2. Large language models

e Capable of modeling complex patterns in sequential or unstructured data.
e Increasing potential in anomaly detection.
e LLMs can uncover factors that influence anomalies.

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

e There exist a wide variety of LLMs with different architectures, requirements
and specialization.




2. Large language models

Research Goals

e Use LLMs to select the variables (features) relevant for different variants of
anomaly classification problems.

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

e Askthe LLM to provide the rationale behind its variable selection.

Compare different LLMs for this task.




2. Large language models

Table 2: Main characteristics of the LLMs used in our study.

name parameters|Context|Ref.|Availability
Qwen2.5-1.5B 1.5B|  128k|[22] .
Qwen2.5-Coder-7B 7B|  128k|[22] .
Meta-Llama-3-8B 8B 8k| (9] .
MetaMath-Mistral-7B 8B 8k|[23] .
Deepseek-coder-1.3b 1.3B 4k| [12] :
Deepseek-coder-7b 6.78 16k|[12 ¥

https://qwenlm.github.io/blog /qwen2.5/

2 htt ps://github.com /meta-llama/llama3 /blob /main /MODEL_CARD .md
https //mistral.ai/news/mixtral-of-experts/
https //huggingface.co/deepseek-ai/deepseek-coder-1.3b-instruct

-
1LLps: mmgaingliace.co/c CpsCceK-al cepsceK-codeoer- -1nstruct-vi.o
5 https://huggingface.co/d eepseek-ai/deepseek-coder-7h-instruct-v1.5




3. Experimental framework and results

Index|Problem n. classes
1|{OADMPRLeak 4
2|OADMPRStuck 6
3|VLVLeak_Heating 4
4|VLVStuck_Heating 6
5|/VLVLeak_Cooling 4
6|VLVStuck_Cooling 6
7|SensorBias_RMTemp 5
8|Fouling_Cooling_Airside 4
9|Fouling_Cooling_Waterside 4

10|Fouling_Heating_Airside 4
11|Fouling_Heating_Waterside 1
12|FilterRestriction 4

Table 1: Fault diagnosis problems considered in this paper
fault-free class is added.




3. Experimental framework and results

Steps in the problem solution

1. A prompt is passed to the LLM with information about the anomaly that
has to be classified and a description of the 29 variables that define the
problem.

2. The prompt is asked to select a subset of the original variables that is relevant
for the anomaly detection problem and explain the rationale behind the
selection of these variables.

3. A supervised classifier is trained on a training dataset to solve the classifi-
cation problem using the variables selected by the LLM.

4. The accuracy of the classifier is tested using a test dataset and the F-score
is calculated.

5. An analysis of the explanations given by the classifier to support the variable
selection is made.




3. Experimental framework and results

Classifiers

e ROCKET: one of the fastest classifiers, uses convolutional kernels.
e Arsenal:, which is an ensemble of ROCKET classifiers.

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

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

e Random forest classifier that first flattens the 2-dimension
comprising the time series, and then learns from the set




3. Experimental framework and results

Prompt definition

A fan coil unit (FCU) has a vertical four pipe hydronic configuration with a
fan that has three stage speeds: high, medium and low. The FCU is controlled to
maintain room air temperature to the thermostat heating and cooling setpoints.
You are given 29 variables that are used to monitor the system. You are also given
an anomaly of the FCU. Your task is to select which variables can be relevant
to detect the anomaly of the FCU and explain why. The variables, together with
their meaning, are the following: ...




by the classifiers using the selected

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

Right) Average F-score achieved
variables.
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3. Experimental framework and results



3. Experimental framework and results

Prob.|All Vars.[Q2.5-1.5B|Q2.5-Coder-7B|MLI-3-8 B| MM-Mistral-7B |DS-coder-1.3b|DS-coder-7b
1 0.64 0.24 0.67 0.67 0.63 0.24 0.51
2 0.95 0.18 0.37 0.26 0.98 0.33 0.18
3 0.99 0.40 0.58 0.62 0.99 0.40 0.60
4 0.95 0.85 0.22 0.23 0.98 0.84 0.23
5 1.00 0.99 0.45 1.00 0.98 0.37 0.99
6 0.91 0.35 0.23 0.40 0.30 0.35 0:21
7 0.86 0.07 0.36 0.38 0.07 0.32 0.22
8 0.68 0.65 0.27 0.52 0.26 0.69 0.27
9 0.37 0.23 0.22 0.13 0.40 0.13 0.22
10 0.68 0.14 0.14 0.50 0.69 0.26 0.32
11 0.27 0.16 0.17 0.15 0.29 0.18 0.15
12 0.68 0.26 0.26 0.28 0.17 0.17 0.67

Table 3: Comparison of F-score values on subsets variables found by LLMs when
the TS _forest classifier is used.




3. Experimental framework and results

Prob.|All Vars.|Q2.5-1.5B|Q2.5-Coder-7B|MLI-3-8 B| MM-Mistral-7B |DS-coder-1.3b|DS-coder-7b
1 0.48 0.25 0.37 0.40 0.48 0.25 0.49
2 0.57 0:17 0.24 0.25 0.82 0.29 0.17
3 0.76 0.27 0.50 0.64 0.76 0.27 0.48
4 0.56 0.60 0.18 0.20 0.54 0.33 0.26
5 0.86 0.87 0.38 0.95 0.86 0.27 0.47
6 0.64 0.29 0.23 0.36 0.19 0.30 0.08
7 0.64 0.20 0.30 0.21 0.07 0.20 0.19
8 0.49 0.54 0.27 0.45 0.26 0.53 0.27
9 0.26 0.20 0.25 0.25 0.24 0.25 0.24
| 0.51 0.25 0.25 0.25 0.49 0.25 0.25
11 0.23 0.19 0.23 0.24 0.23 0.24 0.24
12 0.50 0.31 0.25 0.25 0.10 0.25 0.61

Table 4: Comparison of F-score values on subsets of variables found by LLMs
when the ROCKET classifier is used.




3. Experimental framework and results
Explanations for Problem 2: “Heating coil fouling water-side”

— The variables that could be relevant to detect the anomaly are those that are
related to the water flow rate, the fan speed, and the humidity.

— The anomaly s related to the water flow rate and the heat transfer rate.
The wvariables that are related to the water flow rate are FCU_CVLV_DM,
FCU_HVLV_DM, FCU_.CLG_GPM, and FCU_HTG_GPM. The variables that
are related to the heat transfer rate are FCU_DA_CFM, FCU_OA_CFM, and

FCU_DMPR_DM.
— The anomaly is also related to the fan power consumption. The variable that

15 related to the fan speed is FCU_SPD.
— The anomaly s related to the humadity. The variables that are related to the
humidity are FCU_MA_HUMD, FCU_.OA_HUMD, and FCU_DA_HUMD.




4. Conclusions and future work

e We have evaluated six LLMs alongside five time-series classifiers.

e LLMs significantly enhance feature selection for anomaly classification.
e Among the models, MetaMath-Mistral-7B proved the most effective.

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

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




