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Abstract
In confronting the pressing issue of climate change, we introduce "CausalPrompt", a prompting 

strategy that adapts large language models (LLMs) for classification and regression tasks through 
the application of weakly supervised causal reasoning. We delve into the complexities of data shifts 

within energy systems, often resulting from the dynamic evolution of sensor networks, leading to 
discrepancies between training and test data distributions or feature inconsistencies. By embedding 

domain-specific reasoning in the finetuning process, CausalPrompt significantly bolsters the 
adaptability and resilience of energy systems to these shifts. We show that CausalPrompt 

significantly enhances predictions in scenarios characterized by feature shifts, including electricity 
demand, solar power generation, and cybersecurity within energy infrastructures. 

Methodology
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Table 1: RMSEs with and without (w/o) feature shifts on datasets 1 and 2. (Lower is better.)
The best results are in bold, and the second best are underlined.

Dataset CP1 (ours) CP2 (ours) LIFT GPR LR MLP KNN DTR

Electric demand dataset (w/o shift) 0.25 0.40 0.41 0.15 0.50 0.23 0.17 0.15

Electric demand dataset (with shift) 0.41 0.60 2.63 0.96 0.92 3.16 0.71 0.72

Solar power prediction (w/o shift) 83.90 178.81 182.29 121.48 215.92 147.20 109.07 122.07
Solar power prediction (with shift) 121.01 304.57 359.36 280.42 216.52 333.60 287.42 299.36

Table 2: Accuracy (%) on the cybersecurity dataset with and without (w/o) feature shifts.

(Higher is better.)
Dataset CP1 (ours) CP2 (ours) LIFT LSTM GRU RNN

Substation cyber-attack (w/o shift) 64.28 35.72 21.42 35.71 35.71 35.71
Substation cyber-attack (with shift) 57.14 28.57 7.15 14.29 28.57 21.43

2. CausalPrompt2 (CP2): In CP2, domain expert reasoning is appended after the label. The LLM
is fine-tuned to first produce the label followed by the domain expert reasoning.

Note that the domain expert reasoning used in both CP1 and CP2 might not always be precisely
accurate or fully representative of the underlying causal process. Instead, these reasoning serve as
augmented, albeit weak, indicators. This concept aligns with the principles of weakly supervised
learning, where the provided labels are not necessarily exact but are still utilized for training pur-
poses. We validate the effectiveness of the proposed CausalPrompt method on three datasets.

1. Dataset 1: Electric demand dataset. We create a synthetic dataset for hourly electricity de-
mands over 2 months. We assume the dual peak model Zanocco et al. (2022), where every day
has a morning and evening electric demand peak with prominent peaks on weekdays. The goal
is to predict the electricity demand given the time. One example of the CP2 prompt with labels
and reasoning is: If time of day is 15:00, what is the electricity demand in KW? The demand is
1.588980326396931. The demand is medium because it’s afternoon and the regular time.

2. Dataset 2: Solar power prediction. We consider a solar power generation dataset from the
CityLearn challenge Vazquez-Canteli et al. (2020). We take the first three months of hourly solar
power generation data from climate zone 1. The goal is to predict solar power generation from
a solar cell given the time. One example of the CP2 prompt with labels and reasoning is: If the
time of day is Jan 01, 06:30, what is the inverter power produced in W? the production is low,
which is 0.0. Probably because there is an overcast or it is not close to noon.

3. Dataset 3: Substation cyber-attack. The third dataset is the cyber-attack data on the IEC–61850
communication protocol, which is commonly used in digital substations for communication be-
tween the merging units Mackiewicz (2006). We specifically consider the data injection (DI) and
the network error (NE) attacks in the IEC-61850 protocol for the Sampled Value signals. The
goal is to predict whether the substation is under DI attack, NE attack, or is normal given the
stream of sampled value counts. The dataset and the domain expert reasoning are from Zaboli
et al. (2023). The following two examples are of CP2 training prompts for both attacks:
(a) The following is the stream of sampled value counts: 2141, 2142, 2143, 2144, 2145, 2146,

2145, 2148, 2149, 2150, 2151, It is a data network error attack because the stream doesn’t
increment by 1 every time.

(b) The following is the stream of sampled value counts: 4789, 4790, 4791, 4792, 4793, 4794,
4795, 4796, 4797, 4798, 4799, 4800, It is a data injection attack because there are values
out of bound (0, 4799).

Training. After the data are converted into sentences, we randomly shuffle the sentences (data
points) and sample 50% of them for training, 25% for testing, and 25% for validation. In this study,
we fine-tune the OpenAI GPT-3.5 Turbo model using OpenAI’s API.

Testing under feature shifts. The prediction of a test data is parsed from the fine-tuned LLM’s
response to the corresponding prompt. We test the fine-tuned model under two settings: 1) without
(w/o) feature shifts and 2) with feature shifts. For without feature shifts, the model is fine-tuned
and tested using the same template. For instance, for dataset 2 in CP2 style without feature shift,
the model is prompted: If the time of day is Jan 01, 06:30, what is the inverter power produced
in W? The LLM then responds with a label and the corresponding causal reasoning. On the other
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Table 1: RMSEs with and without (w/o) feature shifts on datasets 1 and 2. (Lower is better.)
The best results are in bold, and the second best are underlined.

Dataset CP1 (ours) CP2 (ours) LIFT GPR LR MLP KNN DTR

Electric demand dataset (w/o shift) 0.25 0.40 0.41 0.15 0.50 0.23 0.17 0.15

Electric demand dataset (with shift) 0.41 0.60 2.63 0.96 0.92 3.16 0.71 0.72

Solar power prediction (w/o shift) 83.90 178.81 182.29 121.48 215.92 147.20 109.07 122.07
Solar power prediction (with shift) 121.01 304.57 359.36 280.42 216.52 333.60 287.42 299.36

Table 2: Accuracy (%) on the cybersecurity dataset with and without (w/o) feature shifts.

(Higher is better.)
Dataset CP1 (ours) CP2 (ours) LIFT LSTM GRU RNN

Substation cyber-attack (w/o shift) 64.28 35.72 21.42 35.71 35.71 35.71
Substation cyber-attack (with shift) 57.14 28.57 7.15 14.29 28.57 21.43

2. CausalPrompt2 (CP2): In CP2, domain expert reasoning is appended after the label. The LLM
is fine-tuned to first produce the label followed by the domain expert reasoning.

Note that the domain expert reasoning used in both CP1 and CP2 might not always be precisely
accurate or fully representative of the underlying causal process. Instead, these reasoning serve as
augmented, albeit weak, indicators. This concept aligns with the principles of weakly supervised
learning, where the provided labels are not necessarily exact but are still utilized for training pur-
poses. We validate the effectiveness of the proposed CausalPrompt method on three datasets.

1. Dataset 1: Electric demand dataset. We create a synthetic dataset for hourly electricity de-
mands over 2 months. We assume the dual peak model Zanocco et al. (2022), where every day
has a morning and evening electric demand peak with prominent peaks on weekdays. The goal
is to predict the electricity demand given the time. One example of the CP2 prompt with labels
and reasoning is: If time of day is 15:00, what is the electricity demand in KW? The demand is
1.588980326396931. The demand is medium because it’s afternoon and the regular time.

2. Dataset 2: Solar power prediction. We consider a solar power generation dataset from the
CityLearn challenge Vazquez-Canteli et al. (2020). We take the first three months of hourly solar
power generation data from climate zone 1. The goal is to predict solar power generation from
a solar cell given the time. One example of the CP2 prompt with labels and reasoning is: If the
time of day is Jan 01, 06:30, what is the inverter power produced in W? the production is low,
which is 0.0. Probably because there is an overcast or it is not close to noon.

3. Dataset 3: Substation cyber-attack. The third dataset is the cyber-attack data on the IEC–61850
communication protocol, which is commonly used in digital substations for communication be-
tween the merging units Mackiewicz (2006). We specifically consider the data injection (DI) and
the network error (NE) attacks in the IEC-61850 protocol for the Sampled Value signals. The
goal is to predict whether the substation is under DI attack, NE attack, or is normal given the
stream of sampled value counts. The dataset and the domain expert reasoning are from Zaboli
et al. (2023). The following two examples are of CP2 training prompts for both attacks:
(a) The following is the stream of sampled value counts: 2141, 2142, 2143, 2144, 2145, 2146,

2145, 2148, 2149, 2150, 2151, It is a data network error attack because the stream doesn’t
increment by 1 every time.

(b) The following is the stream of sampled value counts: 4789, 4790, 4791, 4792, 4793, 4794,
4795, 4796, 4797, 4798, 4799, 4800, It is a data injection attack because there are values
out of bound (0, 4799).

Training. After the data are converted into sentences, we randomly shuffle the sentences (data
points) and sample 50% of them for training, 25% for testing, and 25% for validation. In this study,
we fine-tune the OpenAI GPT-3.5 Turbo model using OpenAI’s API.

Testing under feature shifts. The prediction of a test data is parsed from the fine-tuned LLM’s
response to the corresponding prompt. We test the fine-tuned model under two settings: 1) without
(w/o) feature shifts and 2) with feature shifts. For without feature shifts, the model is fine-tuned
and tested using the same template. For instance, for dataset 2 in CP2 style without feature shift,
the model is prompted: If the time of day is Jan 01, 06:30, what is the inverter power produced
in W? The LLM then responds with a label and the corresponding causal reasoning. On the other
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Prompt describing features
If the time of day is Jan 09, 
02:30, what is the inverter 

power produced in W?

Answer describing the label

The production is 0.0.

a) LIFT training prompts

b) CausalPrompt1 (CP1)

Prompt describing features
If the time of day is Jan 09, 
02:30, what is the inverter 

power produced in W?

Answer describing the label
The production is low, which 

is 0.0.

Domain expert reasoning

Because the sun is down.

c) CausalPrompt2 (CP2)

Domain expert reasoning
The production is low when 

the sun is down. 

Answer describing the label

The production is 0.0.

Prompt describing features
If the time of day is Jan 09, 
02:30, what is the inverter 

power produced in W?

Figure 1: Comparison between CausalPrompt and LIFT. Prompts are in red while answers are
in blue. Domain expert reasonings are shaded.

for regression and classification tasks, showcasing remarkable efficacy. The core mechanism of
LIFT involves a manually designed translation template that converts numerical features and their
corresponding labels into natural language sentences, on which an LLM is fine-tuned. Subsequently,
the fine-tuned LLM is prompted with feature descriptions of test data generated using the same
template to predict the corresponding labels.

Despite its effectiveness, LIFT faces challenges with feature and distribution shifts, which are preva-
lent in energy systems due to the increasing reliance on renewable sources, climate change, and the
evolution of sensor networks. The ability of predictive models to remain robust and deliver accu-
rate predictions despite perturbations is crucial. This resilience ensures continuous operation and
optimization of energy sources, contributing significantly to reducing carbon emissions and com-
bating climate change. This paper focuses on the resilience of predictive models like LIFT in the
face of such shifts, especially regarding energy production, consumption, and cyberattack detection.
We found that LIFT’s performance significantly deteriorates under feature shifts (See Table 1 and
2). This weakness highlights the critical gap in leveraging the knowledge and semantic reasoning
capabilities derived from large pretraining corpora for LLMs fine-tuned by LIFT.

To address this limitation, we introduce a novel enhancement to LIFT through the integration of
causal reasoning during finetuning, facilitated by the incorporation of domain expert reasonings,
akin to the idea of weakly supervised learning Zhou (2018). We call our method CausalPrompt.
Our results demonstrate that this enhancement leads to a substantial improvement in LIFT’s per-
formance, not only in standard operating scenarios but also under feature shifts. By enhancing the
robustness of predictive models against these challenges, we hope that CausalPrompt can be used to
improve the reliability of energy grids and support broader climate change mitigation strategies.

2 METHODOLOGY AND EXPERIMENTAL SETUP

LIFT converts each training data sample into a single sentence with a fixed template and then fine-
tunes the LLM with the sentences to predict labels. To enhance LIFT for feature shifts prevalent
in energy systems, our idea is to induce causal reasoning in the LLMs Wei et al. (2022); Yao et al.
(2023); Sel et al. (2023). We introduce our novel prompting method: CausalPrompt, where we
induce domain expert reasoning in the prompts during fine-tuning. The main idea is to expose
the model to causal reasoning for the observed labels. See Figure 1 for a direct comparison of
CausalPrompt and LIFT. We use two different styles of prompts to fine-tune:

1. CausalPrompt1 (CP1): CP1 incorporates domain expert reasoning at the beginning of the train-
ing prompt. The LLM is fine-tuned to utilize both the query and the domain expert reasoning to
generate the corresponding label.
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Table 1: RMSEs with and without (w/o) feature shifts on datasets 1 and 2. (Lower is better.)
The best results are in bold, and the second best are underlined.

Dataset CP1 (ours) CP2 (ours) LIFT GPR LR MLP KNN DTR

Electric demand dataset (w/o shift) 0.25 0.40 0.41 0.15 0.50 0.23 0.17 0.15

Electric demand dataset (with shift) 0.41 0.60 2.63 0.96 0.92 3.16 0.71 0.72

Solar power prediction (w/o shift) 83.90 178.81 182.29 121.48 215.92 147.20 109.07 122.07
Solar power prediction (with shift) 121.01 304.57 359.36 280.42 216.52 333.60 287.42 299.36

Table 2: Accuracy (%) on the cybersecurity dataset with and without (w/o) feature shifts.

(Higher is better.)
Dataset CP1 (ours) CP2 (ours) LIFT LSTM GRU RNN

Substation cyber-attack (w/o shift) 64.28 35.72 21.42 35.71 35.71 35.71
Substation cyber-attack (with shift) 57.14 28.57 7.15 14.29 28.57 21.43

2. CausalPrompt2 (CP2): In CP2, domain expert reasoning is appended after the label. The LLM
is fine-tuned to first produce the label followed by the domain expert reasoning.

Note that the domain expert reasoning used in both CP1 and CP2 might not always be precisely
accurate or fully representative of the underlying causal process. Instead, these reasoning serve as
augmented, albeit weak, indicators. This concept aligns with the principles of weakly supervised
learning, where the provided labels are not necessarily exact but are still utilized for training pur-
poses. We validate the effectiveness of the proposed CausalPrompt method on three datasets.

1. Dataset 1: Electric demand dataset. We create a synthetic dataset for hourly electricity de-
mands over 2 months. We assume the dual peak model Zanocco et al. (2022), where every day
has a morning and evening electric demand peak with prominent peaks on weekdays. The goal
is to predict the electricity demand given the time. One example of the CP2 prompt with labels
and reasoning is: If time of day is 15:00, what is the electricity demand in KW? The demand is
1.588980326396931. The demand is medium because it’s afternoon and the regular time.

2. Dataset 2: Solar power prediction. We consider a solar power generation dataset from the
CityLearn challenge Vazquez-Canteli et al. (2020). We take the first three months of hourly solar
power generation data from climate zone 1. The goal is to predict solar power generation from
a solar cell given the time. One example of the CP2 prompt with labels and reasoning is: If the
time of day is Jan 01, 06:30, what is the inverter power produced in W? the production is low,
which is 0.0. Probably because there is an overcast or it is not close to noon.

3. Dataset 3: Substation cyber-attack. The third dataset is the cyber-attack data on the IEC–61850
communication protocol, which is commonly used in digital substations for communication be-
tween the merging units Mackiewicz (2006). We specifically consider the data injection (DI) and
the network error (NE) attacks in the IEC-61850 protocol for the Sampled Value signals. The
goal is to predict whether the substation is under DI attack, NE attack, or is normal given the
stream of sampled value counts. The dataset and the domain expert reasoning are from Zaboli
et al. (2023). The following two examples are of CP2 training prompts for both attacks:
(a) The following is the stream of sampled value counts: 2141, 2142, 2143, 2144, 2145, 2146,

2145, 2148, 2149, 2150, 2151, It is a data network error attack because the stream doesn’t
increment by 1 every time.

(b) The following is the stream of sampled value counts: 4789, 4790, 4791, 4792, 4793, 4794,
4795, 4796, 4797, 4798, 4799, 4800, It is a data injection attack because there are values
out of bound (0, 4799).

Training. After the data are converted into sentences, we randomly shuffle the sentences (data
points) and sample 50% of them for training, 25% for testing, and 25% for validation. In this study,
we fine-tune the OpenAI GPT-3.5 Turbo model using OpenAI’s API.

Testing under feature shifts. The prediction of a test data is parsed from the fine-tuned LLM’s
response to the corresponding prompt. We test the fine-tuned model under two settings: 1) without
(w/o) feature shifts and 2) with feature shifts. For without feature shifts, the model is fine-tuned
and tested using the same template. For instance, for dataset 2 in CP2 style without feature shift,
the model is prompted: If the time of day is Jan 01, 06:30, what is the inverter power produced
in W? The LLM then responds with a label and the corresponding causal reasoning. On the other
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Prompt describing features
If the time of day is Jan 09, 
02:30, what is the inverter 

power produced in W?

Answer describing the label

The production is 0.0.

a) LIFT training prompts

b) CausalPrompt1 (CP1)

Prompt describing features
If the time of day is Jan 09, 
02:30, what is the inverter 

power produced in W?

Answer describing the label
The production is low, which 

is 0.0.

Domain expert reasoning

Because the sun is down.

c) CausalPrompt2 (CP2)

Domain expert reasoning
The production is low when 

the sun is down. 

Answer describing the label

The production is 0.0.

Prompt describing features
If the time of day is Jan 09, 
02:30, what is the inverter 

power produced in W?
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Table 3: Percentage (%) drop in the performance after feature shift in the test set. (* - not
applicable). (Lower is better.)
Dataset CP1 CP2 LIFT GPR LR MLP KNN DTR LSTM GRU RNN

Electric demand dataset 64.00 50.00 541.46 540.00 80.39 1216.67 343.75 380.00 * * *
Solar power prediction 44.23 70.33 97.13 130.83 0.27 126.63 163.51 145.23 * * *
Substation cyber-attack 11.10 20.01 66.61 * * * * * 59.98 20.01 40.00

hand, when there is feature shift, the template is modified. We provide samples of how the LLM is
prompted in CP2 style under feature shift for testing, Dataset 1. If time of day is 1 hours and 30
minutes after midday, what is the electricity production? Dataset 2. if time of day is 2 hours and 30
minutes before midnight, what is the electricity production? Dataset 3. The following is the stream
of sampled value counts subtracted from 4799: [-90, -91, -92, -93, -94, -95, -96, -97, -98, -99, -100,
-101]. In all the above cases, the feature descriptions and values are different from what the LLM
saw during fine-tuning, simulating the feature shift.

Evaluation metrics and baselines. For the evaluation metrics, we use root mean square error
(RMSE) for the regression tasks (i.e., datasets 1 and 2) to compare CausalPrompt with LIFT, Gaus-
sian Process regression (GPR), linear regression (LR), multi-layer perceptron (MLP), K-nearest-
neighbors (KNN) regression, and decision tree regression (DTR); we use accuracy for the classi-
fication task (dataset 3) to compare with LIFT, long short term memory (LSTM), recurrent neural
network (RNN), and gated recurrent unit (GRU) since packet data are of varying lengths. For base-
lines other than LIFT, data is made of extracted numerics from the converted sentences. If the test
data with feature shift has fewer features than the training data, the missing features are dummy-
filled with zero. For example, the month and date are filled with zero for dataset 2 when tested under
feature shift because they were present in the training prompt but absent in the testing prompt.

3 EXPERIMENTAL RESULTS AND DISCUSSION

Tables 1, 2, and 3 show the effectiveness of CausalPrompt and its robustness to feature shifts com-
pared with baselines. For the electric demand dataset, we can see from Table 1 that CP1 and CP2
are comparable with all the other baselines when there is no feature shift in the test set. However,
when tested with feature shift, the drop in performance is significant for all baselines (Table 3). No-
tably, the performance drops are lowest for CP1 and CP2, highlighting the robustness of our training
prompts to feature shifts.

For solar power prediction, we see similar trends in Table 1 with comparable or better performance
compared to other baselines. The RMSE is lowest for CP1 for both with and without feature shifts.
Moreover, the performance drop for both CP1 and CP2 is the lowest, as seen in Table 3. The
exception is the LR baseline, which did equally bad before and after the feature shift, making the
performance drop negligible. We also see similar trends on the classification task on the cyber-attack
dataset in Table 2.

Discussion. Incorporating causal reasoning into training prompts enhances the LIFT framework,
mitigating degradation from feature shift. This improvement stems from exposing the model to
causal relationships between features and labels via domain expert reasoning during fine-tuning.
While baselines have comparable or superior performance to CausalPrompt (CP1 and CP2) without
feature shifts, their performance significantly declines under feature shifts, underscoring the need
for semantic feature understanding to maintain accuracy despite changes in feature descriptions.

Limitations. Although CausalPrompt reduces the impact of feature shifts, its performance also
degrades. Even with smaller degradation compared to other baselines, its application to safety-
critical settings will be limited. Moreover, CausalPrompt relies on domain expert reasoning, which
is not always available. Another limitation is the cost of fine-tuning on the current OpenAI API. Our
fine-tuning experiments cost a total of around 50 USD. We anticipate that as open-source models
advance, our method could be applied to these models without high fine-tuning costs.
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