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Abstract
We tackle the problem of forecasting building temperature time series using exogenous variables (weather and
setpoints) from the ICML Co-Build Challenge. We evaluate NLinear and DLinear models—efficient, interpretable
linear forecasting baselines. Our best model achieves a mean absolute error (MAE) of 0.22498 and mean squared
error (MSE) of 0.43481 on 10,563 samples of the official test set, reliably predicting temperature dynamics. Due
to technical issues, we were unable to evaluate on the full test set, which is larger. The entire study is anchored
around performance on this official benchmark, as required by the challenge.

1. Introduction

Forecasting indoor temperature is vital for smart building
management, energy optimization, and occupant comfort.
Predictive temperature modeling enables proactive control
strategies, demand response, and cost savings. The ICML
Co-Build Challenge (? ) provides a unique setting to test
forecasting algorithms under strict exogenous-only con-
straints, simulating real-world deployment where ground
truth labels are unavailable in production.

The primary objective of this work is to test whether strong,
interpretable linear baselines (NLinear and DLinear) can
achieve competitive accuracy on the official challenge test
set—where no validation temperature data is accessible
during modeling. All results and discussion center on this
main evaluation.

2. Dataset and Task Description

The original dataset was provided as a single block and split
as follows:

* Training split: 36,105 samples, used for fitting model
parameters.

* Validation split: 10,275 samples, used for early stop-
ping and tuning. This set was not used for contest
evaluation.
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» Official Test split: Intended to be larger, but only
10,563 samples were evaluated due to technical issues.
This set was reserved for final, blind evaluation as
required by the conference, and its ground-truth labels
were never accessed during model design or tuning.

This long-range forecasting task is challenging due to po-
tential distribution shifts (e.g., seasonal change, anomalous
weather), complex temporal dependencies, and the lack of
autoregressive ground truth during validation.

2.1. Contest Rules and Evaluation

Participants must predict the full temperature sequence for
the validation period using only exogenous data. Direct
or indirect use of validation temperatures during training
is forbidden. Any other modeling is allowed, including
external data, simulation, or pretraining.

Submissions may provide:

* Pointwise predictions,
* Histogram distributions,

* Mean and standard deviation per time step.

MAE is the main metric for point/histogram outputs; KL
divergence is used for mean/std submissions. Evaluations
prioritize prediction duration, accuracy, modeling novelty,
and reproducibility.

2.2. Challenges

* Long-term prediction: Validation spans six months,
challenging model generalization.
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* Exogenous-only input: Models cannot rely on recent
temperature history during validation.

* Multiple time scales: Daily and weekly cycles, holi-
day effects, and potential system regime changes.

 Potential data gaps: Real-world building datasets may
have missing or noisy records.

3. Methodology

We explore two linear baseline models—NLinear and DLin-
ear—which are competitive alternatives to deep learning
architectures in long sequence forecasting.

3.1. NLinear: Normalized Linear Forecasting

NLinear is a direct linear regression model with a normaliza-
tion step to offset recent value shifts. For each time window
X € REXC where L is input length and C'is channel count,
the last value xy, is subtracted to center the window:

X/:X—J‘L

A learnable projection W maps X’ to future predictions,
which are then de-normalized by adding =

X =WX' +zx L
This centering operation improves robustness to nonstation-
arity.
3.2. DLinear: Decomposed Linear Forecasting

DLinear introduces a trend/seasonal decomposition before
prediction. Each input series is split as:

X = Xtrend + Xseasonal

A moving average estimates Xy g. Each component is
linearly forecasted:

X = I/Vtrend)(lrr:nd + Wseasona]Xseasonal

This allows DLinear to explicitly capture both long-term
trends and periodic effects.

3.3. Implementation Details

Both models were implemented in PyTorch. Training used
the Adam optimizer with a learning rate of 1 x 1073, batch
size of 64, and early stopping based on validation loss. No
data augmentation or external data sources were used in this
baseline study.

Both the input sequence length and output prediction
length are set to 96 time steps (typically corresponding to
four days). At each prediction instance, the model receives

96 consecutive historical exogenous data points (weather
and setpoints), and forecasts the next 96 temperature values.
This setup matches the contest’s direct multi-step predic-
tion framework. Feature normalization was performed per
variable using statistics from the training set.

3.4. Limitations and Extensions

These linear models, though efficient and interpretable, can-
not model nonlinear dependencies or interactions between
multiple exogenous features. In future work, we propose
adding lightweight neural modules (e.g., nonlinear activa-
tion, shallow MLP layers) or hybrid approaches (e.g., en-
sembling with tree-based regressors).

4. Evaluation Metrics

n

1 n A 1 A
MAE = EZLUZ' —9i|, MSE = EZ(Z% —4i)°

i=1 =1

For probabilistic predictions, we also report KL divergence
between predicted and true temperature distributions.

5. Results

Table 1 summarizes the performance of both models. For
transparency, we report results on the training split (36,105
samples), the validation split (10,275 samples), and the
official contest test set (10,563 samples). Note: The official
test set is larger, but due to technical constraints only
10,563 samples were evaluated. The reported metrics
correspond to this subset.

Table 1. Performance of NLinear and DLinear. Official test (con-
test) results are bolded.

Model Split Size MAE MSE
NLinear Training 36,105 0.0618469 —
DLinear Training 36,105 0.0659923 -
NLinear Validation 10,275 0.2529 0.4665
DLinear Validation 10,275 0.2784 0.4744
NLinear Official Test (Contest) 10,563 0.22498 0.43481
DLinear Official Test (Contest) 10,563 0.25608 0.45708

5.1. Purpose of the Work and Required Contest
Evaluation

The Official Test split (last two rows in Table 1) is the only
contest-required benchmark. Training and validation splits
were used for fitting and tuning only, and their results are
shown for transparency. The main purpose of this work is to
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achieve strong, blind performance on the official test set, as
required by the ICML Co-Build Challenge. We note that,
due to technical issues, only 10,563 test samples were
evaluated; the official test set is larger.

6. Discussion

Our results show that strong, interpretable linear base-
lines can compete with deep learning methods for building
temperature forecasting under exogenous-only constraints.
NLinear’s normalization is particularly effective in environ-
ments with local level shifts, while DLinear’s decomposition
is robust for capturing seasonality.

Potential applications: These models are ideal for edge
deployment in building management systems, where com-
pute and memory are limited and interpretability is essential.
Their structure also enables easy model auditing and fea-
ture importance analysis—useful for facility operators and
engineers.

Hybridization and future extensions: Future work could
combine the strengths of linear and nonlinear models, ex-
plore transfer learning from larger building datasets, and
adapt models online as new exogenous data arrives. There
is also an opportunity to incorporate uncertainty estimation
(probabilistic forecasting) for downstream decision making.

Broader impacts: Accurate and efficient forecasting of
building temperatures can facilitate energy savings, carbon
reduction, and occupant comfort on a large scale.

7. Conclusion

This study demonstrates that carefully designed linear mod-
els (NLinear and DLinear) provide strong performance base-
lines for exogenous-only temperature forecasting tasks in
smart buildings. Despite their simplicity, they offer ef-
ficiency, interpretability, and competitive accuracy. As
building datasets grow in size and complexity, integrating
lightweight nonlinear components and leveraging transfer
learning are promising next steps.

Ultimately, this work highlights the continued relevance
of inductive bias and simplicity in time series forecast-
ing—especially where clarity and reproducibility are valued.
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v Dataset Definition

1 #@title Dataset Definition
2
3 """Smart Buildings Dataset implementation, including loading anc

SN

5
6 import json

7 import pickle

8 import shutil

9 import numpy as np
10 import requests

16 class SmartBuildingsDataset:

17 """Smart Buildings Dataset implementation, including loading ar
18

19

20 def __init_ (self, download=True):

21 self.partitions = {

22 "sb1l": [

23 "2022_a",

24 "2022_b",

25 "2023_a",

26 "2023_b",

27 "2024_a",

28 1,

29 I

30 if download:

31 self.download()

32

33

34 def download(self):

35 """Downloads the Smart Buildings Dataset from Google Cloud Sf
36 print("Downloading data...")

37

38

39 def download file(url):

40 local_filename = url.split("/")[-1]

41 with requests.get(url, stream=True) as r:
42 r.raise_for_status()

43 with open(local_filename, "wb") as f:
44 for chunk in r.iter_content(chunk_size=8192):
45 f.write(chunk)

46 return local filename

https://colab.research.google.com/drive/1H1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scroll To=P2SE-bB 1 Cmyz&printMode=true 1/17
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47
48
49 url = "https://storage.googleapis.com/gresearch/smart_buildir
50 download_file(url)
51 shutil.unpack_archive("sbl.zip", '"sbl/")

52

53

54 def get_floorplan(self, building):

55 """'Gets the floorplan and device layout map for a specific bt
56

57

58 Args:

59 building: The name of the building.

60

61

62 Returns:

63 A tuple containing the floorplan and device layout map.

64 R

65 if building not in self.partitions.keys():

66 raise ValueError("invalid building")

67 floorplan = np.load(f"./{building}/tabular/floorplan.npy")
68

69 def gdrive_to_direct_url(share_url):

70 file_id = share_url.split('/d/"') [1].split('/") [0]

71 return f"https://drive.google.com/uc?export=download&id-

72 share_url = "https://drive.google.com/file/d/19W4exC1lIfIpx6x_
73 direct_url = gdrive_to_direct_url(share_url)

74 response = requests.get(direct_url)

75 device_layout_map = response.json()

76

77 return floorplan, device_layout_map

78

79

80 def get_building_data(self, building, partition):
81 """Gets the data for a specific building and partition.
82

83

84 Args:

85 building: The name of the building.

86 partition: The name of the partition.

87

88

89 Returns:

90 A tuple containing the data and metadata.

91 R

92 if building not in self.partitions.keys():

93 raise ValueError("invalid building")

94 if partition not in self.partitions[building]:
95 raise ValueError("invalid partition")

https://colab.research.google.com/drive/1H1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scroll To=P2SE-bB 1 Cmyz&printMode=true 2/17
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path = f"./{building}/tabular/{building}/{partition}/"

data = np.load(path + "data.npy.npz")
metadata = pickle.load(open(path + "metadata.pickle", "rb"))

if "device_infos" not in metadata.keys():
metadata["device_infos"] = pickle.load(
open(f"./{building}/tabular/device_info_dicts.pickle",
)
if "zone_infos" not in metadata.keys():
metadatal["zone_infos"] = pickle. load(
open(f"./{building}/tabular/zone_info_dicts.pickle",

)

return data, metadata

v Data download and splitting

1 #@ti
2
3ds =
4
5# tr
6 data
7 floo
8
9 # va
10 data
11 floo
12

tle Data download and splitting
SmartBuildingsDataset()

aining data: Jan-June 2022
, metadata = ds.get_building_data('sb1","2022_a")
rplan, device_layout_map = ds.get_floorplan("sb1l")

lidation data: July-December 2022
_val, metadata_val = ds.get_building_data("sb1l","2022_b")
rplan_val, device_layout_map_val = ds.get_floorplan('"sbl")

13 # lets split validation data into things to predict, and exogenol

14 inde
15 temp
16 matc

18

19 inde
20 exog
21 matc

23
24 init

xes = [v for k, v in metadata_vall['observation_ids'].items()
_data = data_vall['observation_value_matrix'][:, indexes]

hing_items = [(k, v) for k, v in metadata_vall'observation_ic
17 temp_data_ids = {k: i for i, (k, v) in enumerate(matching_items)]

xes = [v for k, v in metadata_val['observation_ids'].items()
enous_observation_data = data_vall'observation_value_matrix'

]

hing_items = [(k, v) for k, v in metadata_vall'observation_ic
22 exogenous_observation_data_ids = {k: i for i, (k, v) in enumerate

ial_condition = temp_datal[0]

>~ Downloading data...

1# Train data:

2 data

['observation_value_matrix']

https://colab.research.google.com/drive/1H1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scroll To=P2SE-bB 1 Cmyz&printMode=true
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3 metadata["observation_ids"]
4 metadata["observation_timestamps"]
5
6 data['action_value_matrix']
7 metadata["action_ids"]
8
9 floorplan
10 device_layout_map
11 metadata["device_infos"]
12
13 # Validation data:
14 data_vall'action_value_matrix']
15 metadata_val["action_ids"]
16 metadata_val["observation_timestamps"]
17 floorplan
18 device_layout_map
19
20 exogenous_observation_data
21 exogenous_observation_data_ids
22 initial_condition
23
24 # Predict:
25 temp_data
26 temp_data_ids

27
28
29
30
31
32
S+ {'2760348383893915@zone_air_temperature_sensor': 0,
'2562701969438717@zone_air_temperature_sensor': 1,
'2806035809406684@zone_air_temperature_sensor': 2,
'2790439929052995@zone_air_temperature_sensor': 3,
'2628534928204590@zone_air_temperature_sensor': 4,
'2535333053617205@zone_air_temperature_sensor': 5,
'2619255661594253@zone_air_temperature_sensor': 6,
'2618781414146613@zone_air_temperature_sensor': 7,
'2613654138967436@zone_air_temperature_sensor': 8,
'2762982574975969@zone_air_temperature_sensor': 9,
'2578499186529204@zone_air_temperature_sensor': 10,
'2693289483686059@zone_air_temperature_sensor': 11,
'2549483694528743@zone_air_temperature_sensor': 12,
'2614466029028994@zone_air_temperature_sensor': 13,
'2760979770441910@zone_air_temperature_sensor': 14,
'2732460999450017@zone_air_temperature_sensor': 15,
'2549513081490212@zone_air_temperature_sensor': 16,
'2737293899563066@zone_air_temperature_sensor': 17,
'2710040674126014@zone_air_temperature_sensor': 18,
'2570355700484963@zone_air_temperature_sensor': 19,
'2779591174908667@zone_air_temperature_sensor': 20,
'2768768486087571@zone_air_temperature_sensor': 21,
'2810271246509820@zone_air_temperature_sensor': 22,
'2705858092749449@zone_air_temperature_sensor': 23,

https://colab.research.google.com/drive/IH1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scrollTo=P2SE-bB 1 Cmyz&printMode=true 4/17
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'2693840961422865@zone_air_temperature_sensor': 24,
'2740082748651605@zone_air_temperature_sensor': 25,
'2802781341872564@zone_air_temperature_sensor': 26,
'2568004980110825@zone_air_temperature_sensor': 27,
'2791846410789505@zone_air_temperature_sensor': 28,
'2651420801112308@zone_air_temperature_sensor': 29,
'2792140000757803@zone_air_temperature_sensor': 30,
'2788179547754974@zone_air_temperature_sensor': 31,
'2747395873491002@zone_air_temperature_sensor': 32,
'2618581107144046@zone_air_temperature_sensor': 33,
'2656676039327836@zone_air_temperature_sensor': 34,
'2794597849078830@zone_air_temperature_sensor': 35,
'2601599180090084@zone_air_temperature_sensor': 36,
'2546477821573302@zone_air_temperature_sensor': 37,
'2743847121700440@zone_air_temperature_sensor': 38,
'2803088381116360@zone_air_temperature_sensor': 39,
'2731964581915812@zone_air_temperature_sensor': 40,
'2684239960710884@zone_air_temperature_sensor': 41,
'2786928005384747@zone_air_temperature_sensor': 42,
'2584468317047883@zone_air_temperature_sensor': 43,
'2687242320524339@zone_air_temperature_sensor': 44,
'2612620611294283@zone_air_temperature_sensor': 45,
'2580539066022773@zone_air_temperature_sensor': 46,
'2691496710334693@zone_air_temperature_sensor': 47,
'2764530915698643@zone_air_temperature_sensor': 48,
'2658280459967125@zone_air_temperature_sensor': 49,
'2641439892024140@zone_air_temperature_sensor': 50,
'2795032460499273@zone_air_temperature_sensor': 51,
'2696593986887004@zone_air_temperature_sensor': 52,
'2728593088050266@zone_air_temperature_sensor': 53,
'2545072728476481@zone_air_temperature_sensor': 54,
'2588159730413024@zone_air_temperature_sensor': 55,

'2619215732412810@zone_air_temperature_sensor': 56,
'28123R(A12AR77750@7nne Air temneratiire csencnr':* R7.

1 import pandas as pd

2 import os

3

4 # Get temperature variable indices and names

5 temp_indices = [v for k, v in metadatal'observation_ids'].items(;

6 temp_names = [k for k, v in metadata['observation_ids'].items()

7

8 # Extract data

9 mat = data['observation_value_matrix"']

10 df = pd.DataFrame(mat([:, temp_indices], columns=temp_names)

11
12 os.makedirs('dataset', exist_ok=True)
13 csv_path = "dataset/train_temperatures.csv"

14 df.to_csv(csv_path, index=False)
15 print(f"Saved training CSV: {csv_path}")
16

S+ Saved training CSV: dataset/train_temperatures.csv

1 datal['observation_value_matrix'].shape
2

5% (51852, 1198)

https://colab.research.google.com/drive/IH1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scrollTo=P2SE-bB 1 Cmyz&printMode=true
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1 Hannunte nNporpamMMHbii KOO WM CreHEpUPYMTE ero C MoMolibio
MCKYCCTBEHHOI O WUHTENNEKTA.

1 data_vall'action_value_matrix']
2

S+ array([[290.37036133, 310.92593384, 288.79537964],
[290.37036133, 310.92593384, 288.95092773],
[290.30093384, 310.92593384, 289.04260254],

[288.70370483, 310.92593384, 289.05648804],
[288.70370483, 310.92593384, 289.00369263],
[288.70370483, 310.92593384, 289.00369263]])

1 datal['action_value_matrix']
2

S+ array([[288.70370483, 310.92593384, 291.48147583],
[288.70370483, 310.92593384, 291.48147583],
[288.70370483, 310.92593384, 291.48147583],

[289.18981934, 310.92593384, 288.69259644],

[289.32870483, 310.92593384, 288.60092163],
[289.32870483, 310.92593384, 288.60092163]])

1 datal'observation_value_matrix']

2

S+ array([[7.47240067e+00, 3.70944357e+00, 2.35973727e-02, ...,
1.00000000e+02, 0.00000000e+00, 6.85000000e+01],
[7.47240067e+00, 3.16214871e+00, 2.35973727€-02, ...,
1.00000000e+02, 0.00000000e+00, 6.83000031e+01],
[7.47240067e+00, 2.49323273e+00, 2.35973727e-02, ...,
1.00000000e+02, 0.00000000e+00, 6.83000031e+01],
[7.47240067e+00, 1.23445425e+01, 1.60112896e+01, ...,
1.00000000e+02, 0.00000000e+00, 7.41999969e+01],
[7.47240067e+00, 1.17364368e+01, 1.60698109e+01, ...,
1.00000000e+02, 0.00000000e+00, 7.44000015e+011],
[7.47240067e+00, 1.14931946e+01, 1.59532394e+01, ...,
1.00000000e+02, 0.00000000e+00, 7.36999969e+01]])

1 floorplan

S+ array([[2., 2., 2., «vvy 2., 2., 2.]
[2., 2.,

N
N
N
N
[a—

[2., 20y 24y ey 2., 2., 2.1

[2., 2., 2., , 24, 2., 2.1,

[2., 20y 24y weny 24, 2., 2.1,

[2., 20y 24y vvey 24, 2., 2.11)
1 data_val

https://colab.research.google.com/drive/IH1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scrollTo=P2SE-bB 1 Cmyz&printMode=true 6/17
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1 datal'observation_value_matrix'].shape
2

5+ (51852, 1198)

1 temp_data.shape
2

5+ (53292, 123)

1 temp_data_ids

S+ {'2760348383893915@zone_air_temperature_sensor': 0,
'2562701969438717@zone_air_temperature_sensor': 1,
'2806035809406684@zone_air_temperature_sensor': 2,
'2790439929052995@zone_air_temperature_sensor': 3,
'2628534928204590@zone_air_temperature_sensor': 4,
'2535333053617205@zone_air_temperature_sensor': 5,
'2619255661594253@zone_air_temperature_sensor': 6,
'2618781414146613@zone_air_temperature_sensor': 7,
'2613654138967436@zone_air_temperature_sensor': 8,
'2762982574975969@zone_air_temperature_sensor': 9,
'2578499186529204@zone_air_temperature_sensor': 10,
'2693289483686059@zone_air_temperature_sensor': 11,
'2549483694528743@zone_air_temperature_sensor': 12,
'2614466029028994@zone_air_temperature_sensor': 13,
'2760979770441910@zone_air_temperature_sensor': 14,
'2732460999450017@zone_air_temperature_sensor': 15,
'2549513081490212@zone_air_temperature_sensor': 16,
'2737293899563066@zone_air_temperature_sensor': 17,
'2710040674126014@zone_air_temperature_sensor': 18,
'2570355700484963@zone_air_temperature_sensor': 19,
'2779591174908667@zone_air_temperature_sensor': 20,
'2768768486087571@zone_air_temperature_sensor': 21,
'2810271246509820@zone_air_temperature_sensor': 22,
'2705858092749449@zone_air_temperature_sensor': 23,
'2693840961422865@zone_air_temperature_sensor': 24,
'2740082748651605@zone_air_temperature_sensor': 25,
'2802781341872564@zone_air_temperature_sensor': 26,
'2568004980110825@zone_air_temperature_sensor': 27,
'2791846410789505@zone_air_temperature_sensor': 28,
'2651420801112308@zone_air_temperature_sensor': 29,
'2792140000757803@zone_air_temperature_sensor': 30,

'2788179547754974@zone_air_temperature_sensor':
'2747395873491002@zone_air_temperature_sensor':
'2618581107144046@zone_air_temperature_sensor':
'2656676039327836@zone_air_temperature_sensor':
'2794597849078830@zone_air_temperature_sensor':
'2601599180090084@zone_air_temperature_sensor':
'2546477821573302@zone_air_temperature_sensor':
'2743847121700440@zone_air_temperature_sensor':
'2803088381116360@zone_air_temperature_sensor':
'2731964581915812@zone_air_temperature_sensor':
'2684239960710884@zone_air_temperature_sensor':
'2786928005384747@zone_air_temperature_sensor':
'2584468317047883@zone_air_temperature_sensor':
'2687242320524339@zone_air_temperature_sensor':
'2612620611294283@zone_air_temperature_sensor':
'2580539066022773@zone_air_temperature_sensor':
'2691496710334693@zone_air_temperature_sensor':
'2764530915698643@zone_air_temperature_sensor':

N v N N N N w0

~

D . T )

AhAr A SA,PRA,PRAPPPWWWWWWWWW
ONOUD, WNRERPOCOVONOOULEAWNPRE

~-
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'2658280459967125@zone_air_temperature_sensor': 49,
'2641439892024140@zone_air_temperature_sensor': 50,
'2795032460499273@zone_air_temperature_sensor': 51,
'2696593986887004@zone_air_temperature_sensor': 52,
'2728593088050266@zone_air_temperature_sensor': 53,
'2545072728476481@zone_air_temperature_sensor': 54,
'2588159730413024@zone_air_temperature_sensor': 55,
'2619215732412810@zone_air_temperature_sensor': 56,

1 Hannunte nporpamMMHbil KOO WM CreHepupynmTe ero C MoMolibio
MCKYCCTBEHHOI 0O WUHTENNEKTA.

1 temp_data.shape

5% (53292, 123)

1 datal['observation_value _matrix']

S+ array([[7.47240067e+00, 3.70944357e+00, 2.35973727e-02, ...,
1.00000000e+02, 0.00000000e+00, 6.85000000e+01],
[7.47240067e+00, 3.16214871e+00, 2.35973727e-02, ...,
1.00000000e+02, 0.00000000e+00, 6.83000031e+01],
[7.47240067e+00, 2.49323273e+00, 2.35973727e-02, ...,
1.00000000e+02, 0.00000000e+00, 6.83000031e+01],

[7.47240067e+00,

1.23445425e+01, 1.60112896e+01, ...,
1.00000000e+02, 0.00000000e+00, 7.41999969e+01],
[7.47240067e+00, 1.17364368e+01, 1.60698109e+01, ...,
1.00000000e+02, 0.00000000e+00, 7.44000015e+01],
[7.47240067e+00, 1.14931946e+01, 1.59532394e+01, ...,
1.00000000e+02, 0.00000000e+00, 7.36999969e+01]])

1 data['observation_value_matrix']

2

S+ array([[7.47240067e+00, 3.70944357e+00, 2.35973727e-02, ...,
1.00000000e+02, 0.00000000e+00, 6.85000000e+011],
[7.47240067e+00, 3.16214871e+00, 2.35973727e-02, ...,
1.00000000e+02, 0.00000000e+00, 6.83000031e+01],
[7.47240067e+00, 2.49323273e+00, 2.35973727e-02, ...,
1.00000000e+02, 0.00000000e+00, 6.83000031e+01],
[7.47240067e+00, 1.23445425e+01, 1.60112896e+01, ...,
1.00000000e+02, 0.00000000e+00, 7.41999969e+01],
[7.47240067e+00, 1.17364368e+01, 1.60698109e+01, ...,
1.00000000e+02, 0.00000000e+00, 7.44000015e+01],
[7.47240067e+00, 1.14931946e+01, 1.59532394e+01, ...,
1.00000000e+02, 0.00000000e+00, 7.36999969e+0111)

1 data

S+ NpzFile './sbl/tabular/sb1/2022_a/data.npy.npz' with keys: observation_value_matrix,
action_value_matrix, reward_value_matrix, reward_info_value_matrix

https://colab.research.google.com/drive/IH1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scrollTo=P2SE-bB 1 Cmyz&printMode=true 8/17
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1 from matplotlib import pyplot as plt
2 plt.imshow(floorplan, interpolation='nearest')
3 plt.show()

100

200 ~

300 -

400 -

500 A

600

700 A

T
200

T
400

T T T
600 800 1000

1 metadatal["action_value_matrix"][0]

2

KeyError
/tmp/ipython-input-12-553853517.py in <cell line: 0>()
————> 1 metadata["action_value_matrix"][0]

KeyError:

'action_value_matrix'

1 datal'action_value_matrix']

2

array([[288

[288
[288

[289

[289
[289

. 70370483,
. 70370483,
. 70370483,

. 18981934,
.32870483,
.32870483,

v TRAINING

310.
310.
310.

310.
310.
310.

92593384,
92593384,
92593384,

92593384,
92593384,
92593384,

291.
291.
291.

288.
288.
288.

Traceback (most recent call last)

48147583],
481475831,
481475831,

692596441],
60092163],
60092163]1])

1 !git clone https://github.com/cure-lab/LTSF-Linear.git

2 !cd LTSF-Linear

https://colab.research.google.com/drive/1H1KrpNIlb46ka7TWkgV61yY 3krh1jffgf#scrollTo=P2SE-bB 1 Cmyz&printMode=true
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S+ fatal: destination path 'LTSF-Linear' already exists and is not an empty directory.

obs_ids = metadatal["observation_ids"]
temp_indices = [i for i, name in enumerate(obs_ids) if "zone_air
exog_indices [i for i, name in enumerate(obs_ids) if "zone_air

£~ WN -

1 import numpy as np

2

3# Print and inspect obs_ids structure

4 print("Type of obs_ids:", type(obs_ids))
5 if isinstance(obs_ids, dict):

6 print("First 5 items:", list(obs_ids.items())[:5])

7 else:

8 print("First 5 elements:", list(obs_ids)[:5])

9

10 # —— CASE 1: obs_ids is a list or numpy array of names ———

11 if isinstance(obs_ids, (list, np.ndarray)):

12 temp_indices = [i for i, name in enumerate(obs_ids) if 'tempe
13 temp_names = [obs_ids[i] for i in temp_indices]

14

15 # ——— CASE 2: obs_ids is a dictionary: {id: name} ——

16 elif isinstance(obs_ids, dict):

17 temp_keys = [k for k, v in obs_ids.items() if 'temperature'
18 temp_names = [obs_ids[k] for k in temp_keys]

19 # To get indices (if needed for matrix extraction):

20 # If your matrix columns align with the dict's keys, get the:
21 key_list = list(obs_ids.keys())

22 temp_indices = [key_list.index(k) for k in temp_keys]
23

24 else:

25 raise ValueError("Unknown obs_ids type!")

26

27 print("Temperature variable names found:", temp_names)
28 print("Temperature indices found:", temp_indices)
29

S~ Type of obs_ids: <class 'dict'>
First 5 items: [('202194278473007104@building_air_static_pressure_setpoint', @), ('2
Temperature variable names found: []
Temperature indices found: []

1 import pandas as pd

2 import os

3

4 # Get temperature variable indices and names

5 temp_indices = [v for k, v in metadatal'observation_ids'].items(;
6 temp_names = [k for k, v in metadata['observation_ids'].items()

https://colab.research.google.com/drive/IH1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scrollTo=P2SE-bB 1 Cmyz&printMode=true 10/17
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7
8 # Extract data
9 mat = datal'observation_value_matrix']
10 df = pd.DataFrame(mat[:, temp_indices], columns=temp_names)

11
12 os.makedirs('dataset', exist_ok=True)
13 csv_path = "dataset/train_temperatures.csv"

14 df.to_csv(csv_path, index=False)
15 print(f"Saved training CSV: {csv_path}")
16

Saved training CSV: dataset/train_temperatures.csv

1 import pandas as pd

2df = pd.read_csv('dataset/train_temperatures.csv')
3 print(df.shapell])

4

123

1df

https://colab.research.google.com/drive/1H1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scroll To=P2SE-bB 1 Cmyz&printMode=true 11717
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date
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2760348383893915@zone_air_temperature_sensor 2562701969438717@zone_a:

53287

53288

53289

53290

53291

2022-
07-01
00:00:00

2022-
07-01
01:00:00

2022-
07-01
02:00:00

2022-
07-01
03:00:00

2022-
07-01
04:00:00

2028-
07-29
07:00:00

2028-
07-29
08:00:00

2028-
07-29
09:00:00

2028-
07-29
10:00:00

2028-
07-29
11:00:00

72.400002

72.400002

72.400002

72.400002

72.400002

67.099998

67.099998

67.099998

67.099998

67.099998

53292 rows x 124 columns

1 # Get temperature variable indices and names for validation

2 val_temp_indices = [v for k, v in metadata_vall['observation_ids"]
3 val_temp_names = [k for k, v in metadata_vall['observation_ids'].:

4

5val_mat = data_vall'observation_value_matrix']
6 df_val = pd.DataFrame(val_mat[:, val_temp_indices], columns=val_i

7

8 csv_path_val = "dataset/val_temperatures.csv"
9 df_val.to_csv(csv_path_val, index=False)
10 print(f"Saved validation CSV: {csv_path_val}")

11

Saved validation CSV: dataset/val_temperatures.csv

https://colab.research.google.com/drive/1H1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scroll To=P2SE-bB 1 Cmyz&printMode=true
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1 import pandas as pd
2

smart_buildings_hacakthon.ipynb - Colab

3df = pd.read_csv('dataset/train_temperatures.csv')

4 df.insert(@, 'date', pd.date_range(start='2022-01-01"', periods=1e
5df.to_csv('dataset/train_temperatures_with_date.csv', index=False

6

S+ /tmp/ipython-input-26-3908326730.py:4: FutureWarning: 'H' is deprecated and will be
df.insert(@, 'date', pd.date_range(start='2022-01-01', periods=len(df), fregq='H'))

v DLinear
1 !'python —u LTSF-Linear/run_LlongExp.py \
2 ——is_training 1 \
3 —root_path ./dataset/ \
4 —-data_path train_temperatures_with_date.csv \
5 —-model_id sb_temp_96_96 \
6 ——model DLinear \
7 ——data custom \
8 ——features M \
9 -——-seqg_len 96 \
10 ——pred_len 96 \
11 —-—enc_in 123 \
12 ——des 'Exp' \
13 —itr 1
14

S+ Args in experiment:
Namespace(is_training=1, train_only=False, model_id="'sb_temp_96_96', model='DLinear

https://colab.research.google.com/drive/IH1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scrollTo=P2SE-bB 1 Cmyz&printMode=true

Use GPU: cuda:0
>>>>>>>start training

train 36105
val 5091
test 10275

iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:

100, epoch: 1
0.0760s/iter;
200, epoch: 1
0.0114s/iter;
300, epoch: 1
0.0115s/iter;
400, epoch: 1
0.0111s/iter;
500, epoch: 1
0.0113s/iter;
600, epoch: 1
0.0110s/iter;
700, epoch: 1
0.0111s/iter;
800, epoch: 1
0.0140s/iter;
900, epoch: 1
0.0186s/iter;

| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:

| loss: @

left time:

2722961
849.9667s
0448842
126.0907s
0913936
125.9719s
0159670
120.6948s
1683429
121.3674s
0200726
117.9942s
1422101
117.1181s
0886579
147.0466s
0093812
193.2832s

1000, epoch: 1 | loss: 0.0064986

0.0125s/iter;

left time:

128.6747s

1100, epoch: 1 | loss: 0.0070675

: sb_temp_96_96_DLinear_custom_ftM_s196_1148_p196_dm512_nh8_e
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speed: 0.0111s/iter; left time: 112.7502s
Epoch: 1 cost time: 15.03165316581726
Epoch: 1, Steps: 1128 | Train Loss: 0.1507677 Vali Loss: 0.0817193 Test Loss: 0.572

Validation loss decreased (inf —-—> 0.081719).

Updating learning rate to 0.0001

iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:

Epoch: 2 cost

v NLinear
1 !'python —u LTSF-Linear/run_LlongExp.py \
2 ——is_training 1 \
3 —root_path ./dataset/ \
4 —-data_path train_temperatures_with_date.csv \
5 ——model_id sb_temp_96_96_nl \
6 ——model NLinear \
7 ——data custom \
8 ——features M \
9 —seq_len 96 \
10 ——pred_len 96 \
11 —-enc_in 123 \
12 ——des 'Exp' \
13 —itr 1
14

100, epoch: 2
0.0996s/iter;
200, epoch: 2
0.0149s/iter;
300, epoch: 2
0.0108s/iter;
400, epoch: 2
0.0109s/iter;
500, epoch: 2
0.0113s/iter;
600, epoch: 2
0.0111s/iter;
700, epoch: 2
0.0111s/iter;
800, epoch: 2
0.0136s/iter;
900, epoch: 2
0.0114s/iter;

| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:

2747123

1001.7381s

3214123
148.4840s
2370062
106.2428s
1733964
106.6449s
1338292
109.0585s
0594898
106.2163s
0277571
104.9986s
0061148
127.2235s
0987834
105.0291s

1000, epoch: 2 | loss: 0.1188680

0.0111s/iter;

left time:

101.4023s

1100, epoch: 2 | loss: 0.0097158

0.0153s/iter;

left time:

time: 15.09673810005188
Epoch: 2, Steps: 1128 | Train Loss: 0.0745194 Vali Loss: 0.0708239 Test Loss: 0.515

S+ Args in experiment:
Namespace(is_training=1, train_only=False, model_id="'sb_temp_96_96_nl', model="NLin

Use GPU: cuda:
>>>>>>>start training :

train 36105
val 5091
test 10275

0

138.7340s

iters: 100, epoch: 1 | loss: 0.0117469
speed: 0.0260s/iter; left time: 291.1862s
iters: 200, epoch: 1 | loss: 0.1425759

https://colab.research.google.com/drive/IH1KrpNIb46ka7TWkgV61yY 3krh1jffgf#scrollTo=P2SE-bB 1 Cmyz&printMode=true

Saving model ...

sb_temp_96_96_n1_NLinear_custom_ftM_s196_1148_p196_dm512_nh
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speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:

0.0113s/iter;
300, epoch: 1
0.0113s/iter;
400, epoch: 1
0.0111s/iter;
500, epoch: 1
0.0106s/iter;
600, epoch: 1
0.0148s/iter;
700, epoch: 1
0.0184s/iter;
800, epoch: 1
0.0123s/iter;
900, epoch: 1
0.0108s/iter;

smart_buildings_hacakthon.ipynb - Colab
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:

125.6628s
0060772
124.3618s
2235395
120.6560s
1667904
114.5789s
0094182
157.7575s
0039302
194.9552s
1295509
129.4179s
0591220
112.1876s

1000, epoch: 1 | loss: 0.0130974

0.0108s/iter;

left time:

110.9758s

1100, epoch: 1 | loss: 0.0144273

speed: 0.0108s/iter; left time: 110.4394s
Epoch: 1 cost time: 14.102983474731445
Epoch: 1, Steps: 1128 | Train Loss: 0.0672236 Vali Loss: 0.0612489 Test Loss: 0.469
Validation loss decreased (inf —-—> 0.061249). Saving model ...

Updating learning rate to 0.0001

iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:
speed:
iters:

100, epoch: 2
0.1018s/iter;
200, epoch: 2
0.0111s/iter;
300, epoch: 2
0.0109s/iter;
400, epoch: 2
0.0109s/iter;
500, epoch: 2
0.0112s/iter;
600, epoch: 2
0.0110s/iter;
700, epoch: 2
0.0109s/iter;
800, epoch: 2
0.0108s/iter;
900, epoch: 2
0.0107s/iter;

| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:
| loss: 0.
left time:

1968246

1023.2580s

1470720
110.1694s
0100224
107.6181s
0027269
106.5921s
3739761
108.4427s
0678377
104.9802s
0165789
102.7857s
0498181
100.9639s
3496160
99.2438s

1000, epoch: 2 | loss: 0.0825449

speed: 0.0184s/iter; left time: 168.3931s
iters: 1100, epoch: 2 | loss: 0.1155516
speed: 0.0174s/iter; left time: 157.9639s
Epoch: 2 cost time: 14.390702962875366
Epoch: 2, Steps: 1128 | Train Loss: 0.0623077 Vali Loss: 0.0620609 Test Loss: 0.465

v TESTING

1

2

3# 1. Find temperature indices and names for validation data

4 temp_indices = [v for k, v in metadata_vall'observation_ids'].ite
5 temp_names = [k for k, v in metadata_vall['observation_ids'].items
6

7# 2. Extract temp_data for validation period

8 temp_data = data_vall'observation_value_matrix'][:, temp_indices]
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9

10 # 3. Create DataFrame

11 df_temp = pd.DataFrame(temp_data, columns=temp_names)

12

13 # 4. Add dummy date column (optional, but needed for LTSF-Linear,
14 df_temp.insert(@, 'date', pd.date_range('2022-07-01', periods=ler
15

16 # 5. Save as CSV

17 os.makedirs('dataset', exist_ok=True)

18 csv_path = 'dataset/temp_data_val.csv'

19 df_temp.to_csv(csv_path, index=False)

20 print("Saved:", csv_path)

21 print("Shape:", df_temp.shape)

22

S+ /tmp/ipython-input-15-3213461851.py:19: FutureWarning: 'H' is deprecated and will be
df_temp.insert(@, 'date', pd.date_range('2022-07-01', periods=len(df_temp), freq="
Saved: dataset/temp_data_val.csv
Shape: (53292, 124)

1 df=pd.read_csv('dataset/temp_data_val.csv')
2 print(df.shape)

S5+ (53292, 124)
v DLinear

1 !python —u LTSF-Linear/run_longExp.py \
2 ——1is_training 0 \

3 ——root_path ./dataset/ \

4 ——data_path temp_data_val.csv \

5 ——model_id sb_temp_96_96 \

6 ——model DLinear \

7 ——data custom \

8 ——features M \

9 ——seq_Llen 96 \
10 ——pred_len 96 \
11 ——enc_in 123 \
12 ——des 'Exp' \
13 —itr 1
14

S~ Args in experiment:
Namespace(is_training=0, train_only=False, model_id="'sb_temp_96_96', model='DLinear’
Use GPU: cuda:@
>>>>>>>testing : sb_temp_96_96_DLinear_custom_ftM_s196_1148_p196_dm512_nh8_el2_dl1_d
test 10563
loading model
mse:0.45707932114601135, mae:0.25607559084892273
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«~ NLinear
1 !python —-u LTSF-Linear/run_longExp.py \
2 ——1is_training 0 \
3 ——root_path ./dataset/ \
4 ——data_path temp_data_val.csv \
5 ——model id sb temo 96 96 nl \
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