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Abstract

Model predictive control (MPC) is a widely adopted paradigm for
building HVAC operation optimization, and its effectiveness criti-
cally depends on an accurate thermal dynamics model. Although
numerous modeling approaches have been proposed to improve
prediction performance, they remain fundamentally constrained
by limited knowledge coverage. The main reason is that learned
dynamics are often bounded by the scope of available data, making
it difficult to support diverse operating conditions. Recent advances
in large pre-trained foundation models offer a new perspective by
providing ready-made knowledge learned from large-scale corpora.
In this work, we revisit thermal dynamics modeling from the view-
point of extracting useful knowledge from Time Series Foundation
Models (TSFMs) to support HVAC control.

To this end, we propose THERMOSTILL, a novel approach to
leverage Knowledge Distillation (KD) to transfer rich temporal
representations from existing pre-trained TSFMs into a physically
consistent and tractable Resistance-Capacitance (RC) model. Recog-
nizing that TSFMs possess divergent inductive biases and distinct
pre-training priors, THERMOSTILL employs a multi-teacher frame-
work to harness and integrate their complementary knowledge.
Evaluated on hundreds of real buildings, THERMOSTILL achieves an
accuracy improvement of 23.9% on thermal dynamics prediction.
For HVAC control, we evaluate THERMOSTILL on the BOPTEST
framework and conduct a total of 720 hours of closed-loop control
in a real meeting room under normal occupancy and operation
conditions. The results show that THERMOSTILL saves 29.2% energy
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consumption over baseline controllers while maintaining accept-
able occupant comfort. Our code is available at the repository:
https://github.com/Dylan0211/ThermoStill-release.
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1 Introduction

The worldwide building sector annually accounts for 30% of global
final energy consumption, and 45% of the building energy consump-
tion is directly related to heating, ventilation, and air conditioning
(HVAC) systems, according to the International Energy Agency
(IEA) report [23]. Optimizing HVAC operations is not merely an
economic concern but a critical imperative for global decarboniza-
tion [13, 27, 62]. To address this, a variety of control paradigms
have been studied to enhance HVAC efficiency, ranging from rule-
based (e.g., PIDs) to sophisticated black-box methods. Among these,
Model Predictive Control (MPC) is a widely applied framework
due to its solid theoretical foundation and dynamic optimization
capabilities [10]. MPC has been extensively validated to optimally
manage the trade-off between energy cost and comfort in both
simulations and real-world deployments [6, 19, 79].
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Figure 1: The proposed THERmMOSTILL distills knowledge
from TSFMs into a physics-informed RC model.

At the core of MPC lies the system dynamics model, i.e., the
building thermal dynamics model in the HVAC context. The per-
formance of MPC critically depends on the predictive accuracy
of this model, as it directly guides control optimization [45]. The
model is typically constructed using target building data, either
through physics-based formulations or data-driven methods, and
they are often limited by the expressive capacity of the model or
by the amount and diversity of available training data. To address
this, prior studies have explored incorporating external knowledge
into building thermal modeling, for example, by leveraging infor-
mation from other building environments through meta-learning
or transfer learning techniques [7, 29, 53, 65]. Intrinsically, these
approaches aim to extract reusable thermal patterns from auxil-
iary data sources and adapt them to a target building. While these
approaches have shown some effectiveness, they face inherent limi-
tations: They rely on task-specific or customized source models that
require non-trivial effort to explicitly design and train; moreover,
the scope of transferable knowledge is constrained by the diversity
and scale of the available source data.

In contrast, recent advances in large pre-trained Foundation Mod-
els (FMs) offer an alternative way to introduce external knowledge
into modeling pipelines [4]. As a subcategory of FM for the time se-
ries domain, Time Series Foundation Model (TSFM) aligns naturally
with building thermal dynamics. This alignment arises not only
from the temporal dependencies in thermal states (e.g., seasonal
and diurnal patterns), but also from the fact that mainstream TSFMs
are pretrained on datasets including energy or building related time
series [1, 9, 57]. In practice, current TSFMs such as Chronos [1]
and TimesFM [9] (from Amazon and Google) have demonstrated
remarkable zero-shot forecasting capabilities across diverse down-
stream applications [18, 28, 37, 43]. This motivated recent studies
of applying TSFMs to the field of energy management, such as
building energy consumption [25, 26, 35] and solar irradiance [30]
forecasting. Beyond forecasting, recent works also explored the use
of TSFMs in control-oriented tasks, such as network congestion
control [37] and traffic flow optimization [5].

In this work, we systematically investigate applying TSFMs to
contribute to HVAC MPC, specifically, the thermal dynamics mod-
eling part. While recent works have explored TSFMs in thermal
dynamics-related tasks, existing efforts largely remain at the level of
forecasting [48, 49] and do not explicitly address the requirements
of control-oriented applications. Incorporating TSFMs into MPC
raises two fundamental challenges. First, MPC requires tractable
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models to ensure reliable optimization, yet TSFMs are inherently
black-box and highly nonlinear. Second, TSFMs do not explicitly
encode physical constraints, which may lead to predictions that vi-
olate basic thermodynamic principles. To address these challenges,
we leverage Knowledge Distillation (KD) [20], a popular technique
for transferring knowledge from a complex teacher model to a com-
pact student model, commonly applied to deploy large models in
real-world systems [42]. Based on this framework, our idea is to
distill a TSFM into a physics-informed Resistance-Capacitance (RC)
model (Figure 1), where TSFMs serve as teachers that provide rich
temporal representations, and the RC model serves as a physically
consistent and tractable student. Furthermore, to effectively lever-
age the complementary strengths of multiple TSFMs, we employ a
practical Multi-Teacher Knowledge Distillation (MTKD) framework
in our context, and propose THERMOSTILL. Rather than relying on
a fixed teacher configuration, THERMOSTILL adaptively combines
knowledge from different TSFMs, enabling the student model to
extract the most relevant temporal information for a given building.

We evaluate THERMOSTILL through two aspects: i) performance
of thermal dynamics modeling, and ii) control performance. For
i), THERMOSTILL is evaluated on hundreds of real buildings. Re-
sults indicate that THERMOSTILL enhances thermal states prediction
accuracy of the RC model by 23.9% and outperforms knowledge dis-
tillation baseline methods by up to 19.0%. For ii), we conduct both
a simulation study using BOPTEST and a month-long real-world
deployment. The experiments demonstrate that THERMOSTILL ef-
fectively saves 29.2% energy consumption over baseline controllers
while maintaining acceptable occupant comfort. The contributions
of this paper are summarized as follows:

e To the best of our knowledge, we conduct the first study on
applying TSFMs for MPC-based building HVAC control. We
identify two critical challenges of TSFM integration and lever-
age the KD framework to effectively address them.

o We undertake empirical studies to investigate how KD performs

when distilling TSFMs into physics-informed RC models. The

insufficiency of knowledge from a single TSFM is observed,
thus motivating us to propose THERMOSTILL, which adaptively
distills knowledge from multiple TSFMs.

We validate the performance of THERMOSTILL through both

a simulation study and a one-month real-world deployment,

demonstrating superior energy efficiency and improved ther-

mal comfort in practical settings.

2 Background and Related Work

In this section, we introduce background and related work on key
concepts of this study. Related works are summarized in Table 1.

2.1 MPC-based HVAC control and Thermal
Dynamics Model

MPC is a constrained control strategy that calculates the optimal
control inputs by minimizing a given objective function over a
finite prediction horizon [10]. A general MPC formulation! can be

'We omit constraints on the optimization problem here for a simplified illustration.
Detailed MPC formulations are presented in experiments.
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Table 1: Summary of studies on thermal dynamics modeling.
Our work fills the gap of leveraging general temporal knowl-
edge to obtain thermal dynamics models for control.

Modeling with

Modeling with
External Knowledge

Target Building Data

Cross-building Meta-learning: [65],

Physics-based: [16, 59], knowledge

Grey-box: [12, 46],
Data-driven: [64, 77, 78]

Transfer-learning: [7, 29, 53]
General temporal [48, 49] (for forecasting),
knowledge (TSFM) | TaermoSTILL (for control)

represented as follows:

H
L min kz_lf (x> ) (1a)
st xpy1 = Axg + Byug + Bydy, Vk (1b)

Here, xi, u, and di. respectively denote the thermal states (e.g.,
indoor temperature), control inputs (e.g., HVAC power), and ex-
ogenous disturbances (e.g., outdoor temperature, solar irradiance)
at time step k, respectively. J(-) is the objective function for MPC
and H denotes the optimization horizon. A key component within
the MPC formulation is the thermal dynamics model presented
in Eq.(1b). This state-space representation predicts future thermal
states, thereby guiding the optimization of HVAC control. A, By,
and B, denote building-specific coefficients.

Table 1 summarizes existing approaches to thermal dynamics
modeling. Traditional methods rely primarily on information de-
rived directly from the target building, such as historical data or
physical specifications. Depending on the specific technique, these
are categorized into physics-based [16, 59], grey-box [12, 46], or
data-driven [64, 77, 78] methods. To further enhance modeling accu-
racy, recent research has sought to incorporate external knowledge
as complementary information. One prominent direction involves
transferring knowledge from other buildings through meta-learning
[65] and transfer learning approaches [7, 29, 53]. Alternatively, rec-
ognizing that thermal dynamics inherently exhibit strong temporal
dependencies, recent studies [48, 49] have utilized general-purpose
TSFMs to encode generalized temporal knowledge for accurate
forecasting. Motivated by these advancements, this paper aims to
move beyond pure forecasting and investigate the applicability of
TSFM:s in closed-loop HVAC control.

2.2 Time Series Foundation Model

Recent progress in self-supervised pre-training has led to the de-
velopment of large-scale, general-purpose models for time series
analysis, known as Time Series Foundation Models (TSFMs) [36].
A TSFM is a deep learning model pre-trained on large-scale multi-
source datasets, allowing it to be applied directly to various down-
stream tasks in a zero-shot setting. Formally, given a pre-trained
TSFM f* with fixed parameters and a historical input time series
of length L with C variables, denoted as Xj._y ., € REXC, the TSFM
predicts Yk+1:k+H = f1(Xj_p.x) for the future H steps, which ac-
curately approximates the ground truth Y 1441 € RHXC without
task-specific training.

638

E-Energy °26, June 22-25, 2026, Banff, AB, Canada

Teacher Model
ft

Update
student model

Teacher output
Pt

Student output
s

Input data
Xk

.4'\. Student Model
N fé Vs

Figure 2: A general knowledge distillation framework.

Consequently, TSFMs have demonstrated remarkable perfor-
mance across diverse fields, including healthcare [22, 28, 50], fi-
nance [43, 52, 80], traffic [5, 37], and energy [11, 18, 44, 60]. In the
context of building energy management, recent studies have uti-
lized TSFMs to forecast both endogenous system variables, such as
energy consumption [25, 26, 35] and indoor thermal states [48, 49],
as well as exogenous disturbances like outdoor temperature and
solar irradiance [30]. These findings indicate that TSFMs can model
complex building dynamics with superior accuracy and reduced
data dependency. Furthermore, in line with known scaling laws
[69], TSFMs are expected to achieve continuous performance gains
as more datasets become available for pre-training. This growing
potential motivates us to look beyond pure forecasting and explore
a deeper integration of TSFMs within the building energy manage-
ment pipeline. Specifically, we investigate integration of TSFMs
into control frameworks (e.g., MPC) to effectively translate their
generalized temporal knowledge into optimized control actions.

2.3 Knowledge Distillation

Knowledge Distillation (KD) is a paradigm for transferring knowl-
edge from a highly capable yet complex teacher model to a compact
student model. The primary objective is to obtain a lightweight sur-
rogate that approximates the teacher’s predictive capability, thereby
enabling efficient deployment. A standard KD process is shown in
Figure 2. Formally, given a transfer set Diain = {(Xp, Yk)}kN:I’ a
pre-trained teacher model f?, and a student model [, parameter-
ized by 6, the teacher prediction Y]tC = f1(X;) is considered as a

supervision signal for the student prediction Yi = fy (Xg). The
student parameter 6 is then optimized by minimizing the objective:

Lxp(0) = Ly + A - Ly;s, @)
where Ly = ||Yj - f(i”g is the ground-truth loss and Ly;s =

”Yltc - YZ ||§ is the distillation loss. Here, £ ;¢ drives the transfer of
teacher knowledge to improve the student’s predictive capability,
whereas Ly; anchors the student to the ground truth, mitigating
the risk of inheriting teacher-induced biases. A is a weighting factor
to control the influence of teacher.

Recently, KD has become a prevalent technique for deploying
FMs, primarily due to its dual advantages of model compression
and knowledge transfer [42]. First, KD enables the deployment of
computationally intensive FMs in resource-constrained environ-
ments, such as IoT systems [33] or latency-sensitive applications
like real-time control [39]. Second, it facilitates the transfer of gen-
eralized knowledge from FMs to task-specific models in domains
such as climate [17] and healthcare [34, 41], thereby enhancing
their performance. These capabilities motivate us to adopt a KD
framework to integrate TSFMs into MPC-based HVAC control.
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3 Preliminary Study and proposed approach

Although prior studies [48, 49] have successfully applied TSFMs as
thermal dynamics models for indoor temperature prediction, we
identify two fundamental challenges of integrating them into MPC-
based HVAC control. First, MPC requires an explicit and tractable
thermal dynamics model for efficient and reliable optimization,
while TSFMs are black-box and highly nonlinear, making their
direct embedding into the MPC optimization loop impractical. Sec-
ond, TSFMs do not inherently encode physical laws. Consequently,
they may generate predictions that violate basic thermodynamic
principles, undermining the reliability required for safe control.

We consider Knowledge Distillation (KD) as a potential solu-
tion to these challenges. Specifically, we propose to distill knowl-
edge from a TSFM (teacher) into a physics-informed Resistance-
Capacitance (RC) model (student), yielding two major advantages
for MPC. First, the RC model serves as a tractable surrogate, en-
abling direct integration into MPC optimization. Second, the ther-
modynamic formulation of the RC model naturally enforces physi-
cal consistency and extrapolation to unseen data regimes, thereby
enhancing control reliability. Building on this idea, we first conduct
a preliminary study to empirically investigate applicability of the
KD framework and then introduce the proposed approach.

3.1 Preliminary Study

We perform two experiments to study the applicability of KD. In the
first experiment, we investigate whether TSFMs offer reasonably
accurate predictions on building thermal dynamics to serve as
high quality teachers. In the second experiment, we study whether
knowledge distilled from TSFMs can improve the student RC model.
The experimental setup is presented below.

Setup. Following prior measurement studies [47, 49], we use
a subset of the public ecobee [40] dataset, which contains hourly
thermal data from 841 real-world buildings. For this preliminary
study, we specifically selected 74 buildings with no missing values.
Each building provides 28 days of training data and 4 days of test-
ing data during the cooling season. Two product-level TSFMs, i.e.,
Chronos [1] and TimesFM [9], and a first-order RC model? are uti-
lized for experiments. All models perform a rolling one-step-ahead
forecasting using a sliding 168-sample historical window.

3.1.1 Performance of TSFMs in thermal dynamics modeling.
To verify whether TSFMs can provide high-quality supervision sig-
nals, we compare them in a zero-shot setting against a customized
RC model trained specifically on the target building data across 74
buildings. Remarkably, as shown in Figure 3, TSFMs significantly
outperform the customized RC model in overall accuracy and accu-
rately capture complex diurnal temperature patterns. These results
validate the superior predictive capability of TSFMs, justifying their
role as teachers in our distillation framework.

3.1.2 Performance of KD with TSFMs. Given the strong pre-
dictive power of TSFMs, we next investigate whether a distilled RC

2The first-order RC model adopted can be represented as: C d;};" = % —Ohoacs
where Tj,, denotes the indoor temperature, Ty,,; the outdoor temperature, and Qp,oac
the controlled cooling input. R and C represent the thermal resistance and capacitance,
which are learnable parameters @ = {R, C}. k denotes the time step. While the current
RC model is simplified by omitting solar irradiance, this variable will be used in the

comprehensive experiments later.
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Figure 3: Performance of TSFMs and a customized RC model.
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ings. Figure (b) shows a four-day example prediction.
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notes teacher TSFM.

model can outperform a customized RC model solely trained on the
data without KD. We employ the KD objective in Eq.(2) to distill
a student RC model from each teacher TSFM on the training set
and evaluate their performance on the testing set. We show results
on ten selected buildings in Figure 4 for detailed analysis. Here,
each scatter represents one KD experiment result, where the x-axis
denotes teacher’s accuracy (calculated as 1/MSE), while the y-axis
indicates student’s MSE improvement relative to the customized
RC model. Specifically, we observe that all distilled students show
positive performance improvement (i.e., y > 0%), confirming that
knowledge in TSFMs consistently enhances RC model accuracy.

3.1.3 Key insights. We derive two insights from experiment re-
sults in Figure 4. First, teacher superiority is building-dependent.
No single TSFM consistently dominates across all buildings. For
instance, while Chronos yields a superior student on Building 5,
TimesFM distills a better student on Building 1. Second, and more
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importantly, teacher accuracy is not a guarantee of distillation ef-
fectiveness. An example is on Building 5, where TimesFM achieves
higher predictive accuracy than Chronos but produces a strictly
inferior student. These findings exemplify a commonly observed
but non-trivial challenge of optimal teacher selection in KD. To ad-
dress this, adopting a Multi-Teacher Knowledge Distillation (MTKD)
framework has become a standard practice in the field [14, 42].
By aggregating and controlling knowledge of multiple teachers
throughout the distillation process, MTKD aims at leveraging their
complementary strengths to achieve substantial accuracy improve-
ment on the distilled student. Following the mainstream paradigm
that formulates MTKD as an RL problem due to its intrinsic sequen-
tial decision-making nature, we present a standard formulation of
RL-based MTKD in the next section.

3.2 Proposed Approach: Multi-Teacher
Knowledge Distillation via RL

In the setting of MTKD, multiple teachers are aggregated to collab-
oratively distill a student. Specifically, the influence of each teacher
on the distillation process is controlled by an associated teacher
weight [67]. We formulate the MTKD framework for distilling mul-
tiple TSFMs into an RC model as follows.

3.2.1 Multi-Teacher Knowledge Distillation. Given a transfer
set Dirain = { (X, Yk)}szl' The input sequence X} consists of the
historical thermal state x, control inputs u, and disturbances d over
a look-back window of length L, denoted as X = [x¢, us, dt]ltczk—L'
The corresponding target Y = xj, is the one-step-ahead thermal
state®. With M pre-trained TSFMs {f/ }jw: ; and a physics-informed
RC model fy, the student fj is optimized via minimizing the fol-
lowing MTKD objective:

M
Ltk (0) = Lot +A Y wi L], . 6)
j=1
As compared to the traditional KD objective in Eq.(2), the only
difference is that LyiTkp includes a weighted sum of distillation loss
from each teacher TSFM, i.e., ‘Eéis = ||Yi - Yi |12, where Yi is the
Jj-th teacher prediction. Here, [w}c, ., wkM ] is a vector of teacher
weights to control each distillation loss on the training sample
(Xk, Yi). The goal is to optimize teacher weights to maximize

distillation effectiveness.

3.22 Motivation for RL-based MTKD. Existing MTKD meth-
ods mainly differ in how teacher contributions are estimated during
distillation. A first family adopts fixed or heuristic weighting strate-
gies, such as ensemble-style averaging, confidence-aware weight-
ing, or weights computed from predefined reliability scores [63, 68,
74]. These methods are simple and effective when teacher useful-
ness can be approximated by teacher-side or sample-level indicators,
e.g., confidence, prediction error, uncertainty, or apparent reliabil-
ity. However, this assumption does not hold reliably in our setting,
as validated in our preliminary study in §3.1. The indirect rela-
tion between teacher accuracy and distillation usefulness therefore
motivates a learnable weighting mechanism.

3We set L > 1 to accommodate the TSFM’s requirement for a relatively long temporal
context, whereas the RC model only uses the last step in the input data for prediction.
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Figure 5: Paradigm of RL-based MTKD. Parameters of the RL
agent (¢) and student RC model (0) are jointly optimized.

A second family therefore employs learnable adaptive weighting
methods, such as meta-weight networks or gating networks, to
generate input-dependent teacher weights from observable train-
ing signals, such as the current sample, teacher performance, or
teacher—student discrepancies [38, 55, 75]. These methods improve
over fixed heuristics by learning teacher combinations in a dif-
ferentiable and data-dependent manner. Nevertheless, many such
methods remain largely myopic, as teacher weights are typically
optimized according to current samples or immediate training feed-
back. In practice, the effect of a weighting decision may only be-
come evident after subsequent student updates. A typical example
is curriculum-like distillation [32]: a student at an early training
stage may first benefit from simpler or more consistent supervision,
even if the corresponding teacher is not the most accurate one, and
later exploit more accurate but harder-to-fit teachers as training
proceeds. Therefore, preferred teacher weights should depend not
only on the current sample or teacher quality, but also on the stu-
dent’s learning stage and the expected effect of each weighting
decision on subsequent training.

Based on the above discussion, teacher contributions should be
optimized throughout the distillation process, rather than deter-
mined by one-time teacher selection or a static teacher combination.
This naturally leads to a sequential decision-making formulation,
where each weighting action affects both the current distillation
loss and the subsequent state of the student model. Following prior
RL-based MTKD studies [66, 67, 71, 72], we use RL to optimize
teacher weights throughout the distillation process. Specifically,
the RL agent interacts with student training and learns a weighting
policy that accounts for both immediate feedback and accumu-
lated effects over the distillation trajectory. The detailed problem
formulation is presented in the following.

3.2.3 Problem Statement. Figure 5 illustrates a standard para-
digm of RL-based MTKD, where an RL agent 74 parameterized by
¢ is introduced to interact with the distillation process and learn
the optimal teacher-weighting policy to enhance distillation gains.
At each KD step k, the agent 7, observes state s, which encodes
information from the current training sample (X, Yx), and outputs
an action aj = [Wllc’ ey w]](w]. The student f7 is then updated via
LymTrp and its prediction accuracy is used as the reward ry. After



E-Energy ’26, June 22-25, 2026, Banff, AB, Canada

a whole episode of training samples, the agent 74 will be updated
to maximize the expected return:

](¢) = En¢

N
>, y"‘lrk] : (4)
k=1

Here, the discount factor y = 1 since student’s performance on each
data sample is considered of equal importance. Ideally, after multi-
ple training episodes, the performance of the distilled RC model fes
will be significantly enhanced, driven by the ability of 7y in con-
tinuously providing optimal combinations of teacher knowledge.

4 Methodology

In this paper, we propose THERMOSTILL, a novel RL-based MTKD
framework to address the problem of distilling knowledge from
multiple TSFMs into a student RC model for MPC-based HVAC
control. The overall framework is shown in Figure 6.

4.1 RL Formulation

We first present the RL formulation in THERMOSTILL by introducing
the instantiation of the state, action, and reward.

4.1.1 State. To enable the RL agent to make judicious decisions,
the state s is designed to encompass the following information:

(1) Input thermal variable representation. The input sequence X
implicitly encodes the current operating context of the thermal dy-
namics. Motivated by our preliminary findings that teacher efficacy
varies across different data patterns, we employ a temporal encoder
E(-) to extract a compact embedding e; = E(Xj) to augment the
state vector. The architecture of E(-) will be introduced later.

(2) Teacher prediction error. The capability of teacher TSFMs serve
as important information for the agent to adjust their contributions.
Therefore, the prediction error of each teacher TSFM over the cur-
rent sample, i.e., Ei =Yg - Y{CH% is included in the state vector.

(3) Teacher-student prediction discrepancy. We also introduce the
prediction discrepancy between the student and each teacher, i.e.,
5] — ”Ys
age assigning high weights to teachers with drastically divergent
predictions, as such large gaps might indicate a misalignment or
excessive difficulty that could lead to negative transfer.

Combining the above components, the state vector sy is defined
in Eq. (5), where Concat(-) denotes the concatenation operator.

Yi ||I2, into the state vector. The rationale is to discour-

1 1 M
Sk = Concat(ek,ek, s ,5 ...,5k ) (5)

4.1.2 Action. The action aj is defined as a continuous weight
vector [Wllc’ cs W;CVI] , where each element wi € [0, 1] represents the
weight assigned to the j-th teacher. By dynamically adjusting these
weights, the agent can selectively leverage informative teachers
while suppressing less relevant ones, thereby facilitating effective
and adaptive knowledge transfer.

4.1.3 Reward. The reward function ry. is designed to quantify the
effectiveness of the action a; in improving the thermal dynamics
modeling accuracy of the student RC model. It consists of two
components. First, we compute the student model’s prediction error
on the current sample, i.e., & = ||Yr — Yi”% to reflect the direct
improvement. Second, to encourage generalization and mitigate
the risk of overfitting, we evaluate the student model on a held-out
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Figure 6: Overview of the THERMOSTILL approach.

validation set Dy, whose samples are excluded from training. The
average prediction error on this set, i.e., el = By o D I1Yir =
Yi, ||§], reflects the student’s generalization capability. We use k’
to denote the sample index in the validation set. The final reward
function is represented in Eq.(6), where 1 controls the trade-off
between fitting the current sample and generalizing to unseen data.
Here, the reward is defined by the negative loss, since a lower loss
value indicates a better student.

re == |neg + (1= n)e*d (6)

4.2 Architectural Design

In this section, we present the architectural design for networks
in THERMOSTILL, which includes a decomposition-based temporal
encoder and an MLP-based policy network.

4.2.1 Decomposition-based Temporal Encoder. We propose
a lightweight and effective decomposition-based encoder to extract
latent temporal features from the input Xj. Specifically, X is first
decomposed into a trend component X}:e and a seasonality compo-
nent X3**, each of which is projected via linear layers separately
into latent spaces and then combined to form the final temporal fea-
ture. In the context of thermal systems, this decomposition allows
the encoder to capture slow-varying temperature changes caused
by building thermal inertia and recurring fluctuations induced by
periodic heating/cooling cycles, thereby extracting structured tem-
poral information. The process can be represented as:

X}’ = AvgPool (X), X3 = X - X}, (7a)
e = WX + WSAXS2 (7b)

Here, we follow a mainstream decomposition strategy using average
pooling [51, 73]. W' and W2 are learnable weight matrices for
linear transformations of the trend and seasonality components.

4.2.2 MLP-based Policy Network. The policy network 74 is im-
plemented as a multi-layer perceptron (MLP) that maps the current
state sg to the action distribution. Given that the teacher weights in
ay are bounded in [0, 1], we model the policy using Beta distribu-
tions, which naturally enforces the value constraint and allows the
agent to flexibly adjust the contribution of each teacher individually.
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Algorithm 1: THERMOSTILL Training Procedure.

Input: The transfer dataset Dyyain, Pre-trained TSFMs { f/ }j‘i "
and policy network 7.
Output: The trained student RC model fj.
/* Pre-training of Student Model */
1 Pre-train the student model fy by Lg; on all training samples
(Xk> Yi) € Drrains
/* Joint Training of Student Model & Policy Network =x/

2 fori=1,..#Episodes do

3 Initialize set H to store episode history ;

4 for each data sample (X, Yr) € Dirain do

5 Construct state vector s for sample (Xg, Yx) via Eq.(5);
6 Generate teacher weights ax via Eq.(8,9);

7 Compute Lyrkp via Eq.(3) with generated weights aj and

teacher TSFMs { f/ };\il;

8 Update student RC model f; using Lmtkp;

9 Compute reward ry via Eq. (6);

10 Save (s, a, r) to the episode history H;
1 for each (s, ag,rr) € Hdo

12 L Update policy network 74 via PPO;

Formally, the network consists of two fully-connected layers:
h = ReLU(W™Ms; + b™"),

ay, P = Softplus(WO" h + bOU), 8)

where W and b denote the learnable weight matrices and bias
vectors. Note that we apply the Softplus activation in the output
layer to ensure that the distribution parameters o and S remain
strictly positive. The weight for each teacher is sampled from its
corresponding Beta distribution:

wi ~ Beta(ai,ﬁi), j=1,...,M. 9)

4.3 Model Training

In this section, we first describe a physical-consistency regulariza-
tion to ensure the validity of physical parameters in the student
RC model during distillation. Then, we introduce the RL training
algorithm together with the overall training procedure.

4.3.1 Physical-consistency Regularization. The learnable pa-
rameters in RC models represent intrinsic physical properties like
thermal resistance and capacitance. Direct optimization often yields
physically implausible values inapplicable for practical HVAC con-
trol [2]. While we constrain these parameters within realistic bounds
following prior studies [47, 54, 61], a critical structural constraint
arises from discretization of RC models for forecasting. Specifically,
to ensure a valid discrete-time state transition with a time interval
Ak, the building’s thermal time constant 7 (z = RC for a first-order
RC model) must significantly exceed the sampling interval, i.e.,
7> Ak [24]. To enforce this condition, we incorporate a regular-
ization term Lpyy = (Ak/ 7)2 into the MTKD objective in Eq.(3).
Notably, the gradient magnitude scales as |V,| oc 773, ensuring the
regularization activates only when 7 approaches Ak and remains
negligible when 7 > Ak.
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4.3.2 RL Training via PPO. The RL agent is trained via interact-
ing with the distillation process of the student RC model, which
naturally falls into the setting of online RL. To ensure stable policy
learning, we adopt Proximal Policy Optimization (PPO) [56] to opti-
mize the RL agent. PPO is a policy gradient method that constrains
policy updates within a trust region through a clipped surrogate
objective, effectively preventing overly aggressive policy changes.

4.3.3 Overall Training Process. Algorithm 1 illustrates the over-
all THERMOSTILL training procedure, which comprises a pre-training
phase and a joint-training phase. Specifically, we first pre-train the
student RC model f; using the ground-truth loss Lg; without KD
for a few epochs (i.e., 20 epochs). The rationale behind this design
is that the policy network requires a valid reward signal for opti-
mization, while an untrained student model’s feedback could be
completely useless and even harmful for policy learning. Therefore,
pre-training gives the student model a reasonable initialization with
basic knowledge on the thermal dynamics modeling task, allowing
the policy network to correctly assess the performance of diverse
combinations of knowledge from TSFMs. Then, in the joint training
phase of the policy network 74 and RC model fy, for each episode,
the policy network generates teacher weights, and the student RC
model f is trained via distillation. At the end of each episode, the
collected (state, action, reward) triplet is utilized to optimize the
agent 74 via a standard PPO algorithm.

5 Evaluation on thermal dynamics modeling

In this section, we present the evaluation of THERMOSTILL with the
following research questions:

RQ1: How does THERMOSTILL perform when compared with
existing MTKD techniques?

RQ2: How do the key components in KD framework, i.e., student,
teacher, transfer set, affect the performance of THERMOSTILL?

RQ3: How does each designed component in THERMOSTILL con-
tribute to its performance?

5.1 Experiment Setup

Datasets. To evaluate the thermal dynamics modeling accuracy
of THERMOSTILL, we adopt a publicly available processed subset
of the large-scale ecobee [40] dataset, which has been utilized for
benchmarking TSFMs in prior measurement studies [48, 49]. This
subset comprises hourly thermal data from 841 real-world buildings
across four U.S. states: California, Texas, [llinois, and New York in
the year of 2017. Each building is further subsampled to have 28
days of training data and 4 days of testing data from cooling seasons.
Teacher and student models. We adopt three representative
TSFMs as teacher models for this evaluation. Specifically, we select
two product-level TSFMs, i.e., TimesFM [9] developed by Google
and Chronos [1] developed by Amazon, as well as the largest pub-
licly available TSFM to date, TimeMoE [57] 4. We adopt a first-order
RC model as the student for most experiments in this evaluation.
Baselines. We compare THERMOSTILL against four MTKD base-
lines: (1) U-Ensemble [68] assigns equal weights to all candidate
teacher models. (2) W-Ensemble [63] is a weighted ensemble method

“The detailed model versions used in this study are TimesFM (google/timesfm-2.5-
200m-pytorch), TimeMoE (Maple728/TimeMoE-200M), and Chronos (amazon/chronos-
t5-large, 710M).
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Table 2: Overall performance comparison of THERMOSTILL and MTKD baselines. The ecobee dataset is divided into four
subsets based on the geographical location (state) of buildings for detailed analysis. Performance of RC models trained with

THERMOSTILL and baselines are compared in the Student+KD category, where the best results are highlighted in bold.

Catesor Method California Illinois New York Texas
gory MAE MSE CV-RMSE | MAE MSE CV-RMSE | MAE MSE CV-RMSE | MAE MSE CV-RMSE
TimesFM 0.2395  0.1341 0.1135 | 0.2291 01250  0.1079 | 0.2330 0.1448  0.1121 02375  0.1338  0.1109
Teacher TimeMoE 0.2424  0.1349 0.1144 0.2314  0.1248 0.1081 0.2394  0.1498 0.1138 0.2383  0.1327 0.1099
Chronos 0.3183  0.2237 0.1502 0.3028  0.2106 0.1441 0.3087  0.2441 0.1506 0.3054  0.2077 0.1410
Student RC Model 04754 03566 01959 | 03199 0.1908  0.1389 | 03281 0.2207  0.1450 | 03503 0.2434  0.1539
+U-Ensemble | 04132 02891  0.1764 | 03004 0.1777  0.1318 | 03149 02124  0.1394 | 03581 0.2705  0.1571
+W-Ensemble | 04113 02872  0.1740 | 02972 0.1743  0.1306 | 03081 0.2057  0.1370 | 0.3278 0.2256  0.1454
Student + MMKD 04297 03121 01829 | 02978 0.1727  0.1307 | 0.3088 02045  0.1379 | 0.3198 0.2137  0.1424
+KD + MTKD-RL 04253 03021 01790 | 0.2957 0.1711  0.1303 03084 02043 01378 | 03193 02131  0.1421
+ THERMOSTILL | 0.3524 0.2318  0.1536 | 0.2683 0.1550  0.1211 | 0.2768 0.1861  0.1278 | 0.2967 0.1968  0.1338
which assigns a fixed but different weight to each teacher model. (3)
MMKD [75] proposes a meta-weight network to learn the optimal 0.5 == W; T:Ermosgl!ll
. BN w/o ermosti
teacher weights at a batch-level. (4) MTKD-RL [67] employs an RL 0.4{ o357 0.358

agent to adaptively decide teacher weights based on both teacher
performance and teacher-student gaps.

Implementation details. For each building in the ecobee dataset,
we consider the first 28-day data as the transfer set for RC model
distillation. The follow-up 4-day data is considered as the test set
for RC model evaluation. This setup follows existing measurement
studies for TSFMs [48, 49]. For THERMOSTILL, the last 4 days in the
transfer set is kept as the validation set. The length of input data L
is set to 168. We adopt mean absolute error (MAE), mean squared
error (MSE), and coefficient of variation of the root mean squared
error (CV-RMSE) as metrics to evaluate the thermal dynamics mod-
eling accuracy. All methods are trained using an Adam optimizer
with maximum 200 epochs. The weight for the distillation loss A is
set to 0.5. The hyperparameter for reward function 7 is set to 0.8.

5.2 Main Results

To answer RQ1, we comprehensively evaluate THERMOSTILL on
the ecobee dataset and compare it against state-of-the-art MTKD
baselines. Table 2 summarizes the performance across buildings in
four USS. states. The “Teacher” category reports the zero-shot fore-
casting error of the TSFMs, while the “Student” category reflects the
baseline RC model trained solely on data without distillation. Over-
all, THERMOSTILL significantly enhances the baseline RC model,
reducing average prediction error by 19.0%, 23.9%, and 15.4% in
terms of MAE, MSE, and CV-RMSE. Furthermore, THERMOSTILL
consistently outperforms all four baselines, achieving 19.0%, 13.8%,
14.8%, and 13.6% MSE improvement respectively. These results
highlight the effectiveness of THERMOSTILL in dynamically aggre-
gating appropriate knowledge from TSFMs for enhanced student
RC model performance. Furthermore, THERMOSTILL exhibits robust
resilience against negative transfer, whereas methods assigning
fixed teacher weights (e.g., U-Ensemble) remain vulnerable to in-
ferior teacher predictions. For instance, in the New York subset,
the teacher Chronos performs worse than even the naive student,
causing U-Ensemble to provide a limited MSE improvement of 3.7%.
In contrast, THERMOSTILL effectively filters this noise to achieve a
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Figure 7: Performance of different RC models trained with
and without THERMOSTILL.

superior improvement of 15.7%, validating the proposed RL agent’s
capability to distinguish and reject unreliable supervision signals.

5.3 Detailed Analysis

To answer RQ2, we further study the effectiveness of THERMOSTILL
by varying three key components of the KD framework: 1) the
architecture of the student RC model; 2) the selection of teacher
TSFMs; and 3) the impact of different training set sizes.

Different students. To assess the effectiveness of THERMOSTILL
across distinct physical representations, we extend our evaluation
to two additional RC architectures with extra physical parameters,
i.e,, 2R1C and 2R2C (detailed in Appendix A). Furthermore, since the
ecobee dataset includes ambient temperature as the sole exogenous
disturbance, we augment the feature space by integrating auxiliary
solar irradiation data from the National Solar Irradiation Dataset>.
This setup yields three additional RC model variants that can ac-
count for solar heat gain. The results on buildings in California are
in Figure 7. THERMOSTILL delivers substantial performance gains,
achieving an average MSE improvement of 24.4% across all six RC
models compared to baselines trained without THERMOSTILL. This
confirms the effectiveness of THERMOSTILL across diverse student
architectures. Notably, the performance enhancement is more pro-
nounced in simpler RC architectures compared to their complex
counterparts, ranging from 17.7% to 35.0%. We attribute this to the
limited capacity of lower-order models to capture complex thermal

5The dataset is available at: https://developer.nrel.gov/docs/solar/nsrdb/.
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Figure 8: Performance of RC models trained with THERMOS-
TILL under different sets of teacher TSFMs. A, B, and C re-
spectively denote Chronos, TimesFM, and TimeMoE. The
dashed line indicates the average MSE of the baseline RC
model trained without distillation.

0.41 Baseline RC
+ U-Ensemble
+ W-Ensemble
=0— + MMKD
% 0.31 —o— + MTKD-RL
= + ThermosStill
0.2
1 w'eek 2 wéeks 3 wéeks 4 wéeks

Training set sizes

Figure 9: Performance of THERMOSTILL and other MTKD
baselines under different training set sizes.

dynamics from noisy raw data. By providing smoothed supervision
signals, TSFMs compensate for these structural limitations, guiding
the simpler students toward a more optimal solution.

Different teachers. To examine the performance of THERMOS-
TILL with varying sets of teacher TSFMs, we designate the three
evaluated TSFMs as Chronos (A), TimesFM (B), and TimeMoE (C),
creating seven distinct teacher configurations ranging from single-
model setups to the full combination, as illustrated in Figure 8 on
Texas buildings. In single-teacher settings, THERMOSTILL functions
as an adaptive weighting mechanism, dynamically adjusting the
supervision signal of the single teacher for different samples. The
horizontal dashed line represents the average MSE of the baseline
RC model trained without distillation. Overall, the forecasting error
exhibits a consistent downward trend as the teacher set expands,
achieving average MSE improvement of 1.1%, 8.7%, and 19.1% for
combinations of one to three TSFMs as compared to the baseline RC
model. This suggests that diverse TSFMs encode complementary
knowledge, the aggregation of which yields performance superior
to that of any single model. Notably, the RC model distilled solely
from Chronos performs slightly worse than the baseline, further
underscoring the insufficiency and potential bias of relying on a
single TSFM for different buildings.

Different transfer set sizes. We next study the effectiveness
of THERMOSTILL and baselines under limited training data, which
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Table 3: Ablation study on key designs of THERMOSTILL. The
best results are highlighted in bold.

Variant MAE MSE CV-RMSE
w/o temporal encoder 0.2815  0.1654 0.1278
w/o validation reward 0.2734  0.1663 0.1247
w/o physical regularization  0.2845  0.1670 0.1335
w/o student pre-training 0.2886  0.1691 0.1367
THERMOSTILL 0.2683 0.1550 0.1211

constitutes a practical constraint in real-world building energy sys-
tems. Specifically, we vary the training set size from one week to
four weeks and evaluate on buildings in New York. Note that for
the one-week setting, the input data length L is adjusted from 168
to 24 to ensure that there are enough data for obtaining predic-
tions from TSFMs. As shown in Figure 9, THERMOSTILL consistently
outperforms all baselines, delivering average MSE improvements
of 13.6%, 17.9%, 16.7%, and 11.1% for each tested training set size.
Notably, we observe that THERMOSTILL is able to surpass baselines
that utilize more training data. For instance, THERMOSTILL trained
on three-week data outperforms all baselines on the full four-week
dataset. These results indicate that THERMOSTILL provides impres-
sive data-efficiency and a consistent performance enhancement
regardless of the specific data setup.

5.4 Ablation Study

To answer RQ3, we conduct an ablation study in Table 3 to validate
the contributions of key designs in THERMOSTILL. By isolating these
designs, we propose four variants of THERMOSTILL, each purpose-
fully modified to test the significance of specific components:

e w/o temporal encoder replaces the decomposition-based tem-
poral encoder with a fully connected layer.

e w/ovalidation reward removes the reward term of forecasting
accuracy on a held-out validation set.

¢ w/o physical regularization excludes the physical-consistency
regularization on learnable parameters in RC models.

e w/o student pre-training removes the pre-training phase of
the student RC model, directly performing joint training.

The results on buildings in Illinois indicate that each design com-
ponent contributes to the superior performance of THERMOSTILL.
Notably, omitting student pre-training leads to the most significant
performance drop, increasing the MSE by 8.3%. This highlights
the necessity of a well-initialized student model to provide stable
reward signals for the optimization of the RL agent.

6 Control experiment 1: Simulation Study

To evaluate the efficacy of THERMOSTILL, we conduct closed-loop
experiments using the Building Optimization Performance Tests
(BOPTEST) simulation framework [3]. Specifically, the “BESTEST
Hydronic Heat Pump” test case is selected. We first operate the
BOPTEST environment using its default PI controller for a duration
of 45 days (Jan 1 to Feb 14) at 30-minute intervals. The operational
data collected during this period is split into a 30-day transfer set
and a 15-day validation set. Using this training data, we develop two
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Table 4: Control performance for all controllers. The results
of RBC are considered as the baseline for energy savings.

Energy Energy Thermal Dis-
Controll
@ ontrofier (kWh)] Savings(%)] comfort(Kh)|
- RBC 1179.09 - 22.01
5 MPC-RC 892.51 24.30 31.07
MPC-THERMOSTILL  812.92 31.05 16.47
10 MPC-RC 876.69 25.64 22.07
MPC-THERMOSTILL  836.96 29.01 9.99
20 MPC-RC 864.80 26.65 18.45
MPC-THERMOSTILL ~ 852.53 27.69 9.38
—— RBC Temp./Control ~ —— MPC-RC Temp./Control
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Figure 10: Comparison of indoor temperature and HVAC
control signal for RBC, MPC-RC, and MPC-THERMOSTILL
over the first four days of the simulation period (v = 5).

distinct RC models: one distilled via THERMOSTILL, and a baseline
RC model trained solely on the data. The training process is repeated
five times and the best model is selected for deployment due to
stochasticity in THERMOSTILL. Subsequently, the two RC models are
separately integrated into an MPC framework and deployed into the
BOPTEST environment for a follow-up 30-day simulation (Feb 15 to
Mar 16). The control objective is to minimize energy consumption
and thermal discomfort, i.e., /] = Jenergy + @ - Jeomfort> where w
denotes a weight factor for the thermal comfort objective. The MPC
operates with a horizon of H = 24 steps and a control interval of
30 minutes. Details on the RC model and MPC formulations are
presented in Appendix B.1.

We compare the performance of three controllers: MPC with the
RC model distilled via THERMOSTILL (MPC-THERMOSTILL), MPC
with the baseline RC model (MPC-RC), and the default rule-based
PI controller (RBC) from BOPTEST. The experiments are conducted
under three settings with varying weights o € {5, 10, 20} assigned
to the thermal comfort objective. This allows us to study the behav-
ior of controllers under different optimization priorities. The one-
month simulation results are summarized in Table 4. Here, thermal
discomfort is a default BOPTEST performance indicator, defined
as the cumulative temperature deviation from comfort thresholds
(in K - h). Overall, both MPC controllers achieve significant energy
savings compared to RBC, with average energy savings of 25.5% and
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Figure 11: Deployed HVAC control system integrated with
TSFMs and THERMOSTILL.

29.2% delivered by MPC-RC and MPC-THERMOSTILL, respectively.
Beyond energy efficiency, MPC-THERMOSTILL effectively reduces
an average thermal discomfort of 49.9% as compared to MPC-RC
across all experimental settings. These results confirm that the su-
periority of THERMOSTILL in accurate thermal dynamics modeling
can translate to an effective HVAC control strategy.

Figure 10 illustrates the detailed control behaviors during the
first four days of the simulation period. Since MPC-RC and MPC-
THERMOSTILL share the same MPC formulation, they exhibit gener-
ally similar control patterns. However, the more accurate model-
ing provided by THERMOSTILL results in more precise timing for
control actions. For instance, prior to the start of the occupancy pe-
riod, MPC-THERMOSTILL initiates preheating earlier than MPC-RC.
This proactive action successfully maintains the zone temperature
within the comfortable range, whereas MPC-RC results in tem-
peratures falling significantly below the setpoint. Similarly, before
the occupied period ends, MPC-THERMOSTILL turns off the heat
pump earlier than MPC-RC. This better matches the shift to the
unoccupied period, saving energy without affecting comfort.

7 Control experiment 2: Real-World
Deployment

This section presents an end-to-end deployment of THERMOSTILL
in a meeting room of a research building at the University of Osaka,
Japan, from Dec. 18, 2025, to Jan. 18, 2026. Before deployment, we
collect the operational data generated with the default rule-based
PI controller from Nov 10, 2025 to Dec 10, 2025 as the transfer set to
train an RC model with THERMOSTILL. The data from Dec 11, 2025 to
Dec 17, 2025 are used as the validation set which we use to choose
the best RC model under five training runs with THERMOSTILL.
Then, the RC model is integrated into an MPC framework which
operates with a horizon of H = 24 steps and a control interval of
one hour. The control objective is to minimize energy consumption
while maintaining the room temperature within a comfort bound
(22 £ 2°C) during working hours (from 8:00 a.m. to 8:00 p.m.). A
diagram of the deployed HVAC control system integrated with
THERMOSTILL is depicted in Figure 11. Details on the RC model and
MPC formulations are presented in Appendix B.2.
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We present the one-week deployment results in Figure 12 and
provide the full one-month results in Appendix C. Overall, THER-
MoSTILL demonstrates effective control behavior. Each day, the
HVAC system initiates preheating around 6:00 a.m. to gradually
warm the room prior to occupancy. During working hours, the
controller maintains the temperature setpoint near 22°C, keeping
the room temperature within the comfort range, and switches off
early to conserve energy. These results demonstrate that THERMOS-
TILL enables the MPC controller to closely adhere to the occupancy
schedule, achieving energy savings without sacrificing comfort.
While the general operation is stable, we observe some anomalous
behaviors. For instance, two distinct spikes in the temperature set-
point occurred on Jan 5. Operational logs confirm that these were
caused by manual overrides from occupants. Additionally, the room
temperature frequently hovers near or exceeds the upper comfort
bound. This discrepancy arises because the data collection sensor
is mounted at the ceiling level. Consequently, the recorded temper-
ature is typically lower than the temperature actually perceived by
the occupants, leading to slight overheating.

8 Discussion

Integration of RL and MPC in HVAC control. Many prior works
have explored RL for direct HVAC control, e.g., outputting real-
time setpoints. However, real-world deployment is often hindered
by safety concerns, limited interpretability, and high data depen-
dency [8, 70]. Conversely, MPC is widely adopted in industrial con-
trol due to receding-horizon optimization and explicit constraint
handling. Integrating RL into MPC thus offers a synergistic per-
spective: RL optimizes learnable components in the model-based
pipeline, while MPC handles structured decision-making and con-
straint satisfaction. For instance, differentiable-MPC-based HVAC
controllers such as Ibex-RL [46] use RL to adapt model-based com-
ponents, including physics-informed dynamics and cost-related
terms. Similarly, THERMOSTILL introduces RL agent to distill ther-
mal dynamics model from pre-trained TSFMs for MPC. Thus, RL
neither directly generates HVAC actions nor replaces MPC. The fi-
nal HVAC control actions are still computed by MPC under explicit
operational and comfort constraints.
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TSFMs with covariate handling. While incorporating covari-
ates inherently aligns with the multivariate nature of thermal dy-
namics, we argue that the success of KD depends primarily on
the knowledge encapsulated in the teacher’s outputs, rather than
the features they utilize as input. Existing benchmark [49] reveals
that covariate-aware TSFMs often yield comparable or even in-
ferior accuracy in unseen domains compared to their univariate
counterparts. This underperformance is likely attributed to fea-
ture misalignment between general-purpose pre-training data and
building-specific control signals, which introduces noise rather
than valid information. Motivated by these findings, we configure
TSFMs to perform univariate forecasting in this study to ensure the
delivery of high-quality supervision signals.

FM fusion. Model fusion [31] is an emerging paradigm that
merges the parameters or predictions of multiple deep learning
models into a single, more robust model. While FMs have demon-
strated capabilities superior to those of traditional models, no single
FM is universally optimal. Distinct FMs possess unique strengths
due to variations in architecture, objectives, and pre-training data.
This has motivated a growing body of research on FM fusion to
enhance general performance [15], improve cross-task adaptability
[21], and mitigate computational overhead [58]. The MTKD frame-
work adopted in THERMOSTILL serves as a concrete implementation
of this fusion concept. Consequently, this work represents a pio-
neering exploration into the fusion of TSFMs, specifically tailored
for building energy management applications.

9 Conclusion

In this paper, we presented THERMOSTILL, a novel approach to ap-
ply general-purpose TSFMs for MPC-based HVAC control. Specifi-
cally, THERMOSTILL utilizes an RL-based multi-teacher knowledge
distillation framework to aggregate and transfer knowledge from
multiple TSFMs into a physics-informed RC model for MPC integra-
tion. Extensive evaluations, including modeling benchmarks across
hundreds of buildings, standardized BOPTEST simulations, and a
month-long real-world deployment, demonstrate that THERMOS-
TILL significantly enhances both modeling accuracy and energy
efficiency in practical MPC-based HVAC control.

Future work. Future research may expand in two promising
directions. First, methodologically, integrating THERMOSTILL with
decision-focused learning techniques, such as differentiable MPC,
warrants further exploration. Aligning the distillation objective
with downstream control performance could yield models opti-
mized for decision-making rather than pure prediction. Second,
regarding application scope, extending THERMOSTILL to other con-
trol frameworks, such as model-based RL, or to energy-intensive
environments like data centers, would help validate the broader
generalizability of this foundation-model-driven control paradigm.
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A RC Model Formulation

We present the formulations of three RC models adopted in the
main experiment on the ecobee dataset. Let k denote continuous
time. The variables include: T;;, for indoor temperature, Tyy,; for
outdoor temperature, Qp,qc for controlled cooling input, and Q,,;
for exogenous solar irradiance gain.
1R1C model. The 1R1C model represents the simplest thermal
dynamics:
dTin Tout = Tin

C =

dk R + Qsol - Qhuacs (10)

where R and C denote the thermal resistance and capacitance, re-
spectively. The solar gain is Q5o = Iso1Aeff, where Iy, is the global
horizontal irradiance and A, ¢ s is the effective solar aperture. The
learnable parameters are 0 = {R,C, A, ff}.
2R1C model. The 2R1C model introduces an additional thermal
mass to account for internal heat storage:
dTin Tm - Tin + Tout - Tin

C =

. o 1
dk Ry Rour +Qsol thacs ( )

where T,,, represents the effective thermal mass temperature. Ry,
is the resistance between the zone air and internal mass and R,y
is the resistance to the ambient environment. Solar gain is Qg; =
Lio1Aes - The learnable parameters are 0 = {Rm, Rour, C, Aefr}-

2R2C model. The 2R2C model describes the coupled dynamics
of the indoor air and the building envelope:

dTin T~ Tin

ik = R; + Qsol,i - Qhuac’ (12a)
dTe Tin —Te Tour — Te 5

Ce—— = + + s 12b

e dk R; Re Qsol,e ( )

where T, is the envelope temperature. R; and R, represent the
indoor-to-envelope and envelope-to-ambient resistances. C; and
Ce are the respective thermal capacitances. Solar gains are respec-
tively defined as Qgoy; = IioAi and Qgop ¢ = IsorAe. The learnable
parameters are 0 = {R;, Re, Ci, Ce, Aj, Ae}-

B Implementation Details on Control
Experiments

B.1 Simulation Study

RC model. In this simulation experiment, we adopt a 2R2C model
which is slightly different from the one we used for experiment on
the ecobee dataset in Eq.(12a). The RC model is given by:

dT; T - T; . . .
i d;cn == R = +AiQsol + KQint + Qnoacs
i
dTe Tin - Te Tout - Te .
Ce—— = + +A . 13
e dk R; R, EQsol ( a)

Here, Qppqc denotes the HVAC heat input to be controlled via
adjusting the heat pump modulating signal u (ranging from 0
to 1). Tour is the ambient temperature. Qg,; is the solar irradi-
ance; Qin; is the internal heat gain. The learnable parameters are
0 = {Ri, Re, Ci, Ce, Aj, Ae, K}. The additional parameter K denotes
a scaling factor to estimate total internal heat gains from Qjp;.
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MPC Formulation. The MPC optimization problem is formu-
lated as:

H
min Z (thac k- Ak +o- 5k) (14a)
urH ?
k=1
st. Tino = Tino (14b)
Tin,k+1 = f(ﬁ'n,k: Tout,k’ Isol,k: Qint,ks thac,k)a vk (14C)
TIOW 65 < Tip < TH9" 4 51, VK (14d)
0<u < 1LVk (14€)
S > 0, Vk. (14f)

Here, H denotes the prediction horizon. The objective function
aims to minimize the combined cost of energy consumption and
weighted thermal discomfort over the prediction horizon. The first
term, Ppyq k - Ak, calculates the HVAC energy usage at time step
k, where Ppyqc i is the power of the HVAC system. The second
term, w - . , penalizes the deviation from thermal comfort, where
w is a weighting parameter used to balance the trade-off between
energy efficiency and occupant comfort. d. is an auxiliary variable
introduced to ensure a non-empty feasible set for the optimiza-
tion problem, which indicates temperature deviations for a preset
thermal comfort threshold.

The constraints are defined as follows: Eq. (14b) specifies the
initialization of the indoor temperature state. Eq. (14c) characterizes
the system dynamics, predicting the evolution of the indoor tem-
perature T;,, based on the RC model defined in Eq.(13a). Eq. (14d)
defines the thermal comfort bounds, maintaining the indoor temper-

ature within the range [T, high
ink’ ink

input uy, (i.e., modulation signal) within the feasible range of 0 to 1.

Finally, Eq. (14f) ensures that the comfort violation term &3 remains

non-negative.

]. Eq. (14e) restricts the control

B.2 Real-world Deployment

RC model. In this real-world deployment, we adopt a simple 1R1C
model which takes the same form as Eq.(10) but in a heating mode.

MPC Formulation. To maintain a comfortable indoor environ-
ment, the indoor temperature is regulated within a specific comfort
range:

Tiower — Sk < Tin < Tupper + Sk, Vk, (15)
0<s, VK (16)

where Tjyyyer and Typper denote the lower and upper bounds for
the indoor temperature. This temperature boundary is calculated
by a linear regression Predicted Mean Vote (PMV) thermal comfort
model [76]. Slack variable si is also a decision variable, taking a
positive value when it exceeds the lower/upper bound. The thermal
comfort term Jeom fors is denoted by following expression:

H k 2
Zk=l Ok ) (Tln - ref)
worst-case

]comfort = (17)

where Oy is the room’s occupant information and Oy = 1represents
the room is occupied at time k for planning period H, and otherwise
Ok =0, and T,y is the room’s target temperature. Term Jeom fort
is normalized by dividing it with the worst-case value for thermal
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comfort as,

H

2
Z Ok . (max (Tupper - Tref; Tref - Tlawer)) > (18)
k=1

where max(-, -) selects the larger value. During actual HVAC oper-
ation, the HVAC unable to operate at a low power load. Therefore,
we introduce following constraint on HVAC power consumption
Dy, for time step k as:

Diowest - 9k < Dy < Dygted - gk’ Vk, (19)

where Dj,yes; denoted the lowest possible power consumption
when HVAC is operating, and D,.,;.4 is the HVAC rated power. To
represent HVAC operation state, binary variable 6 is introduced
to represent HVAC ON/OFF status, where 6 = 1 represents HVAC
is ON, and 0 = 0 represents HVAC is OFF. Same as the thermal
comfort term, the power consumption term Jeonsume is normalized
by dividing it with the worst-case value of D, ;¢4 - H. The Jeonsume
is defined as:

H
Zk=1 Dk
Dyatea - H

The proposed formulation includes two objectives, minimization of
total energy consumption, maximization of thermal comfort. The
MPC solves the following optimization problem every k step:

(20)

Jeonsume =

minimize ® * Jeonsume + (1 — @) * Jeomfort

H-1
+ P, - Z Sk
k=0
subject to (10), (15) — (20),
input Ok, Vk,

(1)

decision variables {Dg, si}, Vk,

where o is a weight parameter that adjusts the importance between
energy consumption Jeonsume and thermal comfort J.,, forts which
ranges from 0 to 1. In this experiment, we set @ = 0.1 where thermal
comfort is the main consideration, and P, is a penalty coefficient
which is set as 10,000.

C Full Real-world Deployment Result

Figure 13 presents the complete one-month real-world deployment
of THERMOSTILL within an MPC framework in a meeting room,
spanning from December 18 to January 18. The results illustrate
the evolution of indoor temperature, HVAC power consumption,
and outdoor conditions. Notably, the fluctuations observed during
the initial days (Dec 18 to Dec 20) are attributed to the on-site
commissioning and calibration phase. Following this brief adap-
tation period, THERMOSTILL achieved stable and efficient control,
consistently maintaining the indoor temperature within the desired
comfort bounds.
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Figure 13: The complete one-month deployment results of THERMOSTILL with an MPC framework in
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