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Abstract
Modeling building thermal dynamics is essential for energy opti-
mization, yet building heterogeneity and non-stationary dynamics
demand per-building customization that typically requires expert
intervention. Automated scientific discovery workflows powered
by Large Language Models (LLM) could significantly decrease the
human expertise requirements for generating custom thermal mod-
els at scale, but their performance varies considerably depending
on configuration and task, raising a key question: how should we
configure scientific agents for thermal dynamics modeling? To an-
swer this, we developed ThermalForge1, a platform for experiment-
ing with agentic approaches to hybrid neural-physics modeling
of thermal dynamics. Using a year-long dataset from hundreds of
U.S. residential smart thermostats, we investigate the impact of
physics knowledge in prompts, constraints on neural architecture
search, LLM effectiveness in determining physics-neural transition
points, model stochasticity, cost-accuracy tradeoffs, and perfor-
mance against benchmark methods.

Our results show that agentic modeling can match or exceed
state-of-the-art automated methods while offering greater flexi-
bility and reduced expertise requirements. We found important
differences in configuring the physics-neural transition point, and
demonstrate how the inherent variability of LLM outputs can be
transformed from uncertainty into a mechanism for robust model
discovery. This work presents the first large-scale application of
LLM-powered modeling agents to real-world observational data,
demonstrating their viability for thermal dynamics modeling and
paving the way to scalable methods that embed domain expertise
within automated workflows.
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1 Introduction
Modeling the thermal dynamics of buildings is essential for optimiz-
ing building energy use, yet widespread adoption of these models
remains limited due to the human expertise requirements for their
design and calibration. Physics-based approaches (e.g., [2, 9]) re-
quire experts to define and calibrate building-specific equations,
and their accuracy is constrained by incomplete physics knowl-
edge, computational resources, and measurable phenomena. On
the other hand, data-driven/statistical approaches (e.g., [19, 46]) are
easier to develop and more commonly employed by researchers
in recent years, but they suffer from poor interpretability, unre-
liable out-of-distribution performance, and inefficient data use,
while still requiring expertise for architecture design. Automated
approaches have emerged recently to generate building-specific
models (physics-based [24], or data-driven [35]) across large smart
thermostat datasets by limiting model family choices and introduc-
ing heuristics in lieu of custom expert guidance for each model.

Recent developments in automated scientific discovery—where
Large Language Models (LLMs) are being used to propose and
evaluate hypotheses against experimental observations (e.g., [28],
[18])—have opened up a new modeling paradigm that facilitates
the incorporation of domain knowledge and meta-modeling deci-
sions (e.g., selection of model family) while significantly reducing
the human expertise required to automatically generate models of
dynamical systems from data. This approach has produced promis-
ing results in other domains, though performance varies across
modeling tasks and configurations.

Nonetheless, the pre-trained knowledge available through mod-
ern LLMs could potentially transform the way we scale up thermal
modeling tasks, providing the expert guidance needed to truly cus-
tomize models for each building given available data. To assess this,
we designed ThermalForge, an agentic modeling framework for
experimenting with this approach and better understand its ben-
efits and drawbacks in the context of building thermal dynamics
modeling.
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Our work is centered around answering the following question:
how should we design and configure scientific agents for the modeling
and calibration of building thermal dynamics models? We study this
question in the context of hybrid neuro-physical models, using
ThermalForge to experiment with different framework configura-
tions. The framework is flexible enough to replicate design choices
made by other LLM-powered agents such as HDTwinGen [18] and
Scientific Generative Agents [28]. In particular, ThermalForge con-
sists of a custom agentic framework that guides LLMs through
parallel bi-level optimization processes in order to produce cus-
tom hybrid models for each building. For both physics-based and
neural models, the outer-level optimization determines appropriate
model structures (parametric equations or neural architectures)
through LLM calls, and initializes them as differentiable PyTorch
models, while the inner level calibrates the PyTorch model’s pa-
rameters against observational data. The framework first optimizes
the physics-based model until convergence (determined algorith-
mically or by LLM judgment), and then applies the same bi-level
process to develop neural components for the residual patterns.

We explore the configuration space of ThermalForge using a
publicly available year-long dataset from hundreds of U.S. residen-
tial smart thermostats. Specifically, we design experiments to study:
(a) the impact of incorporating explicit physics knowledge in LLM
prompts, (b) the effects of constraining neural architecture search
to specific patterns, (c) the LLMs’ effectiveness in determining opti-
mal transition points between physics and neural modeling, (d) the
stochasticity of the generated models, (e) cost-accuracy tradeoffs
across framework configurations, and (f) comparative performance
between custom per-home calibration versus a state-of-the-art au-
tomatic model calibration method. As a result, our paper makes the
following contributions:

(1) We provide the first demonstration of applying LLM-powered
modeling agents at scale, generating custom hybrid thermal
dynamics models for 300 homes. To our knowledge this is
the first large-scale empirical evaluation of agentic modeling
solutions for complex dynamical systems in the wild.

(2) We rigorously characterize the configuration space for these
modeling agents with respect to prompt engineering, to-
ken usage, performance, stochasticity and hyperparameters,
resulting in recommendations for both practitioners and
researchers alike.

(3) We demonstrate how to exploit the stochastic nature of mod-
eling results to improve performance at lower costs.

(4) We release ThermalForge – the framework we used to ex-
plore LLM-powered modeling of dynamical systems to allow
others to continue our exploration.

In summary, our work presents the first empirical evidence of
the effectiveness of LLM-powered agentic approaches for thermal
dynamics modeling, revealing sensitivities to architectural choices
and trade-offs across settings. Overall, results indicate that Ther-
malForge can generate sophisticated thermal dynamics models that
match the accuracy of other automated workflows in the literature
while remaining flexible to the choice of model family and avail-
able sources of data/knowledge for each building. Our experiments
with different design choices reveal practical insights for applying

these frameworks at scale, and thereby unlock the latent thermal
dynamics modeling expertise available in modern LLMs.

The rest of the paper is organized as follows: we first provide
an overview of thermal dynamics models and automated modeling
workflows in Section 2. Then, in Section 3 we introduce our thermal
dynamics modeling approach in more detail, formalize it into an
algorithmic framework and describe the design choices that we
consider worthy of exploration during our experiments. Section 4
describes the experimental plan and results, as well as the dataset
that made them possible. Lastly, Section 5 discusses the implications
of our experimental results and provide recommendations for future
work.

2 Background and Prior Work
We will consider a thermal dynamics model to be a mathematical
function ℎ that computes spatially-averaged dry-bulb indoor air
temperature values at a future time point given information about
current/past temperature values, outdoor weather and internal
loads. In its discrete-time representation, these models have the
following general form:

x𝑛+1 = ℎ𝜽 (x𝑛, u𝑛,w𝑛) + 𝝐𝑛 (1)
Here,ℎ𝜃 is the dynamics function of the system (parametrized by

𝜽 ), xn is the state vector at time-index 𝑛, un represents the vector
of controllable inputs/forcings acting on the building (e.g., cool-
ing/heating systems, fans, etc.), andwn represent the uncontrollable
disturbances/forcings (e.g., outdoor temperature, solar gains, occu-
pancy). Notably, one crucial assumption this model makes is that
the system is time-invariant – something that is rarely true in real
buildings. We will also note that ℎ can be any family of functions,
although for clarity we will use 𝑓𝜽𝒑 for physics-based models and
𝑔𝜽𝒏 to refer to neural-network or black-box models of the dynamics.
Similarly, ℎ can be any arbitrary composition function C to com-
bine physics-based and neural models, i.e. ℎ = C(𝑓𝜽𝒑 , 𝑔𝜽𝒏 ). Lastly,
modeling choices and available data result in different x, u and w
definitions. In our experiments, for example, the state x is a vector
of indoor temperatures at different zones/rooms (Ti), our control-
lable inputs u are heating duty-cycles (Q), and the disturbances w
are outdoor temperature values (To).

To better situate our problem with respect to the relevant body
of work, we now review the literature on the specific models ℎ𝜽
that have been proposed, the tools and workflows that have been
designed to automate the design and calibration of these functions,
the knowledge that LLMs have shown to have to assist in this
automation process, and the field of automated scientific discovery.

2.1 Models of Building Thermal Dynamics
A variety of models have been proposed for Equation 1 and they can
be generally categorized as being either white, gray or black box by
virtue of their interpretability and transparency [4]. In this section,
we review each of them in more detail. The goal of this review
is not to be comprehensive but rather to shed light on the state-
of-the-art modeling approaches and their comparative reliance on
human expertise. For a more thorough and up-to-date review of
the modeling approaches and tools, we refer the reader to other
sources such as [10, 19, 25].
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White Box. Fully physics-based models include those that are
contained in building energy simulation tools such as Energy-
Plus [32] and TRNSYS [38]. In these models, the parameters 𝜽
as well as the structure of the function 𝑓 itself are typically estab-
lished by an expert modeler and some manual/indirect calibration
when observations are available. These models are usually based
on coupled partial differential equations for the different physical
phenomena being simulated, which are expensive to formulate,
discretize and/or solve but can be very accurate, interpretable and
generalize well to samples outside of the calibration/training distri-
bution.

Grey Box. As their name implies, these models typically rely
on reduced-order and/or lumped representations of the system
and its dynamics, which can be more efficiently calibrated using
observational data. One of the most commonly used models in
this category are Resistance Capacitance (RC) thermal network
models [23]. These models substitute the spatially-varying building
elements with lumped thermal capacitance and resistance nodes,
effectively turning partial differential equations into ordinary ones.
The modeler chooses the configuration of the thermal components
and their connections (i.e., 𝑓𝜽 ) and then identifies the model param-
eters 𝜽 with data. These models require less fine-tuning and expert
assistance than white box ones, but their performance varies across
building components [21], they can underestimate energy use [14]
and generally do not benefit from additional calibration data past a
certain point [1, 3].

Black Box. The last category, also referred to as data-driven or
statistical/neural models, are models whose structure and parame-
ters need not bear any connection to the physical process we are
modeling. Instead, their specification is driven entirely by their abil-
ity to accurately predict the dynamics observed in the available data.
Modelers define the specific structure of the function 𝑔𝜽𝒏 (e.g., the
architecture of a neural network), and calibrate its parameters with
available data. Statistical auto-regressive models (e.g., ARX [16])
and various neural network architectures (e.g., LSTM [13, 19]) are
popular choices within this class of models. Though they generally
outperform grey-box and white-box models [3, 19], their ability to
generalize outside the training data distribution or to offer valu-
able insights to building operators is limited. To that end, some
researchers have focused on embedding physics-constraints and
knowledge into black-box models such as by constraining the archi-
tecture and function blocks for deep neural networks and/or their
outputs (e.g., [10, 45]).

Hybrid Models. Another class of approaches combine white-
box and black box models in complimentary ways (e.g., [29]). How-
ever, in addition to the expertise requirements brought about by
each of the modeling paradigms being combined, these hybrid ap-
proaches also need expertise to define the composition function C.
In particular, we note that there is a class of hybrid models (some-
times referred to as Latent Force Models) that explicitly combine
grey-box approaches for 𝑓𝜽 and black-box approaches to approxi-
mate the time-varying residual 𝝐𝑛 that seem particularly promis-
ing [17] though they require the modeler to choose, a priori, the
specific model family for the grey-box and black-box approaches.

2.2 Automated Modeling Workflows
Even with access to specialized software toolboxes for specifying
and calibrating any of the aforementioned models of building ther-
mal dynamics (e.g., MPCPy [5], BLDG [22]), scaling these efforts to
hundreds or thousands of buildings remains a challenge due to their
reliance on human expertise. To alleviate these concerns, recent
research has focused on developing tools for automating the full
model generation/calibration process. In [41] and [24], for example,
researchers introduce automated modeling approaches where the
complexity of a gray-box model is optimized via a forward- (and/or
backward-) selection process that stops based on some statistical
criteria (e.g, Bayesian Information Criteria or likelihood ratio tests).
Notably, the automated method from [24] has been successfully
applied to generate accurate models out of a dataset of 60,000 smart
thermostats [43]. While all of these research efforts share great sim-
ilarity with our overall goal of scaling-up the modeling efforts at
lower costs, they are (by design) committed to a specific modeling
approach (e.g., lumped RC models) and would require non-trivial
efforts to allow the models to benefit from additional data sources,
knowledge or to modify the modeling approach altogether. Our
hypothesis is that all of these higher-level modeling decisions typi-
cally reserved to the modeling expert could –in principle– be made
by LLM agents.

In a separate line of research, transfer learning approaches have
been receiving significant attention as of late [7, 20, 26, 34] as an-
other way to alleviate expertise requirements for modeling at scale.
In [35], for example, researchers introduced an LSTM model pre-
trained on 450 homes paired with a transfer learning approach to
fine-tune it to new homes using small amounts of data thereby sim-
plifying the modeling process. While promising, these approaches
have only been tested in the context of simulated data, and addi-
tional expert guidance may be needed to improve performance on
more diverse and realistic data distributions.

In summary, despite efforts to reduce or eliminate human exper-
tise from the modeling process, many decisions still require expert
input especially if models need to be specialized for each building to
leverage different modeling paradigms and the available knowledge
and data sources.

2.3 Foundation Models for Scientific Discovery
Using empirical observations/data to learn the dynamics function
ℎ𝜃 and/or the constitutive equations that are part of it are tasks
associated with the scientific discovery process. Though traditional
machine learning and statistical methods dominated the research
on automating these tasks [6], in recent years there has been a flurry
of research projects attempting to leverage LLMs for these efforts.
In contrast with approaches that automate a particular modeling
workflow (like those described in the previous section) these LLM-
powered processes are significantly more adaptable owing to the
broad pre-trained knowledge, flexible language interface and rea-
soning capabilities of modern LLMs. For example, LLMs have been
incorporated into automated frameworks to discover/learn con-
stitutive/dynamics models in materials science [40], physics [15],
biomedical systems [30], and ecology [18]. Andmore recently, other
kinds of foundation models beyond LLMs have been proposed to
infer governing dynamics from time-series data (e.g., [31, 44]).
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Overall, there is a growing body of work on scientific “agents”
based on LLM-powered workflows and so-called agentic systems.
Within this area, two prior efforts serve as the basis for our design
of ThermalForge: Scientific Generative Agent [28] and HDTwin-
Gen [18]. These approaches propose a bi-level optimization frame-
work that leverages LLMs to propose both candidate models and
their improvements after empirically calibrating them with data.
These frameworks were tested on simulated datasets of cancer
growth, epidemics, ecological populations, molecule design and
material science; as well as a real-world dataset of predator/prey
population dynamics. Though they produced promising results, we
note that they have not yet been tested at scale on real datasets with
noisy observations of non-stationary dynamics such as those exhib-
ited by smart thermostats. Moreover, the power of these scientific
agents comes at the cost of an almost-infinite parametrization (e.g.,
the space of possible LLM prompts) and potential brittleness due to
the stochastic nature of LLM outputs. Our experiments are designed
to assess this high-dimensional design space of configurations for
scientific agents and provide practical guidance on how they could
be best applied to scale up thermal dynamic modeling efforts.

3 Approach
A human expert conducting modeling of building thermal dynamics
goes through an iterative two-step process: 1) model (hypothesis)
proposition, and 2) model parameter calibration against observa-
tional data. Thus, a common approach to imitating these steps in
a modeling agent is to frame them as a bi-level optimization prob-
lem [18, 28]. In the outer optimization the goal is to find a function
𝑓 , which is parametrized by 𝜃 . Using 𝑓 , in the inner optimization
we estimate the best-fitting value of its parameters (𝜃 ). The search
for 𝑓 and 𝜃 is guided by a loss function L. Equation 2 summarizes
this:

min
𝑓 ,Θ
L
(
𝑓 ,Θ, 𝜃

)
(2a)

s.t. 𝐺
(
𝑓 ,Θ

)
≤ 0 (2b)

𝜃 ∈ argmin
𝜃 ∈Θ

L
(
𝜃 ; 𝑓

)
(2c)

Here 𝐺 (·) ≤ 0 represents the correctness of the generated solu-
tion and Θ represents the set of all possible values for 𝜃 .

Each bi-level optimization routine consists of a loop in which, at
each iteration 𝑘 , an LLM is prompted to generate a new function 𝑓
and its parameter set Θ based on its internal knowledge and results
from prior generations. In other words, the outer loop (Eq. 2a) is
solved via:

𝑓 ,Θ = 𝐿𝐿𝑀
(
{𝑓 𝑘 ,L𝑘 , 𝜃𝑘 }𝑘∈𝐾 ; 𝑃

)
, (3)

where 𝐾 is the cardinality of the set of solutions from the previous
generations, and prompt 𝑃 instructs the LLM to conduct thermal
dynamics modeling for a residential building. Initially, 𝐾 = 0 and
the LLM generates the first hypothesis with only the instructions in
𝑃 . To ensure that our model is differentiable, the LLM is requested
to generate a PyTorch implementation of function 𝑓 that complies
with 𝐺 (·) (e.g., the PyTorch module can be optimized). The inner
optimization (Eq. 2c) searches for optimal parameters 𝜃 via a Py-
Torch optimizer, given the differentiable PyTorch model from the

outer optimization. The next section describes this implementation
in more detail.

3.1 Framework
Since our primary research question focuses on how we should
use the scientific agents in thermal dynamics modeling and cali-
bration, we study Equation 2 under the more complex modeling
scenario of hybrid neuro-physical models. In this setting we can
explore LLMs’ capabilities to exploit their internal knowledge to
propose customized physics-based thermal models, perform neu-
ral architecture search, and, most importantly, integrate these two
modeling approaches into a holistic solution. Whereas the HDTwin-
Gen framework [18] is explicitly targeting these types of hybrid
models, we design ThermalForge to allow us to more finely control
the way agents make decisions about the composition function C
used to combine physics and neural models. Figure 1 illustrates the
resulting ThermalForge framework. At a high-level, it consists of
two phases: physics-based and neural modeling. In each of them,
we apply the previously introduced bi-level optimization approach
to generate the corresponding dynamics models.

Physics-Based Modeling Phase: Each iteration of the physics-
based design phase begins with an LLM call to generate a thermal
dynamics model proposal. We use prompt 𝑃𝑝𝑔 and feedback from
previous generations 𝑍𝑝 to instruct the LLM to generate new model
proposals. This results in PyTorch code that implements function
𝑓 𝑘
𝜃𝑝
, where 𝑘 is the iteration number. Additionally, we obtain the

set of parameters Θ𝑘𝑝 for the inner optimization. Then, during the
inner optimization, we calibrate the model with observational data
X𝑗 (for house 𝑗 ). This data includes indoor temperature 𝑇𝑖 (from
one or multiple sensors), outdoor temperature𝑇𝑜 , and heat input𝑄 .
The model parameters are optimized to minimize a loss function L.
We use mean squared error (MSE) between predicted and observed
indoor temperatures as our loss function. The inner optimization
results in parameter estimates 𝜃𝑘𝑝 and corresponding loss value L𝑘𝑝 .

The convergence check and subsequent actions are determined
by parameter 𝛿 , which controls the agent’s decision-making capa-
bility. An important distinction between a workflow and an agent
is that a workflow follows a predefined sequence of steps, while
an agent autonomously decides its actions based on feedback and
intermediate results. If the agentic flow is enabled (𝛿 = 1), we
use LLM to decide on the next step based on the results from the
previous 𝑘 iterations: 𝑓 1:𝑘

𝜃𝑝
, 𝜃1:𝑘𝑝 , and L1:𝑘𝑝 . The LLM instructions

for this check are provided in prompt 𝑃𝑝𝑎 . If the agentic flow is
disabled (𝛿 = 0), we check if we reached the maximum number of
generations,𝑀𝑝 .

If the convergence check indicates continuation of physics-based
model design, we use LLM to generate feedback (Feedback Elicita-
tion) for the next generation. This feedback, intended to improve fu-
ture results, summarizes the results generated so far. Using prompt
𝑃𝑝𝑧 , the LLM assesses what worked well in the previous genera-
tions and what did not. Unlike other studies that apply evolutionary
selection (e.g., [28]), we maintain all solutions generated by the
algorithm, as our experiments showed no improvement from vari-
ous evolutionary selection mechanisms. If the convergence check
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Figure 1: The ThermalForge - Thermal Dynamics Modeling Framework

indicates completion of the physics-based modeling phase, Ther-
malForge selects the best model 𝑓𝜃𝑝 from all 𝑘 generations based on
the validation loss. Specifically, it chooses the model that achieved
the lowest validation loss.

Neural Modeling Phase: The procedure for the next phase
(neural modeling) follows the same general steps as the physics-
based modeling, though with several important nuances. First, all
prompts are adapted to provide LLM with instructions specific to
generating neural models for thermal dynamics. Second, we feed
the neural model with the output from the physics-based model
𝑓𝜃𝑝 (X𝑗 ), enabling it to model only the residual between physics-
based predictions and target observational data. A key distinction
lies in the prediction horizon: while the physics-based model makes
predictions one time step at a time (e.g., 1 hour), the neural model re-
ceives physics-based model outputs for the prediction horizon (e.g.,
1 day roll-outs of 𝑓𝜃𝑝 ). This approach improves residual modeling
accuracy and enables the use of convolutional architectures, which
are well suited for time series modeling. Finally, the neural mod-
eling phase outputs PyTorch models implementing two functions:
the physics-based model 𝑓𝜃𝑝 and the neural model 𝑔𝜃𝑛 .

We present the algorithmic description of the thermal dynamics
modeling agent in Algorithm 1. The complete set of prompts is
provided in the GitHub repository. An example temperature predic-
tion produced by a model generated with ThermalForge is shown
in Figure 2, where we present the interquartile range (IQR) and
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LLM-Hybrid-Workflow
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Figure 2: Example of median hourly indoor temperature
prediction for a single house over 24 hours. Shaded areas
cover the inter-quartile range (IQR).

median values for 1-day indoor temperature predictions comparing
physics-based and hybrid models in a single home.

Importantly, we note that though our work focuses on thermal
dynamics modeling, nothing in the framework is specific to this
type of systems. Thus, future extensions of our work can focus on
testing and refining the framework for modeling other dynamical
systems.



BuildSys ’26, June 22–25, 2026, Banff, AB, Canada Krzysztof Walczak and Mario Bergés

Algorithm 1Modeling Agent for Thermal Dynamics
1: Input: 𝑇𝑖 , 𝑇𝑜 , 𝑄 : observational data; 𝛿 : enable agent to decide

on its state transitions; 𝑀𝑝 , 𝑀𝑛 : max number of generations;
𝑃𝑝𝑔 , 𝑃𝑝𝑧 , 𝑃𝑛𝑔 , 𝑃𝑛𝑧 , 𝑃𝑝𝑎 , 𝑃𝑛𝑎 : prompts

2: Output: 𝑓𝜃𝑝 : physics-based model, 𝑔𝜃𝑛 : neural model

3: // Physics-based modeling
4: 𝑚𝑜𝑑𝑒𝑙𝐺𝑒𝑛 ← true
5: 𝑍𝑝 ← 𝑁𝑜𝑛𝑒

6: 𝑘 ← 0
7: while𝑚𝑜𝑑𝑒𝑙𝐺𝑒𝑛 do
8: 𝑘 ← 𝑘 + 1
9: // Generate model
10: 𝑓 𝑘

𝜃𝑝
,Θ𝑘𝑝 ← 𝐿𝐿𝑀 (𝑍𝑝 ; 𝑃𝑝𝑔)

11: // Optimize model
12: 𝜃𝑘𝑝 ,L𝑘𝑝 ← 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒 (𝑓 𝑘

𝜃𝑝
, 𝜃𝑘𝑝 ,𝑇𝑖 ,𝑇𝑜 , 𝑄)

13: // Generate feedback
14: 𝑍𝑝 ← 𝐿𝐿𝑀 (𝑓 1:𝑘

𝜃𝑝
, 𝜃1:𝑘𝑝 ,L1:𝑘

𝑝 ; 𝑃𝑝𝑧)
15: if 𝛿 then
16: // Agent decides on state transition
17: 𝑚𝑜𝑑𝑒𝑙𝐺𝑒𝑛 ← 𝐿𝐿𝑀 (𝑓 1:𝑘

𝜃𝑝
, 𝜃1:𝑘𝑝 ,L1:𝑘

𝑝 ; 𝑃𝑝𝑎)
18: else
19: if 𝑘 ≥ 𝑀𝑃 then
20: 𝑚𝑜𝑑𝑒𝑙𝐺𝑒𝑛 ← false
21: end if
22: end if
23: end while
24: 𝑓𝜃𝑝 ← 𝑠𝑒𝑙𝑒𝑐𝑡𝐵𝑒𝑠𝑡 (𝑓 1:𝑘

𝜃𝑝
,L1:𝑘

𝑝 )

25: // Neural modeling
26: 𝑚𝑜𝑑𝑒𝑙𝐺𝑒𝑛 ← true
27: 𝑍𝑛 ← 𝑁𝑜𝑛𝑒

28: 𝑘 ← 0
29: while𝑚𝑜𝑑𝑒𝑙𝐺𝑒𝑛 do
30: 𝑘 ← 𝑘 + 1
31: // Generate model
32: 𝑔𝑘

𝜃𝑛
,Θ𝑘𝑛 ← 𝐿𝐿𝑀 (𝑍𝑛 ; 𝑃𝑛𝑔)

33: // Optimize model
34: 𝜃𝑘𝑛 ,L𝑘𝑛 ← 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒 (𝑔𝑘

𝜃𝑛
, 𝜃𝑘𝑛 , 𝑓𝜃𝑝 ,𝑇𝑖 ,𝑇𝑜 , 𝑄)

35: // Generate feedback
36: 𝑧 ← 𝐿𝐿𝑀 (𝑔1:𝑘

𝜃𝑛
, 𝜃1:𝑘𝑛 ,L1:𝑘

𝑛 ; 𝑃𝑛𝑧)
37: if 𝛿 then
38: // Agent decides on state transition
39: 𝑚𝑜𝑑𝑒𝑙𝐺𝑒𝑛 ← 𝐿𝐿𝑀 (𝑔1:𝑘

𝜃𝑛
, 𝜃1:𝑘𝑛 ,L1:𝑘

𝑛 ; 𝑃𝑛𝑎)
40: else
41: if 𝑘 ≥ 𝑀𝑁 then
42: 𝑚𝑜𝑑𝑒𝑙𝐺𝑒𝑛 ← false
43: end if
44: end if
45: end while
46: 𝑔𝜃𝑛 ← 𝑠𝑒𝑙𝑒𝑐𝑡𝐵𝑒𝑠𝑡 (𝑔1:𝑘

𝜃𝑛
,L1:𝑘

𝑛 )

3.2 Design Choices
Thermal dynamics model generation with LLMs involves several
critical design choices that affect its performance. First, the extent
of physics knowledge encoded in prompts (𝑃𝑝𝑔 in Figure 1) may in-
fluence the quality of generated models as shown in prior work (see
e.g., Appendix H.7 in [18]). This raises questions about the optimal
balance between providing domain expertise and allowing the LLM
to explore solution spaces independently. Notably, the sensitivity
to prompt design seems to be strongly task-dependent, suggest-
ing that prior results may not translate to the thermal dynamcis
modeling task.

The neural architecture design presents another crucial consider-
ation (prompt 𝑃𝑛𝑔 in Figure 1) that has not been previously studied.
By tuning 𝑃𝑛𝑔 in ThermalForge, we can either constrain the search
space to proven architectures with hyperparameter optimization,
allow modification of predefined architecture through code gen-
eration, or enable completely unconstrained neural architecture
search. Each of these approaches offer different trade-offs between
exploration flexibility and solution reliability.

The transition strategy between physics-based and neural mod-
eling phases, controlled by the 𝛿 parameter in Figure 1, represents
yet another important design choice. A workflow-based approach
with predefined iteration counts offers predictability but may not
adapt to specific modeling challenges. In contrast, an agent-based
approach using LLM for decision-making could potentially optimize
this transition based on intermediate results. Crucially, exposing
this parameter to the user in ThermalForge allows us to study the
transition in much more detail than previous studies.

In addition to these, another key practical consideration is the
computational cost of generating models with this process. We
analyze LLM token consumption during model generation to add
another dimension to our final assessment of the different configu-
rations of ThermalForge (in addition to the predictive performance
of the resulting models).

Finally, we consider the stochasticity of the generated models,
stemming from the nature of the process used to produce LLM out-
puts (controlled by the temperature) as well as randomness intro-
duced through the optimizers used for the inner level optimization
routine. We analyze how this variability affects the performance of
the generated thermal dynamics models.

In the following section, these design choices will be systemat-
ically evaluated in our experimental analysis to provide insights
into their impact on model performance and practical applicability.

4 Experiments
Based on the design choices we previously described, we create
experiments to better characterize the design space for the frame-
work. We evaluate it using a year-long data from residential smart
thermostats that is publicly available [27]. This dataset is a subset
of the larger Donate-Your-Data initiative from smart thermostat
manufacturer Ecobee [12] and includes indoor and outdoor tem-
peratures, HVAC run time (stages 1 to 3), and fan run time for
each home at a 5-minute resolution for a full year. From an initial
dataset of 1,000 homes, we selected 300 that contained at least 180
heating days to ensure sufficient data for robust model training
and validation. We conduct experiments only on those days. In 230
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Figure 3: CDF of RMSE for different design choices

homes, there is more than one temperature sensor, and we use all
available sensors in our experiments. For each home, we split the
dataset on a daily basis into training (80%), validation (10%), and
test (10%) sets. Our models predict temperature at 1-hour intervals
for a 1-day horizon. As our primary evaluation metric for the ac-
curacy of our models, we use the root mean squared error (RMSE)
between the predicted 24-hour vector and the ground truth from
the dataset. Next, we compute the cumulative distribution function
(CDF) across all homes to assess the design choices we explore in
our experiments. Figure 3 shows the plots that characterize our
experimental results combining RMSE and CDF values. Specifically,
for a given RMSE value, the corresponding vertical-axis value in the
line corresponds to the proportion of 24-hour predictions across
all data in the test set that resulted in equal or lower RMSE (in
Fahrenheit). Hence, the sooner the curve saturates, the better the
model. We will refer to specific values on this curve by indicating
the percentile of RMSE we are discussing (e.g., P90 for the 90th
percentile). It is also worth pointing out that, as a benchmark, other
models trained on similar datasets in the literature report RMSE val-
ues of approximately 2.5 Fahrenheit for 24-hour predictions [35, 42]
and 1.2 Fahrehneit for 6-hour predictions [19], though it is difficult
to make precise comparisons due to the many different modeling,
dataset and configuration choices involved.

Our implementation uses Anthropic’s Claude Sonnet 4.5 LLM.
We evaluated different LLM temperature parameter settings (0.2,
0.5, 0.8), but did not observe a major impact on the performance
of generated models. We run each home’s experiment on a sepa-
rate machine. This parallel execution across 300 instances enables
completion of a single experiment in approximately one hour.

4.1 Benchmark: Forward Model Selection
To evaluate the performance of LLM-based model generation, we
compare it against the automated forward model selection method
introduced in [24]. This method provides a systematic, data-driven
approach for identifying optimal thermal models for residential
buildings. The forward model selection procedure begins with the
simplest first-order RC model and iteratively increases complex-
ity by adding model components. At each iteration, the method
evaluates potential extensions from a predefined set of thermal
components and selects the component that provides the most sta-
tistically significant improvement based on likelihood ratio tests.

These thermal components represent distinct physical aspects of
building dynamics:
• 𝑇𝑖 : effective indoor air temperature
• 𝑇𝑚 : effective temperature of the interior thermal mass
• 𝑇𝑒 : effective temperature of the building envelope mass
• 𝑇ℎ : effective temperature of the heater(s)
• 𝑇𝑠 : effective temperature of the sensor(s)

The procedure terminates when no additional component yields
a significant improvement, preventing overfitting while ensuring
adequate model complexity. This automated approach has been
successfully validated on 247 Dutch residential buildings and subse-
quently on 60,000 North American homes using smart thermostat
data [43], demonstrating its capability to scale across heterogeneous
building stocks and geographical regions without requiring manual
expert intervention.

We use this forward model selection method as our baseline to
assess whether LLMs can generate comparable or superior thermal
dynamics models for residential buildings while potentially offering
advantages in terms of flexibility, extension to hybrid models, or
computational efficiency. We apply forward model selection to
the dataset used in our experiments to ensure the same evaluation
environment. The CDF of RMSE obtainedwith thismethod is shown
as "Forward selection" in Figure 3.

4.2 Physics Modeling Knowledge in Prompts
In this experiment, we explore how physics knowledge in the
prompt 𝑃𝑝𝑔 affects thermal dynamics modeling results. We extend
the basic prompt with expert-recommended modeling strategies.
To incorporate domain-specific thermal modeling expertise into
our LLM-powered modeling framework, we developed a structured
prompt based on the grey-box modeling methodology introduced
in [24]. The prompt specifies a stochastic continuous state-space for-
mulation where building thermal behavior is represented through
up to five temperature states: interior air temperature (𝑇𝑖 ), sensor
temperature (𝑇𝑠 ), interior thermal mass temperature (𝑇𝑚), building
envelope temperature (𝑇𝑒 ), and heater temperature (𝑇ℎ). Each state
is associated with an equivalent thermal capacitance 𝐶 , while ther-
mal resistance 𝑅 defines heat transfer between nodes. Following
the approach in [24], the prompt provides the differential equa-
tions governing heat transfer dynamics, including stochastic terms
(𝜎𝑑𝜔) representing unmodeled phenomena. The prompt explicitly
instructs the LLM to construct models using combinations of these
physics-based states rather than black-box approaches like neural
networks. Additionally, the prompt adapts the modeling frame-
work to accommodate multi-sensor configurations by instructing
the LLM to exploit inter-zone heat transfer when multiple temper-
ature sensors are available. This physics-informed structure guides
the LLM to generate models that respect fundamental thermody-
namic principles while allowing flexibility in model complexity —
from simple first-order models to higher-order representations that
better capture real building thermal dynamics. The full prompt is
provided in the GitHub repository.

Results: Though not shown in Figure 3, our results indicate that
providing additional information in the prompt did not result in
significant differences in model performance (P90 of RMSE is 3.04 F
for basic prompt, and 3.23 F for expert prompt). The CDF of RMSE
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obtained with expert knowledge in the prompt is nearly identical
to that without expert knowledge, shown as "LLM-Phy-Workflow
(single run)" in Figure 3. Through analysis of the generated code, we
found that the LLM follows the expert guidelines from the prompt
in the generated models. However, using more basic prompts the
LLM finds alternative models that are equally effective.

4.3 Neural Architecture Search
In the previous section, we examined how expert guidance im-
pacts physics-based modeling results. We now turn our attention
to neural modeling of the residuals, for our hybrid approach. We
explore three options: 1) hyperparameter optimization for a prede-
fined architecture, 2) code generation for a predefined architecture,
and 3) unconstrained neural architecture search. We use the U-Net
network [36] as our predefined architecture, which has demon-
strated strong performance in various time series analysis tasks
(e.g., [33, 39]). The objective behind these design choices parallels
our physics-based modeling investigation, i.e., to explore how ad-
ditional expert knowledge impacts the results. In option 1, we do
not generate neural model code. Instead, the LLM is tasked with
optimizing two hyperparameters: the number of encoding blocks
and the number of output channels in the first layer of the U-Net
architecture. In option 2, we remove the constraint of predefined
code and use the LLM to generate U-Net model code. Finally, in
option 3, we instruct the LLM to perform full architecture search
without any constraints or suggestions for a specific architecture. It
is expected to find an architecture that best fits our hybrid approach
to thermal dynamics modeling.

Results: We found negligible differences among these three
neural architecture search options (P90 of RMSE is 1.47 F for full
architecture search, 1.51 F for U-Net code generation, and 1.75 F
for U-Net hyperparameter optimization). The CDF of RMSE for
the full architecture search option is shown in Figure 3 as "LLM-
Hybrid-Workflow". As this is our best performing model, we further
analyzed the RMSE distribution for individual homes. Figure 4
shows the IQR and median values of RMSE for both hybrid and
physics-based models. The homes are sorted by median RMSE for
the physics-based model. We observe that hybrid modeling not
only reduces overall RMSE but also decreases the spread of RMSE
values, resulting in more consistent performance across individual
homes.

4.4 Transition from Physics to Neural Modeling
In this section, we compare the modeling results of setting the
agentic flow, controlled by the 𝛿 parameter in Algorithm 1.

For the workflow implementation (𝛿 = 0), we predefine the num-
ber of iterations: 10 for physics-based modeling and 5 for neural
modeling. For the agent implementation (𝛿 = 1), we use the LLM
to determine when to transition from physics-based to neural mod-
eling, and when to complete the neural model design. We instruct
the LLM to make these decisions based on previously generated
models and their corresponding validation losses. Specifically, we
prompt the LLM to conclude a particular step if no improvement is
observed over several generations (e.g., 5). The full prompts (𝑃𝑝𝑎
and 𝑃𝑛𝑎) are provided in the GitHub repository.
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Figure 4: Median of per-home RMSE. Shaded areas cover the
inter-quartile range (IQR).

Results: Figure 3 shows the results for both the workflow and
agent approaches for the physics-based model, shown as "LLM-
Phy-Workflow (single run)" and "LLM-Phy-Agent (single run)". We
observe that the workflow outperforms the agent. Analysis reveals
that the agent transitions from physics-basedmodeling prematurely
compared to the workflow’s predefined 10 generations. The results
also indicate that additional iterations and LLM-generated feedback
improve model performance. We recognize that the agent’s behav-
ior could potentially be improved with more refined prompting,
and we leave this investigation for future research. For the hybrid
model, both approaches achieve similar performance (P90 of RMSE
is 1.4718 F for workflow and 1.4707 for agent).

4.5 Stochasticity Analysis
A notable characteristic of LLM-powered model generation is the
inherent stochasticity in the output, which manifests as significant
variability in model performance across multiple runs for the same
building. Figure 5 illustrates this phenomenon by showing the
P90 of RMSE across 5 physics-based model generations for all 300
homes in our evaluation dataset. The spread between minimum and
maximum P90 values reveals substantial run-to-run variation, with
some homes exhibiting differences of several degrees Fahrenheit in
their prediction errors.

This stochasticity is partially attributable to the non-deterministic
nature of LLM inference, where temperature sampling and the prob-
abilistic selection of tokens lead to different model architectures, pa-
rameter initializations, and physical assumptions across runs, even
when provided with identical prompts and building data. While this
variability might initially appear as a limitation, we demonstrate
that it can be systematically exploited to improve model reliability
and performance.

Our approach leverages a validation set to select the best perform-
ing model from multiple generated candidates for each home. This
selection strategy yields substantial improvements in test set perfor-
mance compared to relying on a single model generation. Figure 3
shows the improvement achieved through this mechanism, compar-
ing "LLM-Phy-Workflow (best of 5 runs)" vs. "LLM-Phy-Workflow
(single run)". Critically, we observe that models underperforming
in a single run converge to comparable accuracy levels when this
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Figure 5: P90 of RMSE across 5 physics-based model gener-
ations. The line represents the median P90 value, and the
shaded area spans the minimum to maximum P90 values.

multi-run selection approach is applied. For instance, agentic con-
trol represented by "LLM-Phy-Agent (single run)" in Figure 3 un-
derperforms when compared to "LLM-Phy-Workflow (single run)".
However, selecting the best model from multiple runs with the
agentic control leads to nearly identical results as those shown in
"LLM-Phy-Workflow (best of 5 runs)". This convergence suggests
that the stochasticity is not indicative of fundamental modeling
failures for difficult buildings, but rather reflects the exploration
of different regions in the model space—some more suitable than
others for a given building’s thermal characteristics.

By treating model generation as a stochastic sampling process
and using validation-based selection, we effectively transform the
inherent variability of LLM outputs from a source of uncertainty
into a mechanism for robust model discovery. This approach is anal-
ogous to ensemble methods in machine learning, where diversity
among models contributes to improved generalization, though here
the diversity emerges naturally from the LLM’s generative process
rather than from algorithmic design choices.

4.6 Cost Analysis
Having demonstrated our framework’s performance under varying
design choices in previous sections, we now analyze their cost
implications. Specifically, we examine the costs by measuring token
consumption during the LLM-assisted design phase, comparing
token usage separately for physics-based and neural models. In
Table 1, we present token usage for several design choices (reported
as the 90th or 50th percentile). The statistics for token usage are
calculated on a per-home and per-experiment basis; for example,
P90 indicates that in 90% of homes, the token usage for a given
experiment was at or below the value reported in the table.

We present several design choices in the table. The default con-
figuration, shown in the first row as "Workflow with basic prompt",
uses a basic prompt for physics-based modeling, a full architec-
ture search prompt for neural modeling, and has agent control
disabled (𝛿 = 0). In the second design choice, shown as "Work-
flow with physics modeling knowledge in prompt", we change the
physics-based model generation prompt to include expert knowl-
edge. Finally, in the last experiment shown as "Agent control (𝛿 = 1)

with basic prompt", we enable the agent to control both the transi-
tion from physics-based to neural modeling and when to complete
neural model design (i.e., 𝛿 = 1).

The token usage analysis reveals distinct patterns between physics-
based and neural model design processes. Physics-based model de-
sign consistently requires significantly higher token consumption
compared to neural model design. This disparity can be attributed
to several factors. First, in our experiments we use a larger number
of generations for physics-based models (10) compared to neural
models (5). Additionally, physics-based model generations expe-
rience higher failure rates, necessitating additional attempts to
achieve the target number of successful generations. These failures
compound token usage as information from previous generations
is incorporated into subsequent prompts to improve success rates.

When examining agent control in physics-based model design,
we observe notably lower token consumption. This reduction re-
sults from fewer generations when the agent autonomously makes
transition decisions. As discussed previously, this comes at the cost
of performance when considering only a single run. However, if
we apply the stochasticity-based model selection introduced in Sec-
tion 4.5, we can achieve similar results at 14% of the cost compared
to the workflow approach.

5 Conclusion
This work presents the first empirical evidence of the effectiveness
of using LLM-powered approaches for automating building thermal
dynamics modeling. To our knowledge, it is also the first large-scale
demonstration of these approaches on real-world datasets of dy-
namical systems. In addition to introducing a flexible framework for
hybrid neuro-physical modeling that can be used by the community
with different prompts, language models and/or datasets, our ex-
tensive tests on data from 300 homes yield several key conclusions
and recommendations for practitioners and researchers alike.

While our framework is intended to serve as a tool for exploring
this new LLM-powered modeling paradigm, our results indicate
that with minimal tuning the resulting models perform on par with
automated thermal dynamic modeling approaches proposed to date,
achieving RMSE values lower than ∼2 Fahrenheit in over 95% of the
24-hour predictions that were made across all sensors and homes
in our dataset.

Physics Modeling: First, and echoing findings from prior work
on introducing expert knowledge/guidance into prompts [8], we
found that our expert-guided prompt did not provide significant
difference in modeling accuracy when compared to a prompt with-
out expert knowledge. Thus, our recommendation for practitioners
trying out ThermalForge is to keep the prompt simple and focused
on describing the data and modeling goals, similar to our non-
expert prompt. As for researchers wishing to improve upon our
framework, we have a few more recommendations. Exploring the
space of all possible prompts is impossible, but it is reasonable to
expect that better prompting strategies could lead to better results.
For instance, we did not attempt to make use of auxiliary infor-
mation in our models that could help explain variability in terms
of proxies for solar irradiance, occupancy patterns, etc. Similarly,
providing LLM agents with access to tools designed to create and
calibrate white and/or grey-box models of thermal dynamics (e.g.,
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Table 1: Token usage per experiment / home

Design choice
Tokens

Physics Neural
P90 P50 P90 P50

Workflow with basic prompt 623,049 424,659 88,314 76,467
Workflow with physics modeling knowledge in prompt 634,562 411,725 87,247 75,161
Agent control (𝛿 = 1) with basic prompt 86,014 53,497 96,674 57,982

[22, 37]) could result in more accurate models though this remains
to be tested. Nevertheless, the fact that the prompt 𝑃𝑝𝑔 containing
minimal expert guidance performed well in our experiments is a
testament to the amount of knowledge already encoded in modern
LLMs. We would have also liked to test the validity of the resulting
parameters for the generated physics-based models. However, the
candidate models 𝑓𝜃𝑝 did not always strictly adhere to the linear RC
formulation resulting in parameter setsΘ that were not comparable
across generations.

Neural Modeling: We found that the LLM required very little
guidance to generate 𝑔𝜽𝒑 candidates that were adept at absorbing
the difference between the physics-based roll-out of the dynamics
and the observed/measured values. In practice, we recommend al-
lowing the LLM agent to perform neural architecture search unless
there is a strong reason to believe that a particular architecture
is preferable, in which case limiting the optimization to just opti-
mal parameter selection would be more appropriate. As for future
research efforts, we suggest exploring other neural architectures
beyond U-Net, and a more careful analysis of the physics-based
roll-out residuals 𝜖𝑛:𝑛+𝐷 to better understand the neural modeling
task and its input data distribution.

Convergence check: For single runs of ThermalForge, our ex-
periments clearly suggest that agentic stopping 𝛿 = 1 is counterpro-
ductive using the prompt 𝑃𝑛𝑎 we designed (at least for the physics
based modeling phase). However, given the results of our exper-
iments in the stochasticity analysis, which showed virtually the
same performance for 𝛿 = 1 and 𝛿 = 0 when selecting the best out
of multiple runs, we recommend setting 𝛿 = 1 since this one has a
lower cost (in terms of token usage).

Cost analysis: We found that the majority of our token bud-
get was spent searching for the right physics-based model, even
though the neural model was able to absorb most of the resulting
variance in all cases. We thus recommend that practitioners care-
fully consider how much they value model interpretability as the
costs of searching through the physics-based function space can be
costly. Similarly, capitalizing on the stochastic results of each run
we showed how selecting the best model of multiple runs can re-
duce token usage (with 𝛿 = 1) without significantly affecting model
performance. In terms of future research, it is clear that finding
more efficient physics-based modeling strategies (tool usage, better
prompting, etc.) may reduce the costs of model generation.

Other considerations: While we evaluated a number of differ-
ent design choices for the framework we acknowledge that there is
more to explore. Our hope is that by releasing our ThermalForge im-
plementation to the community, others will continue to produce
results that can inform our path forward and get us closer to truly

scalable automatic thermal dynamics modeling for all buildings.
For example, future work might consider: experimenting with more
feature-rich agent harnesses including access to thermal model-
ing software toolboxes; studying the physical grounding of the
estimated parameters 𝜃𝑝 ; testing the performance across different
prediction horizons (besides 24 hours) or data resolutions (besides
hourly); and studying the effect of input and output temporal win-
dow sizes. Moreover, there are potential modifications to Thermal-
Forge that would allow exploration of additional design choices not
considered in our study. For instance, future work might explore
different compositions of the physics (𝑓𝜽𝒑 ) and neural (𝑔𝜽𝒏 ) func-
tions beyond the residual of the rolled-out physics model and/or
allowing the LLM agent to modify these composition operators.
Similarly, there could be value in exploring other ways to aggregate
samples from the stochastic solutions to the bi-level optimization
problem. The best-of-N strategy we followed should be compared
against others [11].

Lastly, we want to reiterate that though this framework was
designed, applied and tested to study agentic modeling frameworks
in the context of thermal dynamics in buildings, it is in principle
applicable to any other dynamical system. We plan to extend the
application to other systems and use cases in future work.
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