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Summary

This work assesses the feasibility of state-of-the-art machine learning models for monitoring solar thermal
systems (STS), with the goal of a single model that performs different tasks without task-specific training.
Based on the publicly available PaSTS dataset, we employ a two-stage masked autoencoding framework: a
convolutional tokenizer (a ID-CNN-based VQVAE) compresses each sensor signal into discrete tokens, and a
Vision Transformer (ViT) learns to predict tokens that were masked out. Any task that can be expressed as a
masking pattern at inference time can then be addressed by the same model.

Two tasks are evaluated. (a) Estimation of missing sensor data reaches a mean absolute error of 8.67 K averaged
over five temperature sensors, substantially outperforming linear regression (10.06 K) and a per-timestep mean
profile (12.33 K). (b) Anomaly detection reaches an F1 score of 0.76 + <0.01 and a system-wise F1 of
0.40 + 0.01, matching all but the strongest of the dedicated baseline models. Since all of these baselines are
single-purpose detectors, the claim here is generality rather than per-task accuracy. Central to our findings
is that a better tokenizer does not translate into better downstream performance: a larger codebook clearly
degrades anomaly detection while leaving sensor estimation unchanged, so that the smallest codebook acts as
a regularizer. The masking pattern used during training mildly trades the two tasks against each other. Overall,
the model generalizes across system realizations, handles missing data by construction, and is a first step toward
foundation models for solar thermal and heating systems. We discuss how to close the gap toward specialized
models and real-world applicability.
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Field of application for the findings: Sustainable Heating and Cooling Systems for Buildings

Addressed audience: Researchers in energy system modeling and machine learning practitioners in the renew-
able energy sector.

1. Motivation and Problem Definition

Deep learning is increasingly defined by foundation models (FMs) (Bommasani et al., 2021), large-scale
architectures trained on diverse data that are applicable to numerous downstream tasks. These FMs have
revolutionized language processing and vision, and the same recipe has since been carried into scientific
domains such as climate, weather and earth system modeling (Bodnar et al., 2025; Brown et al., 2025; Price
et al., 2025) and structural biology (Jumper et al., 2021). However, the trend of FMs has only begun to reach
energy systems, and small-scale thermal systems in particular remain unaddressed.

A data-driven approach for small-scale thermal systems must generalize across system realizations, handle
incomplete data, and be adaptable to diverse downstream tasks. Solar Thermal Systems (STS) present the
typical challenges of small-scale energy systems. Real-world installations are diverse and rarely match stan-
dardized guidelines, frequently missing sensors, experiencing intermittent dropouts, and operating under unique
boundary conditions. Thus, the classical approach of developing individual simulations or models for every
small-scale system is economically unfeasible.



The masked autoencoding paradigm is a natural fit for these requirements. Missing sensors and intermittent
dropouts are masked inputs by construction and are easily handled by a masked autoencoder. Additionally, any
task that can be articulated as a specific mask at inference time can be attempted by the same model, without
being specifically trained for it.

In this work, we address these challenges by applying a scalable masked autoencoding framework to the
public PaSTS dataset (Ebmeier et al., 2024), following the evaluation protocol of Ebmeier et al. (2025). Our
contributions are as follows. We show that a single model, trained once on nominal data, can serve both
sensor estimation and anomaly detection zero-shot by expressing each task as an inference-time mask. We
then quantify the remaining gap to task-specific models, focusing on generality rather than per-task accuracy.
In doing so, we identify a decoupling between tokenizer quality and downstream performance that has to be
resolved before the framework can be scaled.

2. Related Work

2.1 Machine Learning in Solar Thermal Systems

Recent work in machine learning for solar thermal systems and related small-scale energy systems has focused
on specific applications like fault detection (Feierl et al., 2023; Ebmeier et al., 2025), short-term forecasting
(Heidari and Khovalyg, 2020; Rana et al., 2022), as well as control and load management (Lissa et al., 2021).
These approaches often rely on simulation data or individual case studies, struggling to generalize across
diverse system realizations. To date, only Ebmeier et al. (2025) has utilized the multi-system PaSTS dataset
(Ebmeier et al., 2024) to address generalization. However, most of these works employ standard convolutional
neural network (CNN) and long short-term memory (LSTM) architectures rather than scalable foundation-style
models, and are trained for one task at a time.

2.2 Foundation Models and Masked Autoencoding

Masked autoencoding partitions the input into a hidden and a visible part and trains a model to reconstruct the
hidden part from the visible one (Devlin et al., 2019; He et al., 2022). While autoregressive models dominate
language processing, it has emerged as a more recent alternative in foundation models (Chang et al., 2022; Shi
et al., 2024; Google DeepMind, 2025). These models are particularly suited for engineering applications, as
they inherently handle missing sensor data and variable input modalities by treating them as masked during
inference. The state-of-the-art in generative modeling has shifted toward Transformer-based architectures,
in particular the Vision Transformer (ViT) (Dosovitskiy et al., 2021), and discrete tokenization via vector
quantization, introduced with the Vector Quantized Variational Autoencoder (VQVAE) (van den Oord et al.,
2017) and extended in later work (Esser et al., 2021).

3. Methods

Following the framework of MaskGIT (Chang et al., 2022) and MD4 (masked discrete diffusion) (Shi et al.,
2024), our model utilizes a two-stage approach trained exclusively on nominal data from the PaSTS dataset.
The overall structure can be seen in Fig. 1. A day of measurements from one system is a matrix x € RV*” with
V sensors and T time steps.

3.1 Stage 1: Univariate Tokenization

A VQVAE with 1D-ConvNext blocks and strided convolutions tokenizes 7" time steps into L discrete tokens.
An encoder E maps a univariate series to L latent vectors, each of which is replaced by its nearest entry in a
learned codebook C = {ey, ..., en,} with N, entries, and a decoder D maps the quantized latents back to the
time domain. To ensure the model learns local dynamics before cross-correlations, each of the V sensors is
processed independently as a univariate series. Once trained via standard reconstruction and vector quantization
loss, Stage 1 weights are frozen, and a day becomes a token grid of size V x L.
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Fig. 1: Schematic of the two-stage model. In Stage 1 a standard CNN-based VQVAE is trained. Stage 2 is a ViT-based masked autoencoder.

3.2 Stage 2: Masked Latent Modeling

Masking. During training, a fraction vy, of the N = V - L tokens is replaced by a mask token, with v, following
a cosine masking schedule, v, = 1 — cos(n¢/2) for a schedule time ¢t ~ U(0, 1), so that y; increases from 0 to
1. Which tokens are masked is decided by sampling. Each token receives a random score
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where &, ; is per-token Gumbel noise, x,, ; is a structural prior on the sampling distribution over the time / and
sensor v index. The factor @ weights the two contributions. In general, setting @ = 0 recovers the standard
uniform masking without any prior. For this work, we assumed a block prior, where blocks of b consecutive
tokens along the time axis of sensor v get assigned the same prior value, again sampled from per-block Gumbel
noise. Here a block size of 1 also recovers uniform masking. The round(y, N) highest-scoring tokens are then
masked. A block size of b = L spans a sensor’s entire time axis, mirroring the sensor estimation task. The
resulting masked token grid is modeled by a ViT architecture.

Training objective. For uniform masking (¢ = 0 or b = 1), training can be motivated by the variational lower
bound of Shi et al. (2024),

1.
Lup(x) = —/0. ;QEM,[ Z log po(x" | x;) ] dr, 2

where M; is the set of masked positions at schedule time ¢, x; the correspondingly masked grid, and y, the
schedule derivative. The expectation is taken over the random masked set M;, i.e. over the forward masking
process x; ~ g(x; | x) of Shi et al. (2024). In practice the model is optimized via the cross-entropy (CE) loss,
rescaled by the same factor,

Lsuge2(0) = Erarony. m, | - D CE(', po(- [x)) . 3)
Y ieM;

Structured priors. For uniform masking, Eq. (3) coincides with this bound, up to the discretization of the
schedule by the fixed number of masked tokens. With the block prior (¢ > 0 and b > 1), the masks are no
longer sampled independently per token, and Eq. (3) becomes a heuristic reweighting of the cross-entropy that
is not guaranteed to bound the likelihood. We nevertheless use it as the training objective and leave a principled
treatment of structured masking priors to future work.



3.3 Downstream Tasks as Inference-Time Masks

Tasks are framed as inference-time masking problems. A masked autoencoder partitions the data into sets
of hidden and visible tokens. Several downstream tasks follow directly from this partition. If we imagine
a classical forecasting task, we can, at inference, treat the future as the hidden partition and the past as the
visible partition. More generally, the flexibility of these general partitions lets us apply the model to any task
that can be defined as such a partition or a composite of partitions. Here we focus on two different tasks:
sensor estimation, as an example of a simple partition task, and anomaly detection as an example of a more
complicated composite task.

¢ Sensor Estimation: Defined by applying a mask to the entirety of a single variable. The sensor is
reconstructed purely from the remaining variables. The ViT predicts the missing tokens in a single
forward pass.

¢ Anomaly Detection: Treated as an out-of-distribution task. We form a Monte Carlo estimate of the
objective in Eq. (3) by sampling the cross-entropy across the entire masking schedule, using the same
masking prior as during training. We draw one sample at each of 50 points along the schedule, covering
masking rates from roughly 8% to 99%. For uniform masking this estimates Ljp(x), a bound on the
negative log-likelihood. With the block prior (@ > 0 and b > 1) it is a likelihood-inspired score. Days
yielding high values relative to a threshold are considered out-of-distribution and thus classified as faulty.

4. Experimental Setup

Dataset. While STS sensor data is increasingly logged, public datasets remain scarce. We use the PaSTS dataset
(Ebmeier et al., 2024), which contains 83 real-world domestic STS installations of varying configuration, age
and system runtime, recorded at one-minute resolution for a total of 39 878 days. We adopt the reannotated
fault labels, the dataset splits, as well as the evaluation procedure of Ebmeier et al. (2025), so that our anomaly
detection results can be compared directly against the baselines reported there. The data is split along systems,
such that each system is fully contained in exactly one set and evaluation is always performed on unseen systems.
The training set comprises 30 systems with 13 229 days, the validation set 9 systems with 1 153 days, and the
test set 44 systems with 25496 days. Training and validation systems are mostly faultless, whereas the test
systems contain both nominal and faulty behavior. Training uses only the nominal days of the training systems.
Every data sample is a single day of a system with V = 8 sensors and 7 = 1440 one-minute time steps. There
are five temperature sensors — the collector ‘TSA1’, the collector inlet “TSE’, the tank ‘TW’, the collector
outlet “TSV’ and the ambient temperature ‘TAM’ — the volumetric flow sensor ‘VF’, the pump control signal
‘pwm’ and the frost-protection control signal ‘ctr’. We additionally use the same preprocessing as defined in
Ebmeier et al. (2025).

Metrics. Sensor estimation is evaluated on the nominal days of the test set. This test set carries a large
number of unlabeled faults, which adds noise to the reported errors. We report the mean absolute error (MAE)
over the masked sensor time-series in kelvin (K) for the five temperature sensors as well as averaged over all
temperature sensors. For the anomaly detection we report the overall F1 score for an optimal global threshold,
the system-wise F1 score as defined in Ebmeier et al. (2025) and the area under the precision-recall curve
(AUC-PR). Unless stated otherwise, numbers are seed-means over ten seeds and all deviations are standard
deviations across seeds.

Configurations. All configurations use a patch size of 8 and two stride-2 convolution stages, compressing 1440
time steps into L = 45 tokens per sensor. We observed that the codebook size N, of the tokenizer affects the
two downstream tasks differently, so we report N, = 128, N, = 512 and N, = 4096, all with a masking block
size of b = 5, a prior weight of @ = 2 and 10k Stage 2 steps. The ViT has a channel dimension of 256 with 6
layers unless stated otherwise. The featured configuration uses the smallest codebook of N. = 128 entries. For
the anomaly detection we additionally report a N, = 128 variant trained with uniform masking (b = 1). Both
stages are optimized with schedule-free AdamW (Defazio et al., 2024) at a learning rate of 10~4, weight decay
1073, batch size 512 and 16-bit mixed precision, with 5k steps for Stage 1.

Baselines. We compare the sensor estimation against two simple baselines. The first is linear regression.
For each temperature sensor a model predicts the temperature sensor from the other seven sensors at the same
time step. The second is a mean profile, which returns the per-timestep training mean of each sensor. Both
baselines are fitted on the nominal training set. Additionally, we report the autoencoder floor, which is the



reconstruction error obtained by encoding and decoding the ground-truth tokens without any masking. This
represents the best result possible for the Stage 2 model under the tokenizer.

5. Results
5.1 Sensor Estimation

Tab. 1: Results of the sensor estimation task. Mean absolute error in K per temperature sensor (seed-mean =+ standard deviation over ten
seeds), obtained by masking one entire sensor and reconstructing it from the other seven. Errors are temperature differences and therefore
given in K. All FM rows use a masking block size of 5, so they differ only in the codebook size N... The featured configuration is marked.
The autoencoder floor is the reconstruction round-trip without masking and bounds the performance of the FM. The two baselines are
independent of the tokenizer.

Method TSA1 TSE ™W TSV TAM Mean
Mean profile (per-timestep) 14.49 9.43 17.36 13.04 7.35 12.33
Linear regression (7—1) 11.59 7.67 17.51 8.27 5.28 10.06
FM (ours), No = 128 (featured) 7.06 £0.15 6.96 £ 0.25 17.77 £0.41 7.26+0.10 4.31 £0.13 8.67 =0.11
Autoencoder floor, N. = 128 3.51 1.22 1.60 2.86 0.98 2.04
FM (ours), N =512 6.75+0.12 6.72+0.23 18.33+0.74 744 +0.15 4.04 +0.08 8.66 +0.19
Autoencoder floor, N. = 512 2.47 0.97 0.79 2.06 0.47 1.35
FM (ours), N. = 4096 6.66 +0.15 6.81 020 17.93+0.73 7.50=+0.15 3.81 +0.14 8.54 +0.17
Autoencoder floor, N. = 4096 1.66 0.79 0.70 1.62 0.33 1.02

Overall error. Table 1 reports the results for the sensor estimation task. The featured model reaches 8.67 K
averaged over the five sensors, against 10.06 K for the per-timestep linear regression and 12.33 K for the mean
profile. While the autoencoder floor improves monotonically with the codebook size (from 2.04 K to 1.02 K),
the sensor estimation MAE varies by at most 0.13 K between the codebooks. This difference is comparable to
the seed variability and an order of magnitude less than the change of the floor. We further investigate this in
section 5.4.

Per-sensor breakdown. The per-sensor breakdown gives more insight into the sensor estimation. The tank
temperature ‘“TW’ is not meaningfully estimated by any of the models. We observe comparable errors between
17.36 K and 18.33 K. The tank temperature is driven by the auxiliary heater and by hot-water consumption,
neither of which is observed by the seven remaining sensors, so no model can recover it from these inputs.
Excluding TW, the featured model reaches 6.40 K against 8.20 K for linear regression and 11.08 K for the
mean profile. We specifically discuss this in section 6. The difference between the baseline methods and the
FM comes from the other sensors, with the sensor experiencing the most dynamics (TSA1) showing the largest
improvements over the baselines.
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Fig. 2: Two examples of the sensor estimation task on the collector temperature (N, = 512, b = 45 model). The mean behavior is captured
well, but the reconstruction is visibly smoothed relative to the ground truth.
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Fig. 3: Two examples of the sensor estimation task on the tank temperature for the same days and the same model as Fig. 2. The tank
temperature follows a generic temperature curve, not matching the system’s temperature. The periodic sawtooth pattern in the measured
tank temperature (left) is consistent with the cycling of an auxiliary gas boiler.

Example days. Visual inspection (Fig. 2) of the collector temperature estimation for two different days shows
good agreement in behavior both for a day with low dynamics (left) and high dynamics (right). There is a
clear smoothing effect, which is expected and common in machine learning models. We also observe a mean
bias, where the estimated temperature of the low dynamics day is slightly above the curve, and the estimated
temperature of the high dynamics day is slightly below the curve. A different behavior is shown by the tank
temperature of the same days (Fig. 3). Here the estimates are generic temperature curves, largely independent
of the observed tank temperatures.

5.2 Anomaly Detection

Tab. 2: Zero-shot anomaly detection on the reannotated PaSTS labels. Baseline numbers are taken from Ebmeier et al. (2025). All
reported deviations are standard deviations over ten seeds; deterministic methods carry no standard deviations. The FM rows vary the
codebook size N, at a fixed masking block size of b = 5; the last row uses uniform masking (b = 1). Bold marks the best value in each
column (ties are all marked).

Method System-wise F1 Overall F1 AUC-PR
Unscaled PCA-R 0.30 0.69 0.74
Rescaled PCA-R 0.40 0.76 0.82
MSE-BVAE 0.32 +£0.02 0.72 £ 0.01 0.75 + 0.01
MVE-BVAE 0.46 + 0.02 0.77 + 0.01 0.79 £ 0.01
FM (ours), N = 128, b = 5 (featured) 0.40 £ 0.01 0.76 £ <0.01  0.82 + <0.01
FM (ours), N =512, b =5 0.37 £ 0.02 0.73 £ 0.01 0.81 + <0.01
FM (ours), N = 4096, b =5 0.34 £ 0.02 0.72 £ 0.01 0.79 £ 0.01
FM (ours), N. =128, b =1 0.42 +£0.02 0.76 £ <0.01  0.82 + <0.01

Table 2 shows both the results of our anomaly detection and the models implemented by Ebmeier et al. (2025).
The featured N, = 128 model reaches an overall F1 of 0.76 + <0.01 and a system-wise F1 of 0.40 + 0.01, and
the detection performance degrades monotonically with increasing codebook size. We note that even though we
have a deterministic Stage 1 model, the Stage 2 model, trained with the MD4 rescaled cross-entropy loss (Shi
et al., 2024), is an uncertainty-aware model. Our model clearly improves upon the baseline methods without
uncertainty estimation (MSE-SVAE and Unscaled PCA-R) and is on par with Rescaled PCA-R, which the
uniform-masking variant exceeds on the system-wise F1 (0.42 vs. 0.40). Only the MVE-BVAE remains clearly
ahead, while our AUC-PR of 0.82 matches the best baseline value. Notably, the uniform-masking variant,
whose anomaly score is a valid variational bound on the likelihood, is also the best detector.
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Fig. 4: Block size sweep for the three codebook sizes. Points are seed-means over ten seeds. Error bars are one standard deviation. The
block-size axis is logarithmic. A block size of 1 corresponds to uniformly random masking, and 45 to masking whole sensors. The three
panels show the sensor estimation MAE, the overall F1 score and the system-wise F1 score against the block size.

5.3 Effect of the Masking Prior

To analyze the impact of the masking prior on the downstream task performance, we swept the masking block
size b for all three codebook sizes. For every setting we used ten different seeds and the results can be found
in Fig. 4. Uniform masking (b = 1) is clearly the worst setting for sensor estimation, at approximately 9.3 K
for all codebook sizes, while any block size b > 5 reaches a plateau of 8.5-8.8 K with a possible optimum
around b = 5 to 9. We observed a reversed ordering for the anomaly detection task. The best performance is
observed for b = 1 for every codebook. The performance decreases up to b = 15-25, and partially recovers for
the largest block sizes. The masking prior therefore mildly trades the two tasks against each other, with blocky
masking benefiting sensor estimation at a moderate cost in detection performance.

5.4 Hyperparameter sensitivity

During development we varied hyperparameters such as the channel dimensions or depth of the ViT and the
tokenizer. However, with sensible hyperparameter choices the performance of both downstream tasks was
largely independent of the hyperparameters. The only exception to this is the codebook size N of the tokenizer.
Here we observe a trade-off between reconstruction quality and anomaly detection performance. Increasing
N, from 128 to 4096 lowered the reconstruction floor from 2.04 K to 1.02 K, but monotonically degraded the
anomaly detection, with the overall F1 dropping from 0.76 to 0.72 and the system-wise F1 from 0.40 to 0.34.
The sensor estimation performance, in contrast, remained essentially unchanged.

A plausible mechanism for the trade-off would be that a larger codebook allows anomalous subsequences to have
corresponding codebook entries. A sufficiently good Stage 2 model is then able to select these codebook entries
and more accurately reconstruct the anomalies as well as the nominal data, weakening the out-of-distribution
signal and thus worsening anomaly detection performance. This inherent trade-off needs to be resolved for
better training performance to lead to better downstream task performance. Here we feature the N, = 128

result, as the smaller codebook acts as a regularizer that improves anomaly detection at no measurable cost in
sensor estimation.

6. Discussion

Sensor estimation gap A substantial gap remains between the autoencoder floor and the sensor estimation
task. A possible cause is the reconstruction—generation trade-off. Under this hypothesis, a larger codebook
encodes more informative codes that are harder to predict, so that the task difficulty grows with the codebook
size. However, increasing N, from 512 to 4096 grows the number of codes used by a factor of 7.1 (as codebook
utilization drops from 0.96 to 0.85), but the predictive perplexity of the masked tokens only by a factor of
3.0 (from 6.8 to 20.6), so the additional codes are not disproportionately harder to predict. Moreover, the
N, = 128 tokenizer has a substantially worse floor on the dynamic sensors (3.51 K on TSAI, against 1.66 K



for N. = 4096), yet reaches the same sensor estimation error, showing that the floor is not the limiting factor.
Consequently, we suspect that a large portion of the gap is due to the difficulty of estimating the data itself. The
clearest example is the tank temperature, as it is estimated poorly by the FM and both baselines. TW is largely
driven by the heating demand and the auxiliary heating source. There is neither metadata nor time-series data
about this in the dataset. Adding data from the auxiliary heater (e.g. burner on/off) or the hot-water draw
would improve this reconstruction more than any model change. More generally, even though some of the gap
between the floor and the task performance might be closed by improving the model itself, task performance
would improve more from additional data sources.

Anomaly detection gap. The relevant claim in this comparison is generality rather than detection accuracy.
All baselines in Table 2 are single-purpose anomaly detectors. Our model reaches its performance without
being designed specifically for anomaly detection, and the same model also performs sensor estimation. Our
results exceed MSE-SVAE, are on par with Rescaled PCA-R, even exceeding it on the system-wise metric with
uniform masking, and sit below only MVE-BVAE. The remaining gap to MVE-BVAE is not due to a lack of
uncertainty estimation in the anomaly scores. Stage 2 predicts a full categorical distribution over codebook
entries, is trained with a proper scoring rule, and the anomaly score is likelihood-based. It is a valid bound
for uniform masking and a likelihood-inspired reweighting for the block prior. A more likely explanation is
the regularization of the latent space or the computation of the anomaly score itself. The resolution of the
tokens may contribute as well. As tokens cover 32 time steps, the model cannot express uncertainty at a finer
resolution. The strongest baseline, MVE-SVAE, instead estimates uncertainty directly in the signal domain, at
full temporal resolution.

Decoupling of stage 1 and task performance. The decoupling of Stage 1 quality and downstream performance
is one of the more consequential findings of the paper. The premise of scaling a framework like ours is that
better training performance translates into better downstream task performance. We observe the opposite:
a larger codebook, which clearly improves reconstruction, leaves sensor estimation unchanged and degrades
anomaly detection. Anomaly detection relies on the model being better at reconstructing nominal rather than
anomalous data. A more expressive codebook improves reconstruction for both and thus weakens this signal,
while the smaller codebook acts as a regularizer. Such a strong impact of the regularization on anomaly
detection performance was also found in Ebmeier et al. (2025). For a large-scale foundation model, into which
we would want to invest more capacity and data, this conflict has to be resolved.

Smoothing. Due to the compression of 1440 steps into 45 tokens in the tokenizer and training with the standard
mean-squared error loss, we observe smoothing even in the autoencoder floor, without any masking. Stage
2 then decodes deterministically by taking the most likely token. This further pushes reconstruction toward
the conditional mean, directly visible as smoothing. For many downstream applications this is not a problem.
However, if control decisions, such as pump switching in a solar thermal system, rely on sharp increases and
decreases of a sensor, this effect has to be considered.

7. Conclusion and Outlook

A two-stage masked autoencoder, trained once on nominal data from multiple real solar thermal installations,
can serve several downstream tasks zero-shot by expressing each as an inference-time mask. It estimates
missing sensors better than a linear cross-sensor baseline and detects anomalies on par with all but the strongest
dedicated reconstruction baseline, without having been trained for either task. Missing sensors and dropouts,
which are endemic in this domain, are handled by construction rather than by preprocessing.

Downstream task performance is nonetheless modest. Anomaly detection performance lags behind the state-of-
the-art dedicated system and sensor estimation error is still above what would be reasonable to use in operational
setups. Neither the capacity of the Stage 2 model nor masking priors closed the gap between the tokenizer floor
and the sensor estimation error. Most fundamentally, better Stage 1 training currently does not translate into
better downstream performance: it leaves sensor estimation unchanged and degrades anomaly detection. This
decoupling has to be resolved before additional scaling can pay off.

There are three clear directions following from this. First, we may use different masking distributions at
inference and during training. For example, we could vary the masking distribution during training and use
only the valid bound (¢ = 0) at inference, returning anomaly detection to its roots as out-of-distribution
detection. Second, the uncertainty internally estimated by the model should be carried through the decoder into



data space. This may counteract smoothing and might be necessary as a step toward operational setups. Third,
the tokenization step has to be re-evaluated. More diverse data sources will need specific modality-dependent
tokenization steps and it has to be critically evaluated whether vector quantization is the right choice for the
time-series modality.

Beyond the model, the natural extension is data. The model could be further extended with a multi-domain
dataset encompassing different types of small- to medium-scale heating systems and incorporating more diverse
data sources, if such a dataset existed. Building one is, in our view, a more important prerequisite for a foundation
model in this domain than any further architectural refinement. Despite the current lack of such a dataset, this
architecture provides a viable foundation for general-purpose energy system modeling.
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