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ABSTRACT

Diffusion models for time series are often trained in observation space, where
autocorrelation and heteroskedasticity induce anisotropic and curved data geom-
etry that complicates score estimation. We argue that the effectiveness of latent
diffusion stems from geometric alignment, in which temporal encoders reshape
sequences into smoother and more Gaussian-like manifolds on which diffusion
is better conditioned. We formalize this view by connecting encoder-induced
isotropy to reduced score-field complexity. Empirically, we validate this hypoth-
esis using a geometry diagnostic suite consisting of denoising stability under in-
creasing noise, PCA structure, local isotropy, and finite-difference smoothness.
Experiments on two large-scale electricity datasets, ECL and LD2011, consis-
tently exhibit improved conditioning and smoother score behavior under appro-
priate representation capacity in latent space, providing a principled explanation
of when and why latent diffusion is preferable for time-series modeling.

Track: Research

1 INTRODUCTION AND RELATED WORK

Diffusion and score-based models have emerged as powerful generative frameworks for time-series
data, enabling applications such as long-horizon synthesis and conditional imputation (Ho et al.,
2020; [Song et al.l [2020). Most existing approaches, however, apply diffusion directly in observa-
tion space, treating a multivariate temporal window 2 € R”7*¢ as a point in a high-dimensional
Euclidean space. This implicitly assumes that raw time-series data exhibit locally isotropic and ap-
proximately Gaussian structure, assumptions that are rarely satisfied in real-world temporal signals.

Time series exhibit strong autocorrelation, nonstationarity, regime changes, and heavy-tailed noise,
inducing anisotropic and highly curved data manifolds. Injecting i.i.d. Gaussian noise during the
forward diffusion process therefore rapidly destroys temporal structure, forcing the reverse process
to learn complex and irregular score fields. Empirically, in our experiments, observation-space
diffusion exhibits less stable denoising behavior and weaker uncertainty calibration relative to its
latent-space counterpart.

Several diffusion-based methods have been proposed for time-series modeling. TimeGrad (Rasul
et al., [2021) and CSDI (Tashiro et al., [2021) adapt diffusion to forecasting and imputation through
autoregressive or conditional formulations, while subsequent works explore non-autoregressive con-
ditioning, self-guided diffusion, and architectural refinements (Shen & Kwok,2023;|Kollovieh et al.}
2023). Despite their empirical success, these approaches largely retain diffusion in the original ob-
servation space and focus on architectural design rather than the suitability of the representation
space itself.

A related line of work performs diffusion or score-based modeling in learned latent spaces, including
recent latent diffusion approaches for time-series modeling (Qian et al.| |2024; Ruan et al., 2025).
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Latent diffusion models (Rombach et al.l |2022) and latent score-based generative models (Vahdat
et al.,|2021) demonstrate that representation-space diffusion can simplify score learning and improve
efficiency in vision and audio domains. However, these works are primarily empirical and do not
provide a principled explanation for why latent diffusion is better aligned with the data geometry,
particularly for time series where autocorrelation and nonstationarity play a central role.

We argue that the limitations of observation-space diffusion arise from a fundamental geometric
mismatch between diffusion processes and the intrinsic structure of temporal data. Diffusion is
well behaved on manifolds that are locally smooth, approximately linear, and near-Gaussian. While
raw time series violate these properties, latent representations learned by temporal encoders often
satisfy them. Representation learning compresses temporal structure, filters measurement noise,
and induces low-dimensional manifolds where distances reflect dynamical similarity rather than
raw scale.

In our approach, time-series windows are first encoded into a latent representation where diffusion
is performed, and the resulting latent samples are then decoded back to observation space.

2 GEOMETRIC PERSPECTIVE AND LATENT DIFFUSION FRAMEWORK

Let X € RT*9 denote a multivariate time-series window drawn from an unknown data distribution
supported near a low-dimensional structured manifold embedded in a high-dimensional observation
space. We consider a temporal encoder F that maps sequences to a latent representation Z =
E(X) € R¥, where k < Td. The image of this mapping defines a latent manifold on which
temporal structure is compactly represented. All input features are standardized to zero mean and
unit variance using training-set statistics prior to representation learning and diffusion modeling.

Diffusion and score-based models operate by learning the score field V log p;(-) of progressively
noised data. The complexity of this score field strongly depends on the geometry of the underly-
ing representation space. In observation space, temporal autocorrelation, nonstationarity, and het-
eroskedastic noise induce highly curved and anisotropic densities, leading to irregular and poorly
conditioned score fields and unstable reverse dynamics. In contrast, latent representations learned
by temporal encoders are empirically smoother and closer to Gaussian, yielding score fields with
reduced curvature and improved conditioning.

Motivated by this geometric perspective, and supported by the theoretical analysis in Appendix [A}
we perform diffusion directly in latent space rather than on raw observations. Our framework
consists of three components: (i) a temporal encoder that maps input sequences to a smooth latent
manifold, (ii) a diffusion process defined over latent trajectories, and (iii) a decoder that reconstructs
or imputes observations from generated latent samples. This formulation decouples diffusion from
raw temporal irregularities while preserving the underlying dynamics through the encoder—decoder

mapping.

3  EXPERIMENTS

This section evaluates the proposed latent-space diffusion framework on real-world electricity con-
sumption data in the context of generative modeling and conditional reconstruction. Implementation
details and hyperparameter settings are provided in Appendix|C] In particular, our models are trained
for unconditional window generation and conditional denoising, which serve as building blocks for
downstream forecasting and imputation tasks. Rather than focusing solely on end-task prediction
accuracy, we emphasize diagnostic experiments that isolate the geometric and dynamical properties
governing diffusion behavior. Specifically, we aim to answer the following questions:

Q1 Does latent diffusion exhibit improved denoising stability compared to observation-space
diffusion under increasing noise levels?

Q2 Are score fields in latent space empirically smoother than in observation space?

Q3 How does latent capacity affect the trade-off between geometric regularization and repre-
sentation error?

Q4 Does latent diffusion preserve the global structure of temporal load manifolds?
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Datasets. We evaluate on two publicly available electricity consumption datasets: ECL (Zhou
et al.| (2021)), consisting of hourly substation measurements, and LD2011 (Trindade (2015)), con-
taining 15-minute consumption traces from over 300 clients. Both datasets exhibit strong season-
ality, cross-variable correlations, and heterogeneous dynamics, making them suitable for geometric
analysis. Additional validation on synthetic chaotic dynamical systems is provided in Appendix

3.1 DENOISING STABILITY ANALYSIS

To evaluate diffusion conditioning, we corrupt clean samples with Gaussian noise of scale o and
measure the mean squared denoising error. Figure[T|reports validation MSE as a function of o.

ECL: Geometry Diagnostic (Temporal VAE + Temporal Denoisers) LD2011: Geometry Diagnostic (Temporal VAE + Temporal Denoisers)
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Figure 1: Denoising stability under increasing noise levels. Left: ECL. Right: LD2011.

Across both datasets, observation-space denoising exhibits greater variability across noise levels. In
contrast, latent-space denoising remains more stable over moderate noise magnitudes when repre-
sentation capacity is sufficient, although performance degrades under extreme corruption.

3.2 GLOBAL GEOMETRY VISUALIZATION

To examine manifold structure, we project observation-space windows and latent encodings onto
their first two principal components. As shown in Figure 2] raw windows exhibit pronounced ra-
dial anisotropy, hollow-center structure, and directional stretching, reflecting correlated temporal
variation and scale imbalance.

ECL PCA (Observation-space) ECL PCA (Latent-space) LD2011 PCA (Observation-space) LD2011 PCA (Latent-Space)

Figure 2: PCA projections of windowed electricity data. Left: ECL. Right: LD2011.

In contrast, latent representations compress variance and reduce extreme anisotropy, yielding more
centralized and balanced embeddings. While not strictly Gaussian, the learned representations are
better aligned with diffusion assumptions and exhibit smoother global structure.

3.3 LocAL GEOMETRY AND SMOOTHNESS

We analyze local geometric regularity using neighborhood covariance conditioning and finite-
difference smoothness diagnostics. As shown in Figure 3] (kNN=30, PCA dim=5), latent-space
neighborhoods exhibit lower condition numbers than observation-space neighborhoods, indicating
smoother and more isotropic geometry that is better aligned with Gaussian diffusion assumptions.
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Local Anisotropy of Manifolds (LD2011) Local Anisotropy of Manifolds (ECL)
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Figure 3: Local isotropy diagnostics based on k-nearest neighbor covariance analysis.

The finite-difference Lipschitz estimates in Figure 4] show that latent denoisers are less sensitive to
local perturbations, reflecting smoother and better-conditioned score fields. Together, these results
indicate that latent representations regularize both the data manifold and diffusion dynamics.

Empirical Score Smoothness (LD2011 Dataset) Empirical Score Smoothness (ECL Dataset)
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Figure 4: Smoothness diagnostics at o = 0.35 based on finite-difference Lipschitz estimates. Dis-
tributions of || f(u + 0) — f(u)]|/]|d|| for obs-space and latent denoisers.

3.4 LATENT CAPACITY AND DIFFUSION PERFORMANCE

To address Question Q3, we analyze how the latent dimension K affects the balance between rep-
resentation fidelity and diffusion conditioning. While diffusion is performed in latent space, the
resulting latent variables must ultimately be decoded back into observation space where the original
data resides. Consequently, the effectiveness of latent diffusion depends not only on the conditioning
of the latent manifold but also on the decoder’s ability to reconstruct observations from perturbed
latent representations. This introduces an important tradeoff between representation capacity and
diffusion stability.

Latent dimensionality plays a critical role in balancing geometric regularization and representation
accuracy. When the latent dimension K is small, strong regularization toward Gaussian latent dis-
tributions can induce posterior collapse and information loss, causing encoder—decoder distortion to
dominate and offset geometric benefits. In this regime, latent diffusion provides limited advantage.
As the latent dimension increases, the representation becomes more expressive and the reconstruc-
tion error decreases, allowing diffusion to operate on a smoother and lower-distortion latent manifold
that is better aligned with Gaussian diffusion assumptions.

At the same time, diffusion in latent space does not operate in isolation. After the diffusion process,
the perturbed latent variables must be mapped back to observation space through the decoder. If
the decoder is highly sensitive to small latent perturbations, errors introduced during diffusion can
be amplified during reconstruction. This creates a practical limit on how much increasing latent
dimensionality can improve performance, as excessively large latent spaces weaken the regularizing
effect of the latent bottleneck.

To examine the role of latent capacity more directly, we perform an ablation on the latent dimension
K on two datasets. Table [1| reports the Temporal VAE reconstruction floor, denoising errors in
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latent and observation spaces, and two geometry diagnostics: an isotropy score derived from local
covariance condition numbers and a smoothness proxy based on an empirical Lipschitz estimate of
the denoiser.

Table 1: Latent-dimension ablation on ECL and LD2011.
Dataset K  TVAErecon floor | Latent denoise MSE | Obs denoise MSE | Latent isotropy score T  Latent smoothness proxy |

ECL 16 0.01223 0.02469 0.02019 0.04349 0.27870
ECL 32 0.02120 0.02000 0.02568 0.07539 0.26660
ECL 64 0.01390 0.01774 0.02581 0.04212 0.22900
ECL 128 0.01220 0.10500 0.02110 0.02918 0.20340
LD2011 16 0.02038 0.00315 0.07748 0.10110 0.10639
LD2011 32 0.02050 0.00153 0.01008 0.09484 0.08428
LD2011 64 0.01737 0.00092 0.02476 0.08236 0.06243
LD2011 128 0.01868 0.00047 0.01558 0.10995 0.04260

The results confirm that latent capacity strongly affects the tradeoff between representation fidelity
and diffusion-friendly geometry. When K is small, the latent bottleneck limits reconstruction qual-
ity and encoder—decoder distortion reduces the advantage of latent diffusion. As K increases, la-
tent denoising error generally decreases and latent diffusion becomes more favorable relative to
observation-space diffusion, indicating that the geometric benefits of latent diffusion emerge once
the representation is sufficiently expressive.

However, increasing latent dimensionality does not guarantee monotonic improvements. While
larger K typically improves the smoothness of the learned score field and can improve isotropy,
excessively large latent spaces weaken the regularizing effect of the latent bottleneck. In such cases,
the decoder may become more sensitive to small perturbations in the latent code, so errors introduced
during the diffusion process can be amplified when mapping back to the observation space.

These results highlight that latent dimensionality is not merely a modeling choice, but a critical
factor governing the geometric conditioning of diffusion. This behavior can be interpreted as a
bias—variance tradeoff in representation space: small latent dimensions over-regularize and distort
the data manifold, while excessively large latent spaces reduce geometric regularization and de-
grade diffusion conditioning. Optimal performance therefore arises in an intermediate regime where
the latent space is expressive enough to preserve structure yet sufficiently constrained to maintain
diffusion-friendly geometry.

4 DISCUSSION

Across two large-scale real-world electricity datasets, we show that latent diffusion achieves im-
proved denoising stability, geometric isotropy, and score smoothness when representation capac-
ity is sufficient. Additional validation on chaotic dynamical systems is provided in Appendix
By combining theoretical analysis with empirical diagnostics, we provide a geometric explanation
for why diffusion in latent space outperforms observation-space modeling. Our results highlight
the role of well-conditioned, low-distortion representations in shaping diffusion dynamics. When
these conditions are met, latent diffusion induces smoother probability landscapes and more stable
reverse-time dynamics, improving robustness under noise. At the same time, strong regularization
toward diffusion-friendly latent geometry can introduce representation loss and posterior collapse,
degrading reconstruction fidelity. Balancing geometric regularization and expressive capacity there-
fore remains a key challenge. Future work will explore adaptive representation learning strategies
that jointly optimize conditioning and reconstruction accuracy, as well as extensions to multiscale
and long-horizon forecasting. Overall, this work establishes geometric regularity of learned repre-
sentations as a key factor governing diffusion performance in time-series data.
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A GEOMETRIC PERSPECTIVE ON LATENT DIFFUSION

This appendix provides a preliminary theoretical perspective supporting the geometric arguments
developed in the main paper. Our goal is not to present a complete formal theory of latent diffusion
for time series, but rather to clarify the mathematical mechanisms through which representation
learning can improve diffusion conditioning.

A.1 SETUP AND NOTATION

Let X € RT*? denote a multivariate time-series window and let D = T'd be its ambient dimension
after vectorization. We assume that the data distribution Px is supported in a small neighborhood
of a compact, smooth manifold My C R” and admits a twice continuously differentiable density

Px.

Let £ : U C RP — R* be a differentiable temporal encoder defined on a neighborhood U of M x,
and define the latent representation

Z=EX)eR" k<D.
For stochastic encoders such as VAEs, we consider the mean mapping E(X) = E[Z|X].

The image My = FE(Mx) defines a latent representation manifold in R*. Under the regularity
conditions of Assumption A.1, the pushforward distribution P; = E4 Px admits a twice continu-
ously differentiable density pz.

We consider diffusion processes in both observation and latent spaces, and denote by px ; and pz ;
the corresponding marginal densities at diffusion time .

A.2 REGULARITY OF THE ENCODER

Our analysis relies on mild regularity conditions on the encoder.

Assumption A.1 (Bi-Lipschitz Regularity). The encoder E is continuously differentiable on a
neighborhood of M x and bi-Lipschitz on M x. That is, there exist constants 0 < m < L < oo
such that

m||z1 — x2|| < ||E(x1) — E(x2)|| < Lijxy — z2|, V1,20 € Mx.

While strong, this assumption is approximately satisfied in practice by well-trained representation
models that avoid posterior collapse and maintain well-conditioned Jacobians in regions of high
data density. In intuitive terms, Assumption A.1 requires that the encoder neither collapses distinct
time-series windows into nearly identical latent representations nor excessively amplifies small per-
turbations. It ensures that distances and local geometry on the data manifold are preserved up to
constant factors, yielding well-conditioned and approximately invertible representations.

A.3 PROBABILITY FLOw ODE

Following Song et al.| (2020), the probability flow ODE associated with a diffusion process satisfies

dX 1
— = Ix(t.X0) = Sg(0)?sx (X0, 0
az 1
= f2(t.20) = S9(0)?s24(Z), @

where fx and fz denote the drift functions in observation and latent spaces, respectively, and
sx(x) = Vglogpxs(x), sz:(2)=V.logpzs(z)
denote the corresponding score fields.

Under standard regularity conditions ensuring well-posedness, learning a diffusion model corre-
sponds to approximating these score functions.
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A.4 SCORE CURVATURE AND CONDITIONING

We quantify the local geometric complexity of a density through the curvature of its log-density.

Definition A.2 (Score Curvature). For a twice continuously differentiable density p on RY, define

kp(x) = [|VZ log p(@)llop, 3)
and the global curvature
K(p)= sup kp(z). 4)
z€supp(p)

Large values of K (p) correspond to rapidly varying score fields and ill-conditioned reverse dynam-
ics, leading to stiff probability flow ODEs and increased sensitivity to perturbations.

Intuitively, £, (x) measures how abruptly the denoising directions change in a neighborhood of z,
reflecting the local roughness of the underlying probability landscape. Smaller values correspond to
smoother score fields and more stable reverse-time dynamics.

A.5 GAUSSIAN REFERENCE CASE

The Gaussian distribution provides a minimal-complexity baseline for score-based diffusion.

Lemma A.3. Letp(z) = N(x|y, ) on RY with ¥ > 0. Then

V. logp(z) = =27z — p), %)
Vilogp(z) = —x7, (©)
and K (p) = | op.
Proof. Direct differentiation. O

This result shows that Gaussian distributions induce globally linear score fields and constant curva-
ture, yielding optimally conditioned reverse-time dynamics.

A.6 TRANSFORMATION OF SCORE FIELDS

We relate observation-space and latent-space scores via a change of variables.

Lemma A.4 (Score Transformation). Assume that E is a diffeomorphism between M x and
M 5, with Jacobian Jg and inverse E~1. Then

SZ(Z) = JEfl(Z)TSX(x)+Vz 10g|detJE*1(Z)|v x:Eil(z)v (7
for all z € M.

Proof. By the change-of-variables formula, pz(2) = px (z)|det Jp-1(2)| with x = E~1(2). Tak-
ing logarithms and differentiating with respect to z yields the result. O

A.7 IMPLICATIONS FOR SCORE CONDITIONING

Lemma A.4 implies that the geometry of the encoder directly influences the regularity of the latent
score field. In particular, if the Jacobian Jg and its inverse are well conditioned, then variations in
sx are not strongly amplified in latent space.
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Proposition A.5 (Conditioning Transfer). Suppose E satisfies Assumption A.1 and has uni-
formly bounded second derivatives on a neighborhood of M x. Then there exists a constant C' > 0,
depending only on these bounds, such that

L
IVsz(2)llop < —lIVsx(@)llop +C, @ = E7(2). (®)

Proof Sketch. The result follows by differentiating Lemma A.4 using the chain rule and applying
operator norm bounds to the Jacobian and Hessian terms. O

This bound indicates that encoders with well-conditioned Jacobians limit the curvature of the latent
score field.

A.8 STABILITY OF REVERSE-TIME DYNAMICS

Let LX and LZ denote Lipschitz constants of the observation-space and latent-space score fields,
respectively.

Proposition A.6 (ODE Stability). Consider two solutions of the probability flow ODE in latent
space with initial conditions zq and Zg. If LZ < aLX for some o < 1, then perturbations grow at a
reduced exponential rate:

2 — 2] < "

and hence more slowly than in observation space.

|20 — Zoll, )

Proof. This follows from standard Gronwall inequalities for ordinary differential equations. O

A.9 CONNECTION TO EMPIRICAL DIAGNOSTICS AND LIMITATIONS

The bounds above suggest that encoders with approximately isotropic and well-conditioned Jaco-
bians reduce score curvature and improve stability by controlling K (p) and the Lipschitz constant
of the latent score field. Our empirical diagnostics in Section 3 (denoising stability, local isotropy,
and finite-difference smoothness) provide quantitative evidence supporting this prediction on real-
world datasets.

We emphasize that this analysis is preliminary. Establishing sharp, non-asymptotic bounds on score
complexity under learned representations remains an open problem, and our results should therefore
be viewed as theoretical motivation consistent with, rather than replacing, empirical validation.
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B Toy DYNAMICAL SYSTEM VALIDATION

To further validate the geometric effects of latent diffusion, we evaluate the framework on trajecto-
ries generated from two chaotic dynamical systems: the Lorenz system and the Rossler system.
These systems produce trajectories that lie on low-dimensional nonlinear manifolds with well-
studied geometric structure, making them suitable toy benchmarks. For consistency, we use the
same model architecture and hyperparameters as in the real-world experiments.

Consistent with our observations on electricity consumption datasets, latent representations exhibit
reduced local anisotropy and smoother score fields compared to observation-space representations.

Lorenz PCA (Observation-space) Lorenz PCA (Latent-space) Rossler PCA (Observation-space) Rossler PCA (Latent-space)

pc2

Figure 5: PCA projections of Lorenz and Rdssler trajectories in observation and latent spaces.

Figure [5] visualizes the geometry of the two chaotic attractors. In observation space, both systems
exhibit highly curved manifolds reflecting their nonlinear dynamics. After encoding, the latent
representations preserve the underlying structure while producing a more compact and geometrically
regular manifold.

Local Anisotropy of Manifolds (Lorenz) Local Anisotropy of Manifolds (Rossler)
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Figure 6: Local anisotropy measured via condition numbers of local covariance matrices.
Figure [6] quantifies the geometric conditioning of the manifolds. The latent representations exhibit
significantly smaller condition numbers, indicating improved local isotropy relative to observation
space.

Empirical Score Smoothness (Lorenz Dataset) Empirical Score Smoothness (Rossler Dataset)
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Figure 7: Empirical score smoothness measured via a Lipschitz proxy.
Finally, Figure [7] compares the smoothness of the learned score fields. Latent-space denoisers pro-

duce substantially smoother score fields than observation-space denoisers for both dynamical sys-
tems.

10
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These results demonstrate that the geometric advantages of latent diffusion persist even in controlled
dynamical systems with well-understood attractor structure.

C EXPERIMENTAL DETAILS

Experiments are conducted on two real-world electricity consumption datasets: the Electricity Con-
sumption Load (ECL) dataset and the Electricity Load Diagrams 2011-2014 (LD2011) dataset.
Both datasets contain multivariate hourly electricity usage time series from multiple customers.

All multivariate time series are segmented into overlapping windows of length 7' = 48 with stride
1 and globally standardized using training statistics. The datasets are split temporally into 80%
training and 20% validation sets.

Latent representations are learned using a temporal 3-VAE based on single-layer LSTM encoders
and decoders with hidden size 512 and latent dimension K = 64. The VAE is trained for 80 epochs
using Adam with learning rate 102 and KL weight 8 = 1073,

Observation-space and latent-space denoisers are implemented as temporal Transformer encoders
with identical architectures, consisting of 4 layers, 8 attention heads, and hidden dimension 256.
Noise-level conditioning is applied through learned ¢ embeddings.

All models are trained using Adam with learning rate 10~ and batch size 256. For each noise level
o € {0.05,0.1,0.2,0.35,0.5}, denoisers are trained for 15 epochs to minimize mean squared error
between clean and noisy sequences, with parameters reinitialized for each run.

Representation geometry is evaluated using three diagnostics: (i) validation mean squared denois-
ing error, with the posterior-mean VAE reconstruction error used as a reference floor; (ii) local
anisotropy measured by condition numbers of k-nearest-neighbor covariance matrices after PCA
reduction (k = 30, » = 5); and (iii) score-field smoothness estimated using a finite-difference
Lipschitz proxy with perturbation scale § = 0.02 and noise level o = 0.35.

All experiments are implemented in PyTorch with fixed random seeds and executed on NVIDIA
A100 GPUs (Google Colab environment).

11



	Introduction and Related Work
	Geometric Perspective and Latent Diffusion Framework
	Experiments
	Denoising Stability Analysis
	Global Geometry Visualization
	Local Geometry and Smoothness
	Latent Capacity and Diffusion Performance

	Discussion
	Geometric Perspective on Latent Diffusion
	Setup and Notation
	Regularity of the Encoder
	Probability Flow ODE
	Score Curvature and Conditioning
	Gaussian Reference Case
	Transformation of Score Fields
	Implications for Score Conditioning
	Stability of Reverse-Time Dynamics
	Connection to Empirical Diagnostics and Limitations

	Toy Dynamical System Validation
	Experimental Details

