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Abstract

Paired structured time series from heterogeneous
health sensors often observe the same evolving
physiological or biomechanical state through dif-
ferent measurement channels. We study how
this underlying structure can be used to im-
prove bidirectional conditional diffusion models,
po(X | Y) and py(Y | X), for such paired
data. We introduce LAMBDA, a lightweight train-
ing objective that aligns local encoder neighbor-
hoods at matched diffusion steps through a win-
dowed sequence-contrastive loss and a covariance-
matching loss. On paired locomotion signals and
canonical dynamical systems, stepwise alignment
improves cross-modal reconstruction fidelity, dis-
tributional similarity, and downstream represen-
tation quality over the same diffusion backbone
trained without alignment. These results suggest
that diffusion-step local alignment is a useful in-
ductive bias for structured health time series with
shared underlying dynamics.

1. Introduction

Structured physiological and biomechanical measurements
are increasingly collected as synchronized multivariate time
series: motion capture, force plates, wearable inertial sen-
sors, and clinical devices all measure different views of an
evolving state of human locomotion. Conditional diffusion
models provide a flexible generative backbone for recon-
structing or imputing one view from another (Sohl-Dickstein
et al., 2015; Ho et al., 2020; Shen and Kwok, 2023; Yuan
and Qiao, 2024). In many health settings, however, the
relation is bidirectional: kinematics may predict kinetics
(Dey et al., 2021), kinetics may predict kinematics, and
each modality can become missing, noisy, or expensive to
measure. Training two conditional denoisers independently
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ignores that both denoising processes should preserve the
same local temporal phase and dynamics.

We ask whether paired conditional diffusion models can be
improved by coupling their intermediate representations at
matched diffusion steps. Our hypothesis is that if X and
Y are synchronized observations of a shared latent process,
then local windows of the denoising latents should be com-
patible up to a smooth view-specific transformation (Sauer
et al., 1991). By leveraging the complementary informa-
tion between paired modalities, we introduce LAMBDA
(Local Latent Embedding Alignment), a method that trains
paired conditional diffusion models for the two modalities,
po(X | Y) and py(Y | X), and couples their denoising
trajectories through stepwise local latent manifold align-
ment (Fig. 1). Specifically, the method aligns local sub-
sequences of the modality-specific encoder features at the
each diffusion step with (i) a first-order sequence-contrastive
term that pulls together temporally matched windows and
separates mismatched windows, and (ii) a second-order
covariance term that matches local latent geometry. Our
main contributions are: (1) a paired bidirectional diffusion
framework for cross-modal structured time-series genera-
tion; (2) a diffusion-compatible local latent alignment objec-
tive (LAMBDA) with no inference-time overhead; and (3)
an empirical evaluation on human locomotion and synthetic
dynamical systems, including representation probes against
standard alignment losses.

2. Related Work

Diffusion for sequential and cross-modal data. De-
noising diffusion models have become a strong generative
framework since the nonequilibrium formulation of Sohl-
Dickstein et al. (2015) and the DDPM objective of Ho et al.
(2020), with later work demonstrating competitive synthesis
in high-dimensional domains (Dhariwal and Nichol, 2021).
For sequences, diffusion has been adapted to time-series
prediction and generation (Shen and Kwok, 2023; Yuan and
Qiao, 2024) and to audio-like temporal signals (Kong et al.,
2020). Most conditional diffusion studies, however, empha-
size a single mapping direction. Our setting instead treats
paired sensors as two conditionally generative views and
asks how to couple the two denoising processes.
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Representation and multiview alignment. Contrastive
and redundancy-reduction objectives, including SIimCLR,
Barlow Twins, VICReg, and contrastive predictive coding,
align views for representation learning (Chen et al., 2020;
Zbontar et al., 2021; Bardes et al., 2021; Oord et al., 2018).
Multiview methods such as deep CCA and temporal latent-
variable models similarly exploit shared structure while al-
lowing view-specific variation (Benton et al., 2019; Casale
et al., 2018; Gondur et al., 2023). These approaches usually
learn a static shared space or introduce an explicit multiview
generative model. LAMBDA is complementary: it keeps
modality-specific conditional diffusion samplers but regular-
izes their intermediate, time-local denoising neighborhoods
at matched diffusion steps.

3. Method
3.1. Paired conditional diffusion

Let {(X;,Y;)}, denote paired trajectories, with X; €
REXdx and V; € REX4y | We train two conditional de-
noisers, pg(X | Y) and py(Y | X), that reconstruct each
modality at full temporal resolution from a noisy target and a
clean conditioning signal. For a variance schedule {;}7_,
define oy = 1 — B; and &y = Hizl ag. The closed-form
forward noising process is

Xt = vy Xo + V1 — quex,
Y = vaiYo + V1 — quey,

ex ~N(0,1), (1)
ey ~N(©0,1). (2

The denoisers predict )A(O = po(X¢, g9y (Yo),t) and }A/O =
pe(Yi, gx(Xo),t), where gx and gy are condition en-
coders. The ordinary bidirectional diffusion objective is

Laen = |1 X0 = Xoll3 + [[Yo — Yo [3. S

3.2. Local neighborhood alignment

Each denoiser encoder produces step-indexed latents
Zxi = hx(Xy,t) and Zy,; = hy (Y, t) in REX4z. We
divide these latents into P temporally matched windows,
Zg?)t and ng 2 , with window length S. The first-order term
is aytemporal’ contrastive loss adapted from contrastive pre-
dictive learning (Oord et al., 2018):

exp(s(2),. Z2))/7)

b
1 ep(s(Z30 24%)/7) + N
“
where s(-, -) is cosine similarity and Nz denotes additional
mismatched windows from other sequences in the minibatch.
This term rewards phase-consistent correspondence while
discouraging trivial alignment to unrelated windows.

1 P
»Ccon = _F pz::l IOg

The second-order term matches the local covariance struc-

ture of corresponding windows:

P
1 ’ 2
Low =7 Hcov(zgg’ft) f cov<Z§ij§) HF (5)
p=1

The full training loss is
L= Eden + )\(‘ccon + ‘Ccov)- (6)

where ) is designed as a learnable parameter. The alignment
is performed at training time only. At test time, either model
samples conditionally by the standard reverse diffusion pro-
cedure. This preserves the modularity of independent con-
ditional generators while biasing their hidden denoising
trajectories toward locally compatible phase structure.

Training details. For each minibatch we draw a diffusion
step t, noise both modalities, run both denoisers, and com-
pute Lgen and Latign = Leon + Leov 0n the encoder outputs
from that same step. Windows are sampled at matched tem-
poral indices, so positives are synchronized subsequences
from the same paired trajectory and negatives are tempo-
rally or subject-wise mismatched windows. The tradeoff A
controls the strength of cross-view coupling; setting A = 0
recovers two independent conditional diffusion models. Be-
cause no projection head or matching network is retained at
inference, LAMBDA changes the training objective but not
the sampler, memory footprint, or conditional interface.

The alignment assumption is motivated by multiview dy-
namical systems. If two observation maps ox and oy view
the same state Zj, along a trajectory, then delay-coordinate
arguments imply that local windows can be mutually re-
constructive under generic conditions (Takens, 2006; Sauer
etal., 1991). LAMBDA does not require an explicit shared
latent-variable model; it only encourages the learned denois-
ing features to respect this local correspondence.

4. Experiments

Biomechanical structured time series. We evaluate on an
open-source locomotion dataset containing synchronized
treadmill walking measurements over different speeds and
inclines (Embry et al., 2018). The three modalities are
joint angles, joint moments, and ground-reaction forces
(GRF). Each experiment trains a pair of transformer-based
DDPMs for one modality pair and evaluates both conditional
directions: X | Y and Y | X. This domain is a natural
health testbed because the modalities are physically coupled,
yet differ in measurement cost and availability.

Synthetic dynamical systems. To test the same idea under
controlled dynamics, we also use the Lorenz attractor and
the double pendulum in non-chaotic and mildly chaotic
regimes. These systems vary in phase-space geometry and
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Figure 1. Training and sampling overview. Paired conditional denoisers generate X from Y and Y from X. During training, LAMBDA
aligns local encoder neighborhoods, hx (X, t) and hy (Y%, t), at matched diffusion steps. During sampling, the learned denoisers are

used independently and no additional alignment module is required.

sensitivity to initial conditions, allowing us to ask whether
local alignment helps beyond a single empirical dataset.

Evaluation. We report mean-squared error (MSE) between
generated and ground-truth paired trajectories; distributional
similarity using a time-series adaptation of Frechet Inception
Distance (FID) (Yu et al., 2021); and predictive score, where
a sequence model trained on generated data is tested on real
data (Yoon et al., 2019). We also evaluate representation
quality by freezing diffusion encoder outputs and training
linear or nonlinear classifiers to predict locomotion task
labels. Lower values are better for MSE, FID, and predictive
score; higher values are better for probing accuracy.

Protocol. Biomechanical sequences are segmented into
fixed windows that span approximately two gait cycles.
Train—test splits leave out participants and locomotion pro-
files rather than random individual windows, so the re-
ported values reflect generalization to unseen users and
speed—incline combinations. All comparisons use the same
transformer-based DDPM backbone, optimizer settings, and
conditional inputs; only the alignment objective is changed.
This design isolates the effect of stepwise latent coupling
from architecture or sampling differences.

5. Results

Cross-modal generation improves under local alignment.
Table 1 and Figure. 2 summarizes the main biomechanical
results. Adding LAMBDA improves distributional similar-
ity in all six conditional directions and improves or matches
pointwise MSE across all pairs. The largest gains occur
for angles—GREF, the most heterogeneous pairing: FID im-
proves from 66.7 to 40.4 for X | Y and from 24.8 to 5.8 for
Y | X, while the predictive score for X | Y drops from 0.30
to 0.16. These changes indicate that the learned conditional
trajectories are not merely closer pointwise, but also more
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Figure 2. Comparison of real (black) and generated trajectories
of joint angles, moments, and GRF using models trained with
(red) and without (blue) latent alignment of diffusion models. The
shaded region represents the standard deviation.

useful as samples from the real time-series distribution.

The effect is not limited to locomotion. Table 2 shows that
the same stepwise alignment improves Lorenz and chaotic
double-pendulum reconstruction, while the non-chaotic pen-
dulum is already nearly solved by the baseline. The pattern
is consistent with the motivation: local alignment is most
useful when the inverse relation between views is nonlinear,
phase-sensitive, or distributionally complex.

Alignment also improves representations. Against plug-in
representation losses applied to the same diffusion backbone,
LAMBDA gives the strongest average downstream probes.
Averaged over the six biomechanical conditional directions,
LAMBDA reaches 0.807 linear-probe accuracy and 0.827
nonlinear-probe accuracy, compared with 0.775 and 0.767
for the strongest alternatives among SimCLR (Chen et al.,
2020), Barlow Twins (Zbontar et al., 2021), VICReg (Bardes
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Table 1. Cross-modal generation on biomechanical time series. Each row compares the same conditional diffusion backbone trained
without alignment and with LAMBDA. Values are mean + standard deviation; lower is better.

Modality pair Direction MSE FID Pred.

w/o align LAMBDA w/o align LAMBDA w/o align LAMBDA
Angles-Moments X | Y 0.18 £0.03  0.14 £+ 0.02 37.8£9.6 324+72 0.18+0.06 0.16 £ 0.03
Angles-Moments Y | X 0.08£0.02 0.07£0.01 204+12.1 142+28 0.08+0.01 0.07 £0.01
Angles—GRF XY 0.224+0.03 019£0.03 66.7+t51.5 404+83 0.30+0.23 0.16 £ 0.02
Angles-GRF Y| X 0.07 £0.03 0.06 +0.03 24.8 +34.2 58 + 3.6 0.12+0.12  0.08 £ 0.07
Moments-GRF X|Y 0.08 £0.02  0.07 £ 0.02 16.5 + 4.0 13.7£32 0.08£0.01  0.07 + 0.01
Moments—-GRF Y | X 0.03 £0.02  0.03 £ 0.02 6.6 +2.5 43+t25 0.07 £0.04  0.05 £ 0.04

Table 2. Cross-modal generation performance (MSE) on canonical
dynamical systems.

System Dir. w/oalign LAMBDA
Lorenz X|Y 0.678 0.425
Lorenz Y| X 0.135 0.004
Pendulum, non-chaotic X |Y 2.5e —3 2.5e-3
Pendulum, non-chaotic Y | X 6.6e—3 6.4e-3
Pendulum, chaotic X|Y 0.042 0.028
Pendulum, chaotic Y| X 0.031 0.021

Table 3. Average locomotion-task probe accuracy over six condi-
tional directions. Higher is better.

Alignment loss Linear Nonlinear
Barlow Twins 0.620 0.665
VICReg 0.617 0.663
Latent MSE 0.742 0.767
SimCLR 0.775 0.750
LAMBDA 0.807 0.827

et al., 2021), and latent MSE (Table 3). UMAP visualiza-
tions (Mclnnes et al., 2018) in the full manuscript further
show that aligned models merge modality-specific latent
spaces by locomotion task rather than by sensor view. These
results support the interpretation that diffusion-step local
alignment improves both generation and the semantic orga-
nization of hidden states.

Ablation. Table 4 isolates the two alignment components
on the angles—moments pair. Removing the contrastive
term weakens phase correspondence and returns the X | Y’
direction to the unaligned error level. Removing covariance
matching is less severe but still reduces the gain. The full
objective is therefore not simply a generic representation
penalty: it combines temporal correspondence with local
geometric regularity.

6. Discussion

The proposed locally aligned bidirectional cross-modal dif-
fusion framework offers a practical health motivation: dense
force or moment measurements may be unavailable outside

Table 4. Ablation on angles—moments generation measured by
MSE. Lower is better.

Variant X|Y Y| X
w/0 Leon 0.18+0.03  0.08 £0.03
w/0 Loy 0.17+£0.03  0.07£0.02

LAMBDA 0.14+0.02 0.07=£0.01

specialized laboratories, while cheaper kinematic or wear-
able signals are easier to obtain but less directly informative.
A bidirectional model can be used either for sensor imputa-
tion or for generating physically plausible complementary
channels, provided that the generated sequences remain
phase-consistent with the observed signal. More broadly,
the same formulation applies when two structured clinical
streams are time-locked but differ in invasiveness, cost, or
sampling reliability.

7. Conclusion and Future Work

We studied paired conditional diffusion models for cross-
modal time-series generation and asked whether coupling
their denoising trajectories via a lightweight diffusion-step
regularizer improves phase-consistent synthesis. We intro-
duced LAMBDA, which aligns local latent neighborhoods
at matched diffusion steps using a first-order windowed
sequence-contrastive term and a second-order covariance-
matching term without changing the sampling procedure.
Across biomechanical modalities and canonical dynamical
systems, this stepwise alignment consistently improves con-
ditional generation quality relative to the same diffusion
backbones trained without alignment and strengthens the
learned representations for downstream probes.

The next step is to move from synchronized laboratory-style
pairs toward the partial, irregular, and device-dependent
measurements that arise in clinical and wearable settings.
Therefore, future work includes evaluating robustness when
the shared-process assumption is weakened (e.g., partial cou-
pling or misalignment) and extending the approach beyond
two modalities via centroid-based or coordinated pairwise
alignment schemes.
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