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Abstract

Increased use of sensor signals from wearable devices as rich sources of physiological data has
sparked growing interest in developing health monitoring systems to identify changes in an
individual’s health profile. Indeed, machine learning models for sensor signals have enabled
a diverse range of healthcare related applications including early detection of abnormali-
ties, fertility tracking, and adverse drug effect prediction. However, these models can fail to
account for the dependent high-dimensional nature of the underlying sensor signals. In this
paper, we introduce Latent Temporal Flows, a method for multivariate time-series modeling
tailored to this setting. We assume that a set of sequences is generated from a multivariate
probabilistic model of an unobserved time-varying low-dimensional latent vector. Latent
Temporal Flows simultaneously recovers a transformation of the observed sequences into
lower-dimensional latent representations via deep autoencoder mappings, and estimates
a temporally-conditioned probabilistic model via normalizing flows. Using data from the
Apple Heart and Movement Study (AH&MS), we illustrate promising forecasting perfor-
mance on these challenging signals. Additionally, by analyzing two and three dimensional
representations learned by our model, we show that we can identify participants’ VOymax,
a main indicator and summary of cardio-respiratory fitness, using only lower-level signals.
Finally, we show that the proposed method consistently outperforms the state-of-the-art
in multi-step forecasting benchmarks (achieving at least a 10% performance improvement)
on several real-world datasets, while enjoying increased computational efficiency.

1. Introduction

The ubiquity of time-series data in real-world systems, such as healthcare, has created
unprecedented opportunities to apply machine learning tools that accurately model complex
dynamics to improve individual and population health. For example, multivariate sequential
data collected from wrist-worn devices (e.g. heart rate and respiratory rate) can be used
to build insights into an individual’s health; complex interactions in sensor signals have
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Figure 1: Latent Temporal Flows models the joint trajectory of vital signals col-
lected from wearables: The model is trained to produce 20-day forecasts of vital signals,
given 30-day multivariate observations of daily heart, blood pressure, and physical activity
measurements, collected by wearable devices and manual logging from 1630 healthy indi-
viduals. Each participant’s set of sensor measurements is segmented into 50 day windows,
further subdivided into two parts: the context window (30 days) and the prediction window
(20 days). Once the model is trained, given at least 30 past days of a specified participant
in the testing set, we produce multivariate forecasts that capture changes over the vital
signals through time.

been shown to be associated with changes in physiology (Goodale et al., 2019; Natarajan
et al., 2020; Mishra et al., 2020; Radin et al., 2020, 2021; Quer et al., 2021; Alavi et al.,
2022). Joint statistical models of multi-modal signals from wearables can be used as a tool
to develop a real-time tracking system for improvement or decline in a patient’s health to
facilitate early intervention (Alavi et al., 2022; Mishra et al., 2020). Another application of
interest includes forecasting and analyzing electroencephalogram (EEG) signals, which are
critical for identifying emerging dynamic behaviours such as seizures. However, accurate
modeling of physiology also requires modeling a large number of (highly-correlated) source
signals from different brain regions.

Expressive time-series models have been used to perform sequential data analysis and
forecasting. Specifically, such models allow for long-term predictions with uncertainty es-
timation (Futoma et al., 2016), time-series data augmentation (Wen et al., 2020), out-of-
distribution detection (Serra et al., 2019), missing data imputation (Luo et al., 2018), and
improved model interpretability analyses (Ismail et al., 2020; Rooke et al.). Furthermore,
such information can be integrated into health monitoring systems (Dunn et al., 2021).

Given a sequence of data of dimensionality N, with IV often large, a multivariate time-
series forecasting model aims to effectively predict the future outcomes of each variable
n € {1,...,N}, given past values. Typically, this process requires an accurate estimate
of a multivariate conditional distribution of temporal transitions. This task is challenging
in the high-dimensional setting in terms of computational complexity and expressiveness
due to the number of parameters required to be estimated. Thus, directly estimating the
full predictive distribution of the future values in the high-dimensional observation space is
sample-inefficient and may require a large amount of training data.

The intractability of estimating such models for large systems, due to the growth in
the number of parameters with dimension, has limited existing methods to handle at most
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a few dimensions or requires restrictive assumptions such as tractable distribution classes
(Chung et al., 2015) or low-rank approximations (Salinas et al., 2019a). An alternative way
to tackle time-series generative modeling is to view the collection of data as N separate time
sequences and fit a separate model for each of the dimensions. However, univariate tech-
niques (Zhang et al., 2017; Oreshkin et al., 2019; Montero-Manso et al., 2020) do not benefit
from joint learning of temporal dependencies between features, and are therefore limited
in forecasting accuracy. Since many multivariate time-series in practical applications are
highly correlated, it is crucial to learn both intra-series and inter-series patterns. Modeling
dependency relationships among the variables between the individual time-series, including
indirect relationships through shared latent causes (Wang et al., 2019), shows promise in
enhancing the performance of forecasting.

In practice, inter-series dependencies may be hidden in high dimensions due to high
variance, and thus may be missed when conducting direct data analysis in the higher di-
mensional space. In such cases, we aim to learn dynamics in a compact latent space to enable
faster forecasting, and potentially reveal latent trends. We assume that the observed, pos-
sibly high-dimensional, random vector representing the data of interest, is generated from
an unobserved low-dimensional latent vector through a time-varying probabilistic process
(Zhang et al., 2019; Laumer et al., 2020; Louis et al., 2019; Chung et al., 2015; Yoon et al.,
2019; Nguyen and Quanz, 2021).

By modeling a lower-dimensional latent vector by a (stationary) reversible embedding
mapping, Latent Temporal Flows increase parsimony, while reducing computational com-
plexity. These mappings are trained to favor latent representations that uncover latent
dynamics over future states. Under the Latent Temporal Flows framework, forecasts are
generated by estimating the latent state evolution, along with recovery functions. Nonlin-
ear mappings are trained via deep autoencoder networks, while latent transition dynamics
are learned using a combined structure of Normalizing Flows (Rasul et al., 2020; Dinh
et al., 2016; Papamakarios et al., 2017) and a multivariate recurrent neural network (RNN)
(Graves, 2013; Sutskever et al., 2014).

Our experiments on real-world datasets illustrate the state-of-the-art performance of
Latent Temporal Flows (at least a 10% performance improvement) and computational
tractability on the datasets considered. To demonstrate the ability of the proposed model to
match the ground truth trajectory distribution, we apply Latent Temporal Flows to the Ap-
ple Heart and Movement Study (AH&MS) dataset for a challenging sensor-signal forecasting
task. We visualize the 2-dimensional and 3-dimensional learned latent representations from
our model to showcase the interpretable low-dimensional embeddings. These emebeddings
show that Latent Temporal Flows is able to easily identify participants’ VOsmax, a main
indicator and summary of cardiorespiratory fitness, while only being trained on relatively
lower-level vital signals like resting heart rate and heart rate variability.

2. Related work and our contributions

The literature on time-series forecasting has a long history. In this work, we mainly focus on
recent developments in the deep learning context. Simple models for multivariate data, such
as general State-Space Models (SSMs) (Hamilton, 2020; Liu et al., 2016), N-BEATS (Ore-
shkin et al., 2019), Gaussian Processes (Rasmussen, 2003), DeepAR (Salinas et al., 2020;
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Zhang et al., 2017) learn one model per time-series (univariate methods). As a consequence,
they cannot effectively capture complex structure and interdependencies between multiple
time-series.

Although multivariate probabilistic time-series forecasting models estimate the full pre-
dictive distribution, the number of parameters in these models grows quickly with the
number of variables, which results in a large computational cost and a high risk of overfit-
ting in high dimensional settings. Methods such as Variational Recurrent Neural Networks
(VRNNs) (Chung et al., 2015) or Time-GAN (Yoon et al., 2019), either assume pre-selected
tractable distribution classes or another type of structural approximation (Salinas et al.,
2019a). In the low-rank Gaussian copula model, for instance (Salinas et al., 2019a), a
multitask univariate LSTM (Hochreiter and Schmidhuber, 1997) is used to output trans-
formed time-series and diagonal low-rank factors of a Gaussian covariance matrix. These
assumptions can limit the distributional expressiveness of low-rank Gaussian copula models.

Recently, more flexible models such as Temporal Conditioned Normalizing Flows (Rasul
et al., 2020) have been proposed. This method uses a multivariate RNN to learn temporal
dynamics with the state translated to the output joint distribution via Normalizing Flows
(Dinh et al., 2016). However, during forecasting, an invertible flow is applied on the same
number of latent dimensions as input dimensions, thus it does not scale to large numbers of
time-series (since RNNs have quadratic complexity in N). Recent related work also includes
Temporal Latent Autoencoder (TLAE), where the temporal model is applied across a low
dimensional space (Nguyen and Quanz, 2021). This method combines an RNN-based model
with autoencoders to learn a temporal deep learning latent space forecast model. TLAE
focuses on the encoder/decoder modeling capabilities and assumes a simplistic probabilistic
structure on the latent vector (multivariate Gaussian with diagonal covariance matrix),
which can be restrictive.

Our key contributions can be summarized as follows:

e Latent Temporal Flows demonstrates improved forecasting performance while scaling
to very high dimensions. Our empirical analysis indicates that by projecting input
data into an intermediate (much lower dimensional) latent space that preserves most
of the essential information (cross-series dependencies), one can obtain improved fore-
casting performance as a result of the denoising benefits of compact representations.

e Efficient training/testing: In contrast to models operating directly on the high dimen-
sional input space (Salinas et al., 2019a; Rasul et al., 2020), fewer parameters in the
generative model, as a consequence of reduced dimensionality of the input vectors,
leads to a faster training process. Forecasting in Latent Temporal Flows is performed
across a low dimensional space, enabling faster sequence generation. In applications
such as video prediction, where frame speed generation is critical, training a fast
time-series generative model is crucial.

o FExpressivity: The expressivity of our approach for multivariate forecasting is partly
motivated by the fact that we explicitly learn the latent space structure through an ex-
pressive time-conditioned distribution model of temporal transitions without strong
assumptions of traditional multivariate models (low-rankness, independent compo-
nents etc.).
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e We introduce an end-to-end training process based on a novel cost function. We are
able to harness stochastic gradient descent by combining the objectives for sequence
reconstruction and latent probabilistic prediction.

o Applicability in forecasting bio-signals. We show that Latent Temporal Flows can ac-
curately model the joint trajectory of vital signals collected from wearables (Figure 1).
Other than improved forecasting performance on the AH&MS dataset, we visualized
the 2-dimensional and 3-dimensional learned latent representations from our model
to showcase interpretability in the generated latent representations. These embed-
dings show that our model is able to easily separate levels of participants’ VOsmax
(i.e., cardiorespiratory fitness), while only being trained on relatively lower-level vital
signals like resting heart rate and heart rate variability.

3. Problem Statement and Proposed Approach

Consider a collection of high dimensional multivariate time-series y,; € R, where n €
{1,2,..., N} indexes the individual univariate component time-series, and ¢ indexes time.
Consequently, the multivariate observation vector at time t is given by y; € RY. Given
a sequence of Tiqta vector realizations of y;, a multivariate time-series can be represented
as a matrix Y, Y € RN¥*Ttotal . We focus on the task of multivariate time-series multi-step
forecasting. More formally, let us assume that we are given an observed history (yl, . ,yT),
sampled from the complete time-series history of the training data, where each instance
consists of N temporal features (that occur over time, e.g. vital sensor signals). Our goal is
to learn future values of the series over a length-7, 7 > 0, forecast horizon and predict a set
of plausible future trajectories (yTH, e ,yT+T) by learning the conditional distribution of
temporal transitions,

p(YT+1:T+T|y1:T)-

We refer to time-series y,, 1.7+ as the target time-series, which for training is split according
to a time range (1,2, . ,T) referred to as a context window, and to time (T + 1,7 +
2,...., T+ 7') as a prediction horizon.

The basic idea of the proposed model can be described as follows. The temporal dynam-
ics of complex systems are often driven by fewer and lower-dimensional factors of variation
(Laumer et al., 2020; Louis et al., 2019; Chung et al., 2015; Yoon et al., 2019; Nguyen and
Quanz, 2021; Amiridi et al., 2021). We assume that the observed, possibly high-dimensional,
random vector y; € RV representing the data of interest is generated from an unobserved
low-dimensional latent vector x; € RP with D <« N through a time varying probabilistic
process p(x¢|x1.4—1). To reduce the computational burden while at the same time improving
distribution modeling, we propose incorporating representation learning in the generative
learning problem to explicitly learn the temporal distribution of compact representations of
input sequences. Specifically, Latent Temporal Flows consists of three key components: an
embedding function ¢ : RY — R and a recovery function g : RP — R, which are learned
via an autoencoder neural network, as well as a latent conditional distribution p(x¢|x1.4—1)
of temporal transitions, modeled by a time conditioned Normalizing Flow. During training,
the model simultaneously learns to produce sequence representations that will push a latent
temporal generative model to predict plausible latent future sequences, recover them back
into the observed space, and iterate across time.
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Given a model for p(y7r4+1.7+-|y1.7), one can estimate the conditional expectation, which
can be expressed as a function of past observations: Elyri1.74r|yir] = f(y1,--.,y7)-
An indirect estimate of this function can be accomplished using the following strategy:
Future trajectories (yTH, . ,SITJrT) can be generated by first embedding the past his-
tory via g : (x1 = g(y1),...,xp = g(yT)), sampling from the latent temporal distribu-
tion (chH, - ,§CT+7) ~ p(:|x1.7), followed by applying a non-linear recovery function g:
(yTH = q(Xp41)y- - Y740} = q(f(TJrT)). Next, we describe each building block of our
approach and the combined training strategy.

3.1. Learning Sequence Representations

The goal of the proposed method is to obtain suitable representations x; € R” that re-
veal a reduced search space for future sequence forecasting, where underlying patterns and
meaningful information among features is preserved. Latent-space forecasting has been
considered both in Yu et al. (2016) as a result of matrix factorization as well as in Nguyen
and Quanz (2021). In Yu et al. (2016), a multivariate time-series Y is decomposed into
components Q € RV*P and X € RP*Ttotal with X temporally constrained. Let us denote
G as the pseudo-inverse of Q. If Y can be decomposed by G and X, forecasting for the
high-dimensional series Y can be performed on a smaller dimensional series. In TLAE
(Nguyen and Quanz, 2021), linear mappings are generalized to nonlinear transformations
via time-varying autoencoders. In our framework, each input vector y; € R is mapped to
a condensed representation x; € R (usually D < N) using a stationary reversible embed-
ding mapping g : RY — RP. Such representations are trained to reveal a low-dimensional
structure, which allows an expressive family of temporal constrained distributions to fully
uncover this, i.e., mappings that yield a low negative log-likelihood cost over p(x;|x1.1—1).

The first component of our model is estimating the dimensionality reducing mapping.
Exploiting the deep neural network’s ability to to extract higher order features (Yang et al.,
2017) and approximate any nonlinear function, we replace G by an encoder and Q by a
decoder neural network. An encoder network g : RY — RP, embeds y; at time ¢ into a
low-dimensional latent space, vector x;, using a nonlinear map. Operating within the latent
space, we then seek, a dynamical system that prescribes a rule to move forward in time,
and a decoder network

gy RY = RY 9y = qgr (x1) (1)

to reconstruct latent variables in the spatial domain. Although the embedding mapping
is assumed to be stationary, latent representations’ progressions over time are captured
via an autoregressive deep learning model, where the data distribution is represented by
a conditioned Normalizing Flow. During training, the autoencoder learns by fine-tuning
the parameters of a feed-forward Deep Neural Network (DNN) in such a way that the
reconstruction error is minimized when back projected with another feed-forward DNN.
These networks need to be specified a-priori, in terms of the number of layers and neurons.
We note that the specific requirements for g and ¢ are problem dependent, and we detail
the particular design we use in the Appendix. Given a batch of time-series B, with |B|
denoting the cardinality of the batch set, the first term of our overall cost function consists
of the reconstruction loss:
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3.2. Compressed Sequence Modeling

The latent random vector lies at the heart of our overall probabilistic model: It is assumed to
“encode” the observed data in a compact manner through x; = g4(x;), allowing an accurate
model of the probabilistic model pg(x¢|x1:¢—1), from which new data can be generated. Our
goal is to recover the latent space structure through a flexible time-conditioned distribution
model in which the most important features are kept. We also learn the mapping x; =
qq¢ (x¢) that translates the latent effects to the original data space.

Using the chain rule, the joint distribution of predicted values conditioned on observed
values, p(X741,...,X7r4+7|X1.7), can be written as a product of conditional distributions.
Autoregressive models use a neural network to approximate the conditional distribution
p(x¢|x1:4—1) by a parametric distribution pg(x¢|x1..—1) specified by learnable parameters 6.
The prediction at time ¢ is input to the model to predict the value at time ¢ + 1:

T+t
P71, xperxir) = [ p(xelxiie—r). (3)
t=T+1

We wish to replace this decomposition by a tractable, approximate statistic h; of
the past. To represent the history of observations in a compressed state vector h; we
use RNNs (Graves, 2013; Sutskever et al., 2014), with the most well-known variants, the
LSTM (Hochreiter and Schmidhuber, 1997) and GRU (Chung et al., 2014).

We assume that a time-related (and recursively updated) vector h; € R¥ can summa-
rize the history of the time-series up to time time point ¢, hy = RNNy(x;—1,hs—1), where
RNNy is a multi-layer LSTM or GRU parameterized by shared weights 6 and hy = 0.
The state is compressed as it uses less space than the history of observations. Under this
model, we can factorize the joint distribution of the observations as (X741, ..., X |X1.7) =
H?jTT 41 Po(xt/hy), where now 6 comprises both the weights of the RNN as well as the prob-
abilistic model. This model is auto-regressive as it consumes the observations at the time
step t — 1 as input to learn the distribution of the next time step . Then, time conditioning
on the latent generative model py(x¢|h;) can be realized by employing a multivariate RNN
to model the series progressions, with the state translated to the output joint distribution
via a flow (we focus on Real-NVP, but MAF is also explored in our experiments; background
on Normalizing Flows can be found in the following paragraphs). This combination retains
the power of autoregressive models—such as good performance in extrapolation into the
future—with the flexibility of flows as an expressive distribution model.

Background on Normalizing Flows: Normalizing Flows (Rezende and Mohamed,
2015; Dinh et al., 2014, 2016; Papamakarios et al., 2017; Kingma and Dhariwal, 2018;
Chen et al., 2019; Papamakarios et al., 2019) define a smooth, invertible transformation
f: & — Z, of a simple base distribution p(z) (e.g. an isotropic Gaussian) on the space
Z = RP into a more complex distribution p(x) on the space X = R” by a sequence of in-
vertible and differentiable mappings. Its reverse operation x = f~!(z) synthesizes realistic



LATENT TEMPORAL FLOWS FOR MULTIVARIATE ANALYSIS OF WEARABLES DATA

samples from the prior, is easy to evaluate, and computing the Jacobian determinant takes
O(D) time. Via the change of variables formula, p(x) can be expressed as

plx) = p(a) et (2120}

Real-valued non-volume preserving (RealNVP) models introduce a coupling layer, which
is the building block/bijection that leaves part of its inputs unchanged c¢'¢ = x'? and
transforms the other part via functions of the untransformed variables c¢t1:P = xd+1:D @
exp(s(x'?)) 4 t(x"?). Here, ® is an element wise product, s() is a scaling and #() a transla-
tion function from R? — RP~? given by neural networks. To model a nonlinear density map
f(x), a number of coupling layers which map X + C; — ... — Cx_1 — Z are composed
together all the while alternating the dimensions which are unchanged and transformed.
Via the change of variables formula the probability density function given a data point can
be written as log p(x) = log p(z) +log | det(0z/0%)| = log pz(z) —i—Zfil log | det(0c;/0ci—1)|.

Following Rasul et al. (2020), we concatenate h to the inputs of the scaling and
translation function approximators of the coupling layers, i.e. s(concat(x"? h)) and
t(concat(x'? h)). The model, which is parameterized by both the flow (the weights of
the scaling and translation neural networks) and the RNN — 6 is trained by minimizing:

T+1
ENegLL ’B’ T+T Z Z logp Xt’hta ) (4)

YT EBt=T+1

3.3. Latent Temporal Flows: Model Fitting and Inference

A schematic overview of the training procedure is depicted in Figure 2. Each time-series Y is
split into a training YR and test set Yg by using all data prior to a fixed date for training
and using rolling windows for the test set. A batch input Y € RPX(T+7) defines a sub-
matrix of Ypr with column indices defined by the set B — it contains two components: the
first part {yt}tT:1 is associated with the past input, while the second component {yt};ijT 41
is associated with future observations. A batch of time-series Y g is embedded into latent
variables via g : x; = g(y¢), yielding a matrix of latent codes X € RP*(T+7) To discover
informative representations in a lower-dimensional space, each vector X is passed through

the decoder layers: y; = q(g(y¢), yielding a reconstructed matrix Y p.

e By minimizing the reconstruction error ||y: — y¢||3, the model is expected to capture
feature dependencies across time-series and encode this global information into a few
latent variables in x;.

e Simultaneously, by maximizing the log-likelihood of (latent) future observations given
compressed past input, the model targets capturing latent series progressions via
time-conditioned Normalizing Flows.

The proposed model is meaningful as it encourages the latent variables to capture different
complex patterns of the data, which makes the representation more powerful and universal.

The key insight is that the encoding/decoding components and the time conditioned
latent temporal generative model are jointly trained by minimizing a combined loss function
over a given batch B of time-series consisting of a reconstruction loss-related term and a
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Figure 2: Information flow during the training process: Our model consists of three
key components: an embedding mapping g, a latent conditional distribution of temporal
transitions, and a recovery function ¢. Mappings g and ¢ are trained through a deep au-
toencoder network, while latent transition dynamics are learned using a combined structure
of Normalizing Flows and a recurrent neural network. In this way, the proposed model in-
creases parsimony, while reducing computational complexity.

sequence negative log-likelihood term using stochastic gradient descent-based optimization.
The overall loss term is

L(¢,¢',0) = |B|T—|—T > Z Iyt — a(g(ye; 8); )l —Xlog p(a(g(yri 6); ) b3 0) ).

YiT4+-EB t=1 g

ﬁREC LNegLL
(5)
By minimizing a combined error of two tractable losses Lrgc and Lnegrr, the model
is given the capability to predict the future from latent representations of the observed
history that preserve only the essential information, which is transferred to the decoder by
minimizing the reconstruction loss. At the same time, it serves to reduce the dimensions of
the temporal generative learning space. The overall optimization problem is

ming, g0 £(6, ' 0) = BTy Ly b > im1 LrEC($, ¢) + ALNegr (), (6)

where A > 0 is a hyperparameter that balances the two losses.

Given a trained model, our goal is to produce a set of future trajectories given the
past (see Figure 3). Note that, instead of producing samples directly in a possibly very
high dimensional feature space, the generator first produces Monte Carlo samples from
the predictive distribution p(x741, ... X7r4+7|X1,...,X7) in the lower dimensional embedding
space, by sequentially sampling from p(x;|h;), updating h;, and passing the latent sequences
through g4/ to map x; back to the original domain.

4. Experimental results

4.1. Results on AH&MS dataset

Biometrics collected from wearable devices, including heart rate measurements and activity
levels (e.g., step counts, standing hours) throughout the day, are rich sources of infor-
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Figure 3: Forecasting under Latent Temporal Flows : Given a starting state, the flow
generates estimates for next time step by sampling from (fctl) ~ p(X, |he, ). This process is
repeated till our inference horizon. A latent trajectory is mapped back into the input space
through the decoder.

mation that can yield crucial insights into the health trajectory of an individual. Vital
signals from wearables show feasibility for accurate prediction of clinical laboratory mea-
surements (Dunn et al., 2021). These measurements also show promise to detect acute
infections—cosinor models fit to diurnal heart rate variability (HRV) patterns can de-
tect pre-symptomatic COVID-19 infection (Hirten et al., 2021), and anomaly detection
algorithms using resting heart rate (RHR) and step counts can identify pre-symptomatic
COVID-19 (Alavi et al., 2021). Biometrics also show sensitivity to detect common colds
(HIN1 and rhinovirus) (Grzesiak et al., 2021). Beyond acute infections, wearable mea-
surements can provide insight into cardiovascular health, as higher RHR is significantly
associated with coronary artery disease, stroke, and sudden death (Zhang et al., 2016).
All-cause and cardiovascular mortality is also indicated by lower HRV (Singh et al., 2018).
HRYV is also found to indicate dysregulation of the autonomic nervous system, and thus
is implicated in the development of hypertension (Schroeder et al., 2003). Joint modeling
of vital signs from wearable devices continues to yield powerful signals for early detection
of disease and health decline, as well as indicate general well-being and fitness. The rela-
tively low cost of wearables and longitudinal nature of measurements compared to in-clinic
evaluations motivates continued research in this area.

To this target, we apply Latent Temporal Flows (abbreviated as LatTe) for multivariate
signal forecasting: given the past 30-day measurements of a group of vital sensor signals
as input, we wish to predict the future 20-day values of the multivariate input time-series.
We evaluate the empirical performance of our method on the Apple Heart and Movement
Study (AH&MS) dataset. The AH&MS study was sponsored by Apple and conducted in
collaboration with the American Heart Association and Brigham and Women’s Hospital.
The study was approved by Advarra IRB and data were collected in accordance with the
IRB approved consent form.

AH&MS dataset description: The dataset contains signals collected in real-world
environments, which constitute a measure of cardiovascular and autonomic nervous system
activity as well as movement and activity metrics. For the participants enrolled in this
study, this dataset consists of passively collected sensor signal data from wearable devices

10
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Figure 4: Qualitative predictions for the 20 day forecast window produced by Latent Tem-
poral Flows for AH&MS signal observations (HRV, RHR, SC, BBT, DBP, SBP) of an
individual selected at random. We estimate 10 trajectories for a latent dimension of D =5
and plot the estimates. Note that the forecast is displayed in terms of a probability dis-
tribution: the shaded areas represent the 50% and 90% prediction intervals, respectively,
centered around the median (dark green line). The ground truth is overlaid in blue with
stars denoting true observations and linear interpolation between the points.

NMSE-BBT NMSE-BPD NMSE-BPS NMSE-HRV NMSE-RHR NMSE-SC CRPS-Sum

LatTe, D=3 0.0124 4 0.0028 0.0038 +0.0021  0.0117 £ 0.0464 0.0828 £ 0.0718 0.0145 £ 0.0115 0.3650 4 0.4169 0.1068 + 0.0154

LatTe, D=4 0.0114 £ 0.0027 0.0033 +0.0018  0.0115 & 0.0040 0.0593 £0.0650 0.0146 +0.0117 0.3264 4 0.4315 0.1027 £ 0.0156
LatTe, D=5 0.0047 £0.0001 0.0015+0.0011 0.0089 £ 0.0006 0.0686 + 0.0071 0.0073 + 0.0053 0.3080 £+ 0.3061 | 0.0841 + 0.0332

DeepVAR 0.0277 4 0.0021 0.0092 4 0.0033  0.0107 & 0.0006 0.0817 4 0.0056 0.0129 +0.0148 0.4129 4 0.4823 0.1281 +0.0154

GP - Copula 0.0223 4 0.0016 0.0062 4 0.0043  0.0105 % 0.0056 0.1015 4 0.0516 0.0427 + 0.0536 0.3206 & 0.4152 0.1208 +0.0181

TCNF LSTM-MAF 0.0225 £ 0.0033 0.0081 4 0.0031  0.0116 £ 0.005 0.1165 £ 0.0593 0.0718 £+ 0.0664 0.3208 £ 0.3246 0.1052 £ 0.0166

TCNF Transformer-MAF  0.0224 & 0.0018 0.0089 4 0.0024  0.0109 £ 0.0490 0.1094 £ 0.0539 0.0064 £+ 0.0226 0.3144 4 0.2726 0.0925 + 0.0155

Table 1: We present the mean and standard errors obtained by Deep-VAR, GP Copula,
TCNF, and our model variants LatTe with Real-NVP. The evaluation criterion is the Test
set Normalized Mean Square Error (NMSE) comparison (lower is better). Best performance
for each column is highlighted in bold.

in addition to self-reported measurements. This rich collection of signals comprises a partial
view of individual biometric information as it evolves over time (see Figure 1).

Our data consists of passively collected observations: Resting Heart Rate (RHR), Heart
Rate Variability (HRV), Step Count (SC), and user logged information such as Diastolic
Blood Pressure (DBP), Systolic Blood Pressure (SBP), and Basal Body Temperature
(BBT). HRV is calculated in the time-domain as the standard deviation between heart-
beat measurements (defined by measured R-R intervals). Each time-series measurement is
aggregated at the daily level and averaged if there are multiple measurements per day (for
RHR, HRV, DBP, SBP, BBT) or summed (for SC).

AH&MS dataset analysis and results: Given a training set comprised of multiple
context windows of 30 daily observations of BBT, DBP, SBP, HRV, RHR, and SC mea-
surements of 1630 individuals, the goal is to jointly learn each signal output for the next 20
days, by modeling the temporal dependencies of latent representations of the signals while
also learning a meaningful lower-dimensional space. We project another signal captured in
our dataset, VOsmax (omitted from training), onto the learned latent space to show that
our model captures meaningful representations (Figure 5).

11



LATENT TEMPORAL FLOWS FOR MULTIVARIATE ANALYSIS OF WEARABLES DATA

Using the Normalized Mean Square Error (NMSE) on each individual time-series, and
CRPS-Sum as an evaluation metric, we qualitatively assess test-time signal predictions pro-
duced by our method for different latent-space dimensionality, D = {3,4,5}. We compare
our approach against existing classical multivariate methods. Because of different scales in
each signal, we first normalize each signal by the sum of its absolute values before computing
this metric. The results are reported in Table 1, where, on average, Latent Temporal Flows
with D = 5 achieves the best signal predictions. Upon closer examination, we notice that
step counts are more difficult to predict compared to measures such as heart rate signals,
since step counts are largely influenced by behavior and lifestyle compared with signals
like heart rate variability whose variation is significantly affected by less easily modifiable
physiological and pathological factors (Fatisson et al., 2016).

In Figure 4, we demonstrate the quality of predictions produced by the proposed model—
we show the predicted median, 50% and 90% distribution intervals of for HRV, RHR, SC,
BBT, DBP, and SBP in the future 20 day window over a randomly chosen individual. In
this case, the reduced dimensionality is 4. To showcase the ability of the proposed model
to generate precise forecasts (but also the dynamic complexity of signals — it is well known
that biomedical signals, such as HRV arise from complex nonlinear dynamical systems),
more results of randomly selected individuals are presented in Figure 6.

Although there have been many studies focusing on modeling sequential data, our
method is especially effective for temporal bio-signals. In particular, modeling physio-
logical signals is a complex task mainly because of (the potentially large number of) highly-
correlated multivariate time-series, which reflect complex physiological interactions. Thus,
we need a forecasting model that can account for the dependent high-dimensional nature
of the underlying sensor signals, and at the same time a model that allows data to “speak
for themselves” (i.e., without restrictive assumptions on the distribution class of each bio-
signal). Additionally, models that assume inputs to be purely periodic signals, might cap-
ture rough trends in bio-signals — periodic models fail to capture sharp changes in signals
such as acute HRV depression due to sickness or a sharp increase in step counts due to
a non-stationary behavioral or environmental change such as a change in schedule due to
travel. Our model, on the other hand, explicitly learns the latent space structure through an
expressive time-conditioned distribution model of temporal transitions without the strong
assumptions of traditional multivariate (probabilistic) models. At the same time, its prob-
abilistic nature is able to quantify the predictive uncertainty, which is advantageous in
real-world critical applications.

Interpretable representation learning on time-series is a fundamental problem for un-
covering the latent structure in complex systems, such as sensor streams of vital signals.
To reveal the underlying factors controlling accurate forecasts, we train the model with
D = 2 and D = 3, and visualize the representations across 50 time points for eight dif-
ferent individuals. These individuals belong to two disjoint cardiorespiratory fitness levels:
the first group consists of four subjects with low values of estimated VOomax (Apple,
2021), VOgmax < 25, and the second group consists of four subjects with high values of
VOsmax, VOomax > 40. Maximum oxygen consumption (VOsmax) is the measurement of
the maximum amount of oxygen a person can utilize during intense exercise and is con-
sidered the gold standard for determining an individual’s cardiorespiratory fitness. The
latent representations for both D = 2 and D = 3 indicate that the mapping learned by the
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Figure 5: The latent manifold of the data embedded in 2D latent space (left) and
3D latent space (right) learned by the autoencoder. Each point represents a latent
signals’ representation for a specific time point. Every different color represents a different
individual, but those with lower VOomax values are represented in red tones, while those
with higher VOsmax values in green tones. We observe that learned maps from Latent
Temporal Flows clusters subjects according to their estimated fitness level.

optimization leads to a space with easily visualized clusters that well-separates individuals
according to VOamax (Figure 5). Our latent space estimated using RHR, HRV, BBT, DBP,
SBP, and SC corroborates other recent methods that associate step count, sedentary time,
and moderate-vigorous physical activity with VOomax (Nayor et al., 2021).

4.2. Results on publicly available datasets

We use publicly available datasets to evaluate the accuracy of forecasts of future observations
y: € RY compared to to a wide range of existing baselines (described in the Appendix).
The Solar dataset, with N = 137 and Tita = 4832, contains hourly solar power production
records. The Electricity dataset with N = 370 and Tiota = 32303, is a hourly time-series
of the electricity consumption of 370 customers. The Traffic dataset, with N = 963 and
Tiotal = 4049, contains hourly occupancy rates of car lanes. Wiki, with N = 2000 and
Tiotal = 792, is a daily time-series daily page views of Wikipedia articles. Taxi, with
N = 1214 and T}t = 1488, is a spatio-temporal traffic time-series of New York taxi rides
taken every 30 minutes.
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Figure 6: Predicted signals and test set ground-truth for four additional randomly selected
subjects in the study (individual subjects are separated by horizontal lines).
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Solar Electricity Traffic Taxi Wikipedia

VRNN (Chung et al., 2015) 0.13340.009  0.051+0.001  0.181+0.002  0.139+0.015  3.400+0.322

KVAE (Fraccaro et al., 2017) 0.344+0.002  0.051+0.025 — — 0.099-+0.012

TCNF LSTM - RealNVP (Rasul et al., 2020) 0.365+0.002  0.027+0.001  0.026%0.001 0.182+0.013  0.097+0.024
TCNF LSTM - MAF (Rasul et al., 2020) 0.378+0.032  0.025+0.002  0.028+0.002 0.172+0.001  0.097+0.033

Vec-LSTM - ind-scaling (Salinas et al., 2019a) 0.391+0.017  0.025+0.001  0.087+0.041  0.506+0.005  0.133+0.002
Vec-LSTM -lowrank-Copula (Salinas et al., 2019a)  0.319+0.011  0.064+0.008  0.103+0.006  0.326+0.007  0.241+0.033

GP - Scaling (Salinas et al., 2019a) 0.368+0.012  0.02240.000 0.079+0.000  0.183+0.3905  1.483+1.034

GP - Copula (Salinas et al., 2019a) 0.337+0.024  0.024+0.002  0.078+0.002  0.208+0.183  0.086+0.004

Latent Temporal Flows - Real NVP 0.122+0.00 0.02240.001 0.045+0.002 0.128+0.015 0.106=+0.012
Latent Temporal Flows - MAF 0.217+0.000  0.020+0.001  0.056+0.002 0.131+0.012 0.096+0.017

Table 2: Test set CRPS comparison (lower is better) of models from V-RNN, GP Copula,
TCNF, and our model variants LatTe with Real-NVP, LatTe with-MAF. The mean and
standard errors are obtained by re-running each method three times with random initial-
izations. Best performance (top-2) is highlighted in bold.
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Figure 7: Forecasts generated on Solar (first row) and Electricity (second row) datasets
by Temporal Latent Flows. We present predictions the first 4 dimensions per dataset.
Although the datasets are even higher-dimensional, unlike AH&MS, the signals present
strong periodic components.

Baselines: The baselines considered for our experiments include: 1: KVAE, combines a
variational autoencoder with a linear state space model which describes the dynamics. 2:
Vec-LSTM-ind-scaling, models the dynamics via an RNN and outputs the parameters of
an independent Gaussian distribution with mean-scaling. 3: Vec-LSTM-lowrank-Copula,
instead parametrizes a low-rank plus diagonal covariance via Copula process. 4: GP-scaling,
unrolls an LSTM with scaling on each individual time-series before reconstructing the joint
distribution via a low-rank Gaussian. 5: GP-Copula, unrolls an LSTM on each individual
time-series and then the joint emission distribution is given by a low-rank plus diagonal
covariance Gaussian copula. 6: TCNF, uses LSTM to model the temporal conditioning and
Masked Autoregressive Flow (Papamakarios et al., 2017) or Real-NVP for the distribution
emission model. We also consider 7: DeepVAR estimator, which is a multivariate variant
of DeepAR (Salinas et al., 2019b).

Batch sets are formed by randomly sampling context and adjoining prediction horizon
interval sized windows from the complete time-series history of the training data. For the
test set, we perform rolling prediction evaluation. Following (Salinas et al., 2019a), Solar,
Electricity, and Traffic, accuracy is measured on 7 rolling time windows, for Traffic we
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use 5 time windows, and for Taxi 57 windows are used in order to cover the full test set.
We perform rolling prediction evaluation: 24 time-points per window, last 7 windows for
testing for traffic and electricity, and 14 per window with last 4 windows for wiki.

We evaluate forecasting performance starting on equally spaced time points after the last
observed training point. Since the marginal continuous ranked probability score (CRPS)
cannot assess whether dependencies across time-series are accurately captured, we report
the the Continuous Ranked Probability Score (CRPS) (CRPS-Sum). This metric is obtained
by first summing across the N (ground-truth data and forecasted) time-series, which yields a
CDF estimate Fsum(t) for each time point. The results are then averaged over the prediction
horizon. We take 100 samples to estimate the empirical CDF in practice. Table 2 lists the
mean CRPS-Sum values averaged over 10 independent runs with standard deviations and
shows that the model sets the new state-of-the-art on most of the benchmark data sets.
According to Table 2, the best performance is achieved by either one of two variants of our
proposed model (either Latent Temporal Flows - Real NVP or Latent Temporal Flows -
MAF) on Solar, Electricity, and Taxi datasets, and our model’s performance is within top-2
on the Wikipedia dataset.

5. Discussion

Personal devices, such as mobile phones and smart watches, include an ever increasing
number of sensors that allows for convenient physiological data collection. The abundance
of complex wearables data calls for accurate machine learning tools to better forecast and
detect changes in the health of individuals. In this paper, we presented a novel method
for multivariate forecasting of complex time-series such as vital signs. We have shown that
the combination of representation learning, flexible density models, and auto-regressive
structures can produce accurate forecasts by modeling dynamics on a low-dimensional sub-
space. We further analyzed a challenging practical application of predicting sensor signal
trajectories in the AH&MS dataset. The proposed approach consistently achieves the best
performance over the state-of-the-art methods on publicly available datasets. While here
our focus is on time-series forecasting, future work will extend our framework to tasks
that require learning over high-dimensional time-series: imputation, interpolation, anomaly
detection, and out-of-distribution detection.
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