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Abstract

Imagine generating a city’s electricity demand pat-
tern based on weather, the presence of an electric
vehicle, and location, which could be used for ca-
pacity planning during a winter freeze. Such real-
world time series are often enriched with paired
heterogeneous contextual metadata (e.g., weather
and location). Current approaches to time series
generation often ignore this paired metadata. Ad-
ditionally, the heterogeneity in metadata poses
several practical challenges in adapting existing
conditional generation approaches from the im-
age, audio, and video domains to the time se-
ries domain. To address this gap, we introduce
TIME WEAVER, a novel diffusion-based model
that leverages the heterogeneous metadata in the
form of categorical, continuous, and even time-
variant variables to significantly improve time se-
ries generation. Additionally, we show that naive
extensions of standard evaluation metrics from
the image to the time series domain are insuffi-
cient. These metrics do not penalize conditional
generation approaches for their poor specificity
in reproducing the metadata-specific features in
the generated time series. Thus, we innovate a
novel evaluation metric that accurately captures
the specificity of conditional generation and the
realism of the generated time series. We show
that TIME WEAVER outperforms state-of-the-art
benchmarks, such as Generative Adversarial Net-
works (GANSs), by up to 30% in downstream clas-
sification tasks on real-world energy, medical, air
quality, and traffic datasets.

1. Introduction

Generating synthetic time series data is useful for creating
realistic variants of private data (Yoon et al., 2020), stress-
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Figure 1. TIME WEAVER generates realistic metadata-specific
time series. Consider generating the air quality index of a particu-
lar location (XYZ) given the expected precipitation (green) for a
specific month (May). TIME WEAVER uses these metadata fea-
tures to generate samples (red) that closely match reality (blue).

testing production systems with new scenarios (Rizzato
et al., 2022; Agarwal & Chinchali, 2022), asking “what-if”’
questions, and even augmenting imbalanced datasets (Gowal
et al., 2021). Imagine generating a realistic medical electro-
cardiogram (ECQG) pattern based on a patient’s age, gender,
weight, medical record, and even the presence of a pace-
maker. This generated data could be used to train medical
residents, sell realistic data to third parties (anonymization),
or even stress-test a pacemaker’s ability to detect diseases
on rare variations of ECG data.

Despite potential advantages, current time series generation
methods (Yoon et al., 2019; Jeha et al., 2021; Donahue et al.,
2019) ignore the rich contextual metadata and are incapable
of generating time series for specific real-world conditions.
This is not due to a lack of data, as standard time series
datasets have long come with paired metadata conditions.
Instead, it is because today’s methods cannot handle diverse
metadata conditions.

At first glance, generating realistic time series based on rich
metadata conditions might seem like a straightforward ex-
tension of conditional image, video, or audio generation
(Rombach et al., 2021; Ramesh et al., 2022; Kong et al.,
2021). However, we argue that there are practical differ-
ences that make conditional time series generation and eval-
uation challenging, which are:

1. Rich Metadata: Metadata can be categorical (e.g.,
whether a patient has a pacemaker), quantitative (e.g.,
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age), or even a time series, such as anticipated precipita-
tion. Any conditional generative model for time series
should incorporate such a diverse mix of metadata con-
ditions (Table 1). In contrast, image, video, and audio
generation often deal with static text prompts.

2. Visual Inspection of Synthetic Data Quality: Visual
inspection is a key aspect in evaluating image genera-
tion approaches as evaluation metrics like the Inception
Score (IS) are widely adopted due to their alignment
with human judgment. On the contrary, it is non-trivial
to glance at a time series and tell if it retains key fea-

tures, such as statistical moments or frequency spectra.
Figure 2.TIME WEAVER beats GANs on all datasets on the

3. Architectural Differences: In the image and audio Joint Frechet Time Series Distance (J-FTSD) and Train on
domains, we have powerful feature extractors trainedsynthetic Test on Real (TSTR) metrics J-FTSD indicates the
on internet-scale data (Radford et al., 2021; Wu* et al. distributional similarity between the generated and real time series

2023). These are vital building blocks for encoding datasets. Lower values of J-FTSD indicate that both generated
conditions in image generation (Rombach et al. 2021)‘?1nd real time series distributions are closer. TSTR indicates the

However. these models are non-existent in the tim%)erformance of a downstream task model trained on generated
. P - . lime series data and evaluated on real time series data. Higher

ser.|e3 domain dqe to the Irregula.r nature of the tIm%/alues of TSTR indicate higher quality of the generated time series

series datasets with respect to horizon lengths, numbey,;1 e show the percentage improvemerTiofe WEAVER

of channels, and the heterogeneity of the metadata. oyer state-of-the-art GAN models on four diverse datasets.

4. Evaluation Metrics: Evaluating conditional gener-
ation approaches requires a metric that captures thg' Background and Related Works

speci city of the generated samples with respect toGenerative Models in Time SeriesRecently, Generative
their paired metadata. In Fig. 4, we show how the exadversarial Networks (GANs) (Donahue et al., 2019; Yoon
isting metrics, such as the time series equivalent of thest al., 2019; Li et al., 2022; Thambawita et al., 2021) have
standard Frechet Inception Distance (FID) score (Jeh@merged as popular methods for time series data genera-
et al., 2021), fail to capture this speci city and only tjon. However, these GAN-based approaches often struggle
measure how close the real and generated data distiijith unstable training and mode collapse (Chen, 2021). In
butions are. This is because these metrics completelﬁ@sponse, Diffusion Models (DMs) (Sohl-Dickstein et al.,
ignore the paired metadata in their evaluation. 2015) have been introduced in the time series domain (Al-
) ) ] S . caraz & Strodthoff, 2023; Tashiro et al., 2021), offering
Given the above differences and insuf ciencies in metrics,y,qre realistic data generation. DMs are a class of genera-
our contributions are: tive models that are state-of-the-art in a variety of domains,
including image (Dhariwal & Nichol, 2021; Ho et al., 2020),
speech (Chen et al., 2020; Kong et al., 2021), and video
generation (Ho et al., 2022). DMs operate by de ning a
Markovian forward procesg. The forward process grad-
%ally adds noise to a clean data sampje X , where
X is the data distribution to be learned. The forward pro-
2. We propose the Joint Frechet Time Series Distanceess is predetermined by xing a noise variance schedule

1. We presenTIME WEAVER (Fig. 1), a novel diffusion
model for generating realistic multivariate time series
conditioned on metadata. We speci cally innovate on
the standard diffusion model architecture to proces
categorical and continuous metadata conditions.

time series data generation models. J-FTSD incorpcef diffusion steps. The following equations describe the
rates time series and metadata conditions with featuréorward process:
extractors trained using a contrastive learning frame-

work. In Sec. 6, we showcase J-FTSD's abiltyto . . _ Y . ) 1
accurately rank approaches based on their ability to A(xa3::25XT ] X0) = ) axe X a); @
model conditional time series data distributions. ) p R

a(xe J Xt 1) = N( Xt 15 tl): 2)

3. We show that our approach signi cantly outperforms
the state-of-the-art GAN models in generating high-Here,N (; ) represents a Gaussian distribution with mean
quality, metadata-speci ¢ time series on real-world en- and covariance matrix. During training, a clean sample
ergy, healthcare, pollution, and traf ¢ datasets (Fig. 2) Xq is transformed into¢; using Eq. (2). Then, a neural

2
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network, 4enoisefXt;t), is trained to estimate the amount of the nuanced performance of conditional generative models.
noise added betweeqq ; andx; with the following loss

. A more popular method to evaluate generative models is to
function:

use distance metrics between the generated and real data
samples. One of the most commonly used distance met-
Lom = Exx : n @niu @)K denoisebXt; DKS]: rics is the Frechet Distance (FD) @ahet, 1957). The
(3)  FD between two multivariate Gaussian distributi@ns
Heret U (1;T) indicates thatis sampled fromauniform N ( ;; ;)andD, N ( 5 »)is:
distribution between 1 and, and is the noise added to
Xt 1toobtainx;. Ininference, we startfromr N (0O;1), . _ 5 1.
whereN (0; 1) represents a zero mean, unit variance Gaug: P (P1D2) = ko oki+ T+ o 2( 2)2(31')

slan _d|str|but|on, and iteratively denmsg USINGnoiserto To evaluate image generation models, the FD is adjusted
obtain a clean sample from the data distributini.e., . .
_____ . . . to the Frechet Inception Distance (FID) (Heusel et al.,

Xt ! Xt 1;::1;Xe. A detailed explanation of DMs is 2017 f h . 3 model

rovided in App. A.1 017). FID uses a feature extractor, t glnceptu_)n—v mode
P T (Szegedy et al., 2015), to transform images into embed-
For conditional DMs, the most commonly used approachdings upon which the FD is calculated. Similar adapta-
is to keep the forward process the same as in Eq. (2), antibns such as the Frechet Video Distance (Unterthiner et al.,
add additional conditionsto the reverse process. Minimiz- 2018), Frechet ChemNet Distance (Preuer et al., 2018), and
ing k denoisef Xt ; t; C) kg in the loss function provided in  Context-FID (Jeha et al., 2021) exist for other domains, em-
Eq. (3) facilitates learning the conditional distribution. Con-ploying domain-speci c feature extractors. However, these
ditional DMs are used in image, video (Saharia et al., 2021metrics are designed only to evaluate unconditional data
Lugmayr et al., 2022; Rombach et al., 2021; Ramesh et algeneration since they only match the true data distribution
2022), and speech (Kong et al., 2021) generation. Thesmarginalizing over all the conditions.

models allow for diverse conditioning inputs, like text, im- " . .
i To evaluate conditional generation models, many metrics are
age, or even segmentation maps. However, these methods

rely on image-focused tools like Convolutional Neural Net_proposed for categorical cond|t|or.15 (Murray, 2019; Hua}ng
) o ... et al, 2018; Benny et al., 2020; Liu et al., 2018; Miy-
works (CNNs), which struggle to maintain essential time .
. I . _ato & Koyama, 2018). To create a more general metric,
series characteristics such as long-range dependenmes,g&oveitchik et al. (2022) proposed the conditional FID
noted in (Gu et al., 2022). For time series data, model ' brop

such as CSDI (Tashiro et al., 2021) and SSSD (Alcaraz i e e S8 el SR Oce i RRR AT
Strodthoff, 2022) exist but are mainly limited to imputation 9

; . L I eal data given the condition. In particular, DeVries et al.
tasks without substantial conditioning capabilities. CIoses(ZOlg) ropose the Frechet Joint Distance (FJD), where the
to our work, Alcaraz & Strodthoff (2023) attempt to incorpo- prop '

rate ECG statements as metadata (only categorical) for ECG, . i
. . : ifferent embedding functions and concatenated to create a
generation. However, this approach falls short as it does no

consider heterogeneous metadata. Our method surpaséomt embedding space. Devries et al. (2019) consider con-

these limitations by effectively handling a broader range orﬂ.e' flons that are classgs (image category) , text descriptions
" : o . (image captions), or images (for tasks like style transfer).
metadata modalities, thus enabling more realistic time serie

. . " owever, in our case, the metadata could be any arbitrary
data generation under varied heterogeneous conditions. o : . , .
combination of categorical, continuous, and time-varying

Metrics for Conditional Time Series Generation: Vari-  conditions. Additionally, like other metrics considered in
ous metrics have been developed in the time series domaitie literature, FID is de ned for image generation and does
focusing on the practical utility of the generated time sehot consider the unique characteristics of time series data.
ries data. To this end, the Train on Synthetic Test on Redin contrast, our proposed J-FTSD metric is speci cally de-
(TSTR) metric (Jordon et al., 2018; Esteban et al., 20173¥igned to evaluate time series data generation models condi-
is used to assess the ability of synthetic data to capturgoned on heterogeneous metadata.

key features of the real dataset. TSTR metrics have been

vyidely used to evaluate unconditional timg series genera3 problem Formulation

tion. Yoon et al. (2019) proposed the predictive score where

synthetic time series data is used to train a forecaster, an@donsider a multivariate time series sample2 R- F,

the forecaster's performance is evaluated on real time serieghereL denotes the time series horizon, a@hdlenotes
data. More traditional approaches include average cosingmne number of channels. Each samyplis associated with
similarity, Jensen distance (Li et al., 2022), and autocormetadata, comprising categorical featureg; 2 N- Kex
relation comparisons (Lin et al., 2020; Bahrpeyma et al.and continuous feature&son, 2 R- Ko, Here,K ¢ and
2021). However, these heuristics often fail to fully captureK .on indicate the total numbers of categorical and contin-

mbeddings of the image and condition are obtained with

3
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Figure 3.TIME WEAVER architecture for incorporating metadata in the diffusion process: This gure shows the training and
inference processes ®iME WEAVER. For training, we start from the original sample (on the left) and gradually add noise through a
forward process|(x: j Xt 1), resulting in noisy samples . The denoiser,genoises IS trained to estimate the amount of noise added to
obtainx; fromx; 1. During inference, the categorical and continuous metadata are rst preprocessed with toke¢ffizenmsd S,
respectively. Then, we concatenate their output and process it through a self-attentiog.laytr create the metadata embeddmg
This embedding is fed intogenciserwith the noisy sample; to obtainx; 1. The denoising process is repeatedTadiffusion steps to

obtain a clean sample similar x@.

uous metadata features, respectively. These features drandling the metadatd= Cear  Ceont Here,cear 2 N& - Koat
concatenated as= Ccat Ccony Where represents the andcen 2 RS Koo represent time-varying categorical and
vector concatenation operation. Thus, the metadata domaizontinuous metadata features, respectively (see Sec. 3). To
isde ned asN- Ke  RL Keom Note that the domains of better incorporate these features from different modalities,
Ccat andceont allow time-varying metadata features. we process them separately and then combine them with a

Example:Consider generating time series data represen?—ehc_alttentlon layer.

ing traf c volume on a highwayE = 1) over 96 hours

(L = 96) using paired metadata. This metadata includes
seven time-varying categorical features like holidays (12
unique labels) and weather descriptions (11 unique labels),
denoted byK .5t = 7. It also includes four time-varying con-
tinuous features like expected temperature and rain forecast,
represented bi ;ont = 4.

« The categorical tokenizefZ',, rst converts each cate-
gory inc.5 into one-hot encoding and then processes
with fully connected (FC) layers to create the categori-
cal embeddingc, 2 R- 9. Similarly, the continu-
ous tokenizer £ also uses FC layers to encode con-
tinuous metadate.qn into the continuous embedding

Zcont 2 RY e, These FC layers learn the correlation

We denote the datasBt.. = f(Xi;G)g; consisting of

n independent and identically distributed (i.i.d) samples of
time series data and paired metadatg sampled from

a joint distributionp(x; c). Our objective is to develop

a conditional generation mod@& such that the samples

between metadata features within the categorical and
continuous domains. Using FC layers is just a design
choice; more sophisticated layers can also be used.

* Zcarandzeon are then concatenated and passed through

a self-attention layerqngn to generate the metadata
embeddingz 2 R- 9mea, The self-attention layer
equips the generative model to capture the temporal
relationship between different metadata features.

generated bys(c) distributionally matchp(xjc).

4. Conditional Time Series Generation using
TIME WEAVER

Here,dcat deont, @nddmeta @re design choices, and we refer

Our approachTIME WEAVER, is a diffusion-based con- the reader to App. A.4 for further details.

ditional generation model. We choose DMs over GANs
as we consider heterogeneous metadatathe metadata Denoiser: As the denoiser backbone fotME WEAVER,

can contain categorical, continuous, or even time-varyingve rely on two state-of-the-art architectures - CSDI (Tashiro
features. Previous works show that the conditional variantgt al., 2021) and SSSD (Alcaraz & Strodthoff, 2022). The

of GANs suffer from mode collapse when dealing with con-CSDI model uses feature and temporal self-attention lay-
tinuous conditions (Ding et al., 2020). Additionally, the ers to process sequential time series data, while SSSD uses
proposed alternatives have not been tested in the time seriesructured state-space layers. Note that these denoisers are
domain for heterogeneous metadata. Dwe WEAVER  designed for imputation and forecasting tasks. So, they are
model consists of two parts - a denoiser backbone that gedesigned to take unimputed and historical time series as
erates data and a preprocessing module that processes teepective inputs. We modify these denoisers into more
time-varying categorical and continuous metadata featureexible metadata-conditioned time series generators by aug-
menting them with preprocessing layer&{.,, ., and

Metadata Preprocessing:The preprocessing step involves conc). We refer the reader to App. A.4 for details regarding
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architectural changes. We train the preprocessing layers aridere, ,« and ,« ford 2 f g; rg are calculated as:
the denoiser genoiserjointly with the following loss: amel(x7) e 8i - (x%:6) 2 Da:

1 Xy
- 4= — Zi; 4 =
L genoisei conar cont . cal y = Exc Dwe: N (@Dtu @) z n._ ' z n 1.

z

(CS C) i

L2
[k denoisefXt:t:2)Kol (5)  |nessence, J-FTSD computes the FD between the Gaussian
approximations of the real and generated joint embedding

wherez = conar tco"ﬁen(ccat) tcookrgn(ccont))ny;c represents datasets. I_n Eq. (6),zr, 29 and zr, 7o Qre the mean
the dataset of time series and paired metadata sampled froffid the variance of the Gaussian approximations of the real

the joint distributionp(x; ¢), andT is the total number of and generated joint embedding datasets, respectively.

diffusion steps. As explained in Sec. 2, minimizing the l0SsTraining Feature Extractors: Now, we describe our ap-

in Eq. (5) allowsTIME WEAVER to learn how to generate proach to obtain the feature extractokge and meta AS
samples from the conditional distributiguixjc). During  explained in Sec. 2, DeVries et al. (2019) suggest using sep-
inference, we start fromr N (0;1) and iteratively de-  arate encoders for data samples and conditions. However,
noise (with metadata as input) forT steps to generate they only deal with a speci ¢ type of condition, and this

Xo  p(xjc). This process is depicted in Fig. 3. naturally poses a problem for a straightforward extension of
their approach to our case, where the metadata could be any
5. Joint Frechet Time Series Distance arbitrary combination of categorical, continuous, and time-

varying features. As such, we propose a hovel approach
A gOOd distance metric should penalize the conditional gen_'o train the feature extractor%etaand time Speci c to the
eration approach (provide higher values) if the real and gertime series domain. We jointly trainime and meta With
erated joint distributions of the time series and the paire¢ontrastive learning to better capture the joint distribution of
metadata do not match. Existing metrics such as Contexthe time series and paired metadata as contrastive learning is
FID (Jeha et al., 2021) rely only on the time series featurey commonly used method to map data from various modal-

extractor, and the metric computation does not involve theties into a shared latent space (Yuan et al., 2021; Zhang
paired metadata. This prevents these metrics from penalt a|. 2022; Ramesh et al., 2022).

izing conditional generation approaches for their inability

to reproduce metadata-speci c features in the generatefligorithm 1 One iteration for training time seriegime and
time series. Therefore, we propose a new metric to evalunetadata et feature extractors.

ate metadata-conditioned time series generation, the Joint: Input: Time series feature extractogme, Metadata
Frechet Time Series Distance (J-FTSD). feature extractor meta Time series batch paen, Paired

In J-FTSD, we compute the FD between the real and gener- Metadata batclﬁ:batch_Number of patchel pacn Patch
lengthL paich Batch sizeNpatch

ated joint distributions of time series and paired metadata._ dor] | h ] L ;
Consider samples from a real data distribution indicated 2: Randomly selech paich patches of lengt Pa;g?chrom

by DI’ = f(xa, Cl)a i (XII:1 ; Cn)g, Wherex:’ 2 RL F indi- each Sample ixX batch andCbatchto generaté( batch and
cates the time series, angd2 R- K indicates the paired CE;:;T

metadata as explained in Sec. 3. We denote the dataset ¢¥: Obtain the time series and metadata embedding -
generated time series and the corresponding metadata as  ime(X fa) and merd Chonct) respectively.
Dg = f(x{;c1);iit;(xY;¢n)g, wherex? = G(g) 8i 2 4: Obtain thelogits - ime(X PANT o CRAD).
[1;n], andG denotes any arbitrary conditional generation 5: De ne thelabels -[0;1;2;:::; Npach Npatch
model, as de ned in Sec. 3. First, similar to the FID and 6: Computel ¢me = Lce(logits ;labels ).
FJD computations, we project the time series and the paired7: Computel meta= Lce(logits. T ;labels ).
metadata into a lower-dimensional embedding space usings: Computel ot = ( Ltime * L metg =2-
ime() : RY F I RYmand pef ) : R- K I Rdem 9: Update parameters Ofime and metato minimizeL oa.
as the respective feature extractors, whtkrg is the size

of the embedding. We concatenate these time series andyorithm 1 summarizes one training iteration of our fea-
metadata embeddings to create _a!omt embed_dlng space. Wgre extractors ime and mea This is visually depicted in
then calculate the FD over the joint embedding space. Agpp_ A.3. Given the batch of time seri®,q.chand meta-

such, the J-FTSD metric is formally de ned as: dataCpatch We randomly pickN patch patches with horizon
L patchfrom each time series and metadata sample in batches
J-FTSODg; D) = k o ,ak2 X patch @nd Cpateh (line 1)._ Then, we obtain the time serigs
i (6) and metadata embeddings for all patches through their re-
T 2t 20 2( 2 20)7): spective feature extractorsyme for time series, and neta
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DATASET HORIZON # CHANNELS CATEGORICAL FEATURES CONTINUOUS FEATURES
TEMPERATURE, PRESSURE

12 STATIONS, 5 YEARS, 12 MONTHS,

AIR QUALITY (CHEN, 2019) 96 6 DEW POINT TEMPERATURE
31 DATES, 24 HOURS, 17 WIND DIRECTIONS RAIN LEVELS, WIND SPEED
éi ggT"é[;AZi’JOLERA;S’ 12MONTHS, TEMPERATURE, RAIN LEVELS,

TRAFFIC (HOGUE, 2019) 96 1 11 BROAD WEATHER DESCRIPTIONS ETS\L’JVDFQ'(‘)L’\"‘DEI;IIEO",\‘SS’

38 FINE WEATHER DESCRIPTIONS
ELECTRICITY (TRINDADE, 2015) 96 1 37WSERS 4 YEARS, 12MONTHS, 31DATES N.A.
ECG (WAGNER ET AL., 2020) 1000 8 7HEART DISEASE STATEMENTS N.A.

Table 1.Dataset overview for experiments withTIME WEAVER. This table outlines the key characteristics of the datasets employed
in our experiments. These datasets, encompassing Air Quality, Traf ¢, Electricity, and ECG, have been selected to dememstrate
WEAVER's versatility across different time horizonsa] 1), number of channel<6l 2), and a wide range of metadata typesl|(3,4).

Figure 4.J-FTSD correctly penalizes the conditional time series data distributionA good metric should penalize the conditional
generation approaches for not being speci c to the metadata and deviating from real time series data distribution. As such, we compare
the sensitivity of different distance metrics under various synthetic disturbances on the Air Quality dataset (starting from the left); we
add Gaussian noise, warp, impute, and randomly change the metadata of the time series samples. We clearly show that as the amount
of perturbation increases, our J-FTSD metric (in red) shows the highest sensitivity, correctly capturing the dissimilarities between the
perturbed and the original datasets. In contrast, the other metrics remain unchanged or show lower sensitivity.

for metadata (line 2). Finally, we compute the dot productcontain metadata-speci c features. This allows J-FTSD to
of time series and metadata embeddings (line 3) and obtaiaccurately penalize for the differences between the real and
the symmetric cross-entropy loss (lines 4 - 7), which is usedyenerated joint distributions, which directly translates to
to jointly update the parameters ofne and meta(line 8). penalizing conditional generation approaches for their poor

In essence, we learn a joint embedding space for time serigd ¢! city in reproducing metadata-speci ¢ features.

and metadata by jointly traininggme and meta This is ]
achieved by adjusting the feature extractors' parameters t6. Experiments

maximize the cosine similarity of the time series embed:
. ) . We evaluated the performance BIME WEAVER across
dings and the metadata embedding®gfich N patch pairs

- : . : datasets featuring a diverse mix of seasonalities, discrete and
of time series and paired metadata in the batch. In our ex-_ " s . .
. : continuous metadata conditions, a wide range of horizons,
periments, we used the Informer encoder architecture (Zhod S >
and multivariate correlated channels. The list of datasets

et al., 2021) for tme and meta We choosé. pach based

on the length of the smallest chunk of the time series tha%md their metadata features are provided in Table 1. Al

contains metadata-speci c features. We refer the readers t@odels are trained on the train split, while all metrics are

App. A3 for further details on the choices Mfac L patch reported on the test split, further detailed in App. A.2.
and the encoder architecture. Baselines:We represent the results for the CSDI and SSSD
backbones fofIME WEAVER as TIME WEAVER-CSDI
andTIME WEAVER-SSSD, respectively. Since there are no
Why is J-FTSD a good metric for evaluating conditional  existing approaches for metadata-conditioned time series
generation models? One aspect of the J-FTSD compu- generation with categorical, continuous, and time-variant
tation involves estimating the covariance between the timenetadata features, we modify the existing state-of-the-art
series and the metadata embeddings. Additionally, jointhGAN approaches to incorporate metadata conditions, similar
training the feature extractors with contrastive learning aidgo TIME WEAVER. The GAN baselines include CNN-based
in effectively capturing the correlation between the timeapproaches like WaveGAN (Donahue et al., 2019), an audio-
series and the metadata embeddings. Therefore, the covddeused GAN model, and Pulse2Pulse (Thambawita et al.,
ance term decreases if the generated time series does not

6
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APPROACH AR QUALITY ECG TRAFFIC ELECTRICITY
J-FTSD# TSTR" J-FTSD# TSTR" J-FTSD# TSTR" J-FTSD# TSTR"

WAVEGAN

(DONAHUE ET AL., 2019) 14.250.79 0.61 0.01 9.55 0.01 0.65 0.001 25.690.01 0.540.01 7.820.002 0.57 0.007

PULSE2PULSE

(THAMBAWITA ET AL ., 2021) 22.07 0.02 0.60 0.002 13.490.04 0.63 0.03 17.70 0.002 0.52 0.03 2.8 0.01 0.71 0.004

TIME WEAVER-CSDI 2.2 0.07 0.77 0.01 7.25 0.09 0.83 0.001 0.530.01 0.66 0.06 0.6 0.003 0.78 0.001

TIME WEAVER-SSSD 8.610.18 0.63 0.02 5.43 0.1 0.85 0.007 0.36 0.03 0.65 0.07 1.19 0.008 0.77 0.001

Table 2.TIME WEAVER outperforms GAN-based approaches on the J-FTSD and TSTR metricsThe table shows the performance

of all the models (rows) on speci ed datasets (columns). Thee WEAVER variants signi cantly outperform GANs on the J-FTSD

and TSTR metrics. Our experimental ndings also con rm that lower J-FTSD scores correspond to higher AUC (TSTR) scores when
tested on the original test dataset, showcasing the utility of our proposed J-FTSD metric in evaluating the quality of the generated data
distribution. We report the mean and standard deviation of both metrics, averaged over three seeds.

2021), a model specializing in DeepFake generation. AddiGaussian noise of increasing varianteye warping in-
tionally, we compare th& ME WEAVER variants against a volving scaling adjustmentémputation- imputing the time
diffusion model with a U-Net 1D (Ronneberger et al., 2015)series with local mean aridbel ipping - where metadata
denoiser backbone. We chose the 1D variant of U-Net as theonditions are randomly changed, decoupling them from
basic U-Net architecture is the most preferred denoiser backhe time series. An effective metric should demonstrate
bone used in pixel-space image diffusion. The exact trainingan increased sensitivity when the real and generated joint
details are provided in App. A.4 and A.5. We additionally distributions of time series and metadata diverge. We com-
tried comparing with TimeGAN (Yoon et al., 2019), a Recur-pare J-FTSD against three FD-based metrics: 1) the FTSD
rent Neural Network (RNN) based approach, and TTS-GANscore, which calculates the FD using only time series em-
(Lietal., 2022), a Transformer-based approach. Howeveheddings (derived from the;ne feature extractor); 2) the
both of these GAN models did not converge on any of theContext-FID score (Jeha et al., 2021) whejge is trained
datasets. We show their training results in App. A.5.4. to maximize similarity of similar time series; 3) the J-FTSD

Evaluation Metrics: We evaluate our approaches and the(lntra—ModaI) score, which differs from J-FTSD in that the

GAN baselines using the J-FTSD metric, as detailed mtl.me series and_ m_etadata feature _extra_lctprs_are tral_ne_d indi
. \ . vidually to maximize the embedding similarity for similar
Sec. 5. To validate the correctness of J-FTSD's evaluation L 2
samples. Our J-FTSD metric is the most sensitive when com-
we also report the area under the curve (AUC) scores of a

classi er trained only using synthetic data. The classi er pared to other metrics under synthetic disturbances. The key

) . ) . -_bene t of our metric can be observed in the label- ipping
is trained to predict the metadata given the correspondin . - !

L . : : xperiment, where only our metric increases as we increase
synthetic time series. We then test this classi er on the

real unseen test dataset. High accuracy indicates that othe label- ipping probability in the paired metadata condi-

. . . . : Hrons. Other metrics remain unchanged and lack suf cient
synthetic data faithfully retains critical features of the paired

mtacata. We use  standad ResNet10 (1 o a, 20157V becalne ey overenk pare et e
model for the classi er. We denote this metric as TSTR in ’ ptly

Table 2. For each dataset, the categories for which we traif} corporates. Additionally, the J-FTSD (Intra-Modal) score

the classi er are listed as follows: Electricity - Months (12) remains mostly unchanged under these perturbations, high-

A Qualty - Satons (12), Tt c -Weathr Descrpions 191111 A01age f e fortuangofe e seres
(11), and ECG - Heart Conditions (71). The exact training - =XP

. : o in Fig. 4 underscore the importance of our J-FTSD metric
steps of the classi ers and a detailed description of the . : : .
metrics are outlined in App. A.6. in assessing the quality of the generated time series data.
Experimental Results and Analysis: Our experiments How doesTIME WEAVER compare against other ap-
demonstrate that tHEIME WEAVER models signi cantly proaches on real-world datasetsAcross all the datasets,

. ) oo . the TIME WEAVER variants consistently outperform GAN
outperform baseline models in synthesizing time series dat?nodels in terms of J-FTSD scores. as shown in Table 2
across all evaluated benchmarks. Our experiments address__ ' '
the following key questions: peci cally, we beat the best GAN model by rougidly

' on the Air Quality dataset,:75 on the ECG dataset,

Does the J-FTSD metric correctly penalize when the gen- on the Electricity dataset, and more th&h on the Traf ¢
erated time series samples are not speci c to the paired dataset. To understand this performance gain, we conduct
metadata? In Fig. 4, we assess the sensitivity of our an ablation study where we compare & WEAVER-
J-FTSD metric against previous FD-based metrics. This a&£SDI model and WaveGAN (Donahue et al., 2019) in the
sessment involves introducing controlled perturbations intgoresence and absence of metadata on the Air Quality and
the time series to test the sensitivity of the metric. Thesedlectricity datasets. We use the FTSD metric, which is the

perturbations includé&aussian noise which introduces Frechet Distance without considering the metadata embed-
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Figure 5.TIME WEAVER generated time series distributions match the real time series distributionsEach column represents a

different dataset. The real time series is in blue, while the generated time series is in red. The rst & third rows correspofidi® the
WEAVER model, and the second & fourth rows correspond to the best-performing GAN model. The top two rows have the real and
generated time series for unseen test metadata conditions. The bottom two rows compare the histograms of the real and generated time
series values aggregated over their respective datasets, also for unseen test metadata conditions. Both results indidateghat our
WEAVER model can generate realistic time series samples that are speci c to the corresponding metadata conditions, beating the previous
state-of-the-art GAN model. In both scenarios, the GAN model fails to match the real time series data distribution, vilhieour

WEAVER model has learned the correct conditional distribution for speci ¢ metadata conditions, speci cally for the Air Quality and

Traf c datasets.

dings, as our evaluation metric. The quantitative results ofor complex metadata-speci ¢ time series generation.

this study are summarized in Table 8. We nd tilame .
. - Does the synthetic data generated b IME WEAVER
WEAVER provides lower FTSD for the Electricity dataset, . .
capture metadata-speci c features to train an accurate

and WaveGAN provides lower FTSD for the Air Quality classi er? When training with the generated synthetic time

dataset in the absence of metadata. However, in the Pr€Series data, the classi er's accuracy in classifying metadata
ence of metadata, we note tHlae WEAVER outperforms i y 9

WaveGAN on both datasets. The key insight is thatE hinges on the presence of distinct metadata-speci c features

. in the time series. The high TSTR scores in Table 2 strongly
WEAVER processes metadata more ef ciently than GAN- .
- .suggest that the data generatedTbye WEAVER retain
based approaches to generate metadata-speci c time series.

) . . : . € essential characteristics necessary to train classi ers that
This observation aligns with the recent work (Ding etal.,  ~ .=~ .
. ; exhibit high AUC on real unseen test data. The marked
2020) that shows GANs perform poorly with continuous . : .
l. ... . . . improvement in TSTR scores wifiiME WEAVER when
conditions. The metadata conditions in the time series do-

. . . . Ocompared to GAN models demonstrates both the practical
main are so complex (a mix of categorical, continuous, an value and the superior quality of the synthetic data generated
time-varying conditions) that the GAN models fail to learn P quality y 9

a good conditional time series distribution. by our model.

Additionally, we compar& IME WEAVER against a diffu- Does lower J-FTSD correlate with higher TSTR per-
Y, P 9 formance? The experimental data, as outlined in Table 2,

sion model baseline with U-Net 1D (Ronneberger et al., _, .. L

. o exhibit a clear correlation: lower J-FTSD scores are con-
2015) as the denoiser backbone. The guantitative results fosristentl associated with hiaher TSTR scores on the orio-
this comparison are provided in Table 9. We note that the y 9 9

. .. inal, unseen test dataset. This correlation is expected as
best-performingl IME WEAVER model outperforms the dif- : - .
. . X : . both metrics evaluate the precision of the generated time
fusion model baseline with the U-Net 1D denoiser, with an

average improvement of 9% in TSTR and 17% in J-FTSDoNeS relative to the corresponding m(a_tada}ta,.as yveII as the
. . . A . closeness of the real and generated joint distributions. This
metrics. This superior performance highlights the impor- . .
. ) A . further underscores the effectiveness of the J-FTSD metric

tance of time series-speci ¢ innovationsTAME WEAVER
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as areliable indicator to assess the quality of generated dataaining and inference complexity of our approach. For the
We further solidify the validity of J-FTSD by showing that inference complexity, we make the following observations:
lower values of J-FTSD correspond to lower values of the

Dynamic Time Warping (DTW) metric, where DTWis com-  « The Time WEAVER-CSDI denoiser’s inference time
puted between the real and generated time series samples. complexity re ects that of any transformer architecture,

Lower DTW ino_licates _higher similarity between the real scaling quadratically with the time series lengitiand
and generated time series. We refer the reader to App. A.7.3  |inearly with respect to the hidden dimension size
for further details and experimental results. and the number of diffusion stefis

Does the synthetic data generated bff IME WEAVER « TheTIME WEAVER-SSSD denoiser's inference time
qualitatively match the real data? Figure 5 (top two complexity re ects that of the S4 model (Alcaraz &
rows) displays the quality and realism of the time series data Strodthoff, 2022), scaling quadratically with the hidden

generated by the best-performiigne WEAVER model. dimension sizéd and the number of diffusion stefis
This gure contrasts generated time series samples with real

ones under identical metadata conditions. The comparison ¢« Our metadata encoder's inference time complexity
demonstrates that tHeEME WEAVER model produces time is the same as that of the transformer architecture,
series samples that are highly similar to real samples, effec- O(L?K + K L), whereK is the number of metadata
tively mapping metadata to the corresponding time series. In  conditions. As the metadata encoder only runs once
contrast, GAN baseline models face challenges in generat- for a single sample generation, its time complexity is
ing realistic time series and accurately mapping metadata. A not affected by the number of diffusion steps.

notable example is their performance with ECG signals (2nd

column): GAN models only learn to generate a noisy veradditionally, we tabulate the exact time taken to generate a
sion of the ECG samples while olirme WEAVER model  sample for all datasets in Table 11. For training complexity,
generates a pristine, realistic sample. We provide additional,e show the rate of change of J-FTSD famE WEAVER
qualitative samples in App. A.11. and GAN models. Speci cally, we considered the Air Qual-
Does the synthetic data generated by IME WEAVER ity dataset, and the results are shown in Fig. 10. As_expe_cted,
match the real data in terms of density and spread of we observe that the rate of decrease of J-FTSD is quicker

time series valuesan Fig. 5 (bottom two rows), we extend OF TIME WEAVER when compared to GAN models.

our analysis to compare real and generated data distribu-
tions across all datasets. This is achieved by transforming. Conclusion
the real and generated time series datasets into histograms of . . . o )
their respective values. Take, for instance, the traf ¢ datasef. NiS Paper addresses a critical gap in synthetic time series
we aggregate all samples to form a histogram over the rag@t@ generation by introducingiME WEAVER, a novel
time series values for both real and generated datasets. TRfUSIon-based generative modeliME WEAVER lever-
TIME WEAVER model provides a signi cantly more accu- 29€S heterogeneous paired metadata, encompassing categor-
rate representation of the real time series distribution thaff&!: continuous, and time-variant variables, to signi cantly
the best-performing GAN model. GAN models consistentlyMProve the quality of generated time series. Moreover, we
fail to learn the complex underlying distributions of real data,introduce a new evaluation metric, J-FTSD, to assess con-
particularly evident in the Air Quality and Traf ¢ datasets. ditional time series generation models. .Tr_ns metric offers

_ _ . a re ned approach to evaluate the speci city of generated
DoesTIME WEAVER retain the causal relationship be-  time series relative to paired metadata conditions. Through
tween the input metadata and the corresponding gener- T\ue WEAVER, we demonstrate state-of-the-art results for

ated time seriesWWe analyzeT IME WEAVER's ability to  generated sample quality and diversity across four diverse
retain causal relationships using the Air Quality dataset. Weeal-world datasets.
note that there exist physical models that indicate the effect. = | o ] )
on the particulate matter level (one of the time series charl-mitations: Despite its superior performance in generat-
nels) whenever there is rainfall (metadata input). We shovd realistic time series datd,ME WEAVER encounters
through qualitative examples in Fig. 11 that the generate@n@/lénges typical of DMs, including slower inference and
particulate matter levels adhere to this effect. However, w&rolonged training durations compared to GAN-based mod-
note that this is not a rigorous proof of causality. We aim€ls: thure work will focu; on overcoming these I|m|tat|_or1_s,
to build upon this work to develop time series generativePOte““al_ly through techniques such as progressive distilla-
models that can maintain causal relationships between tH&#" (Salimans & Ho, 2022) for accelerated inference. We
input metadata and the generated time series. also aim to expl_o_re the application of heterpgeneous paired
metadata conditions to enhance forecasting and anomaly
Training and Inference Complexity: Here, we discuss the detection within the time series domain.
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A. Appendix
A.1. Diffusion Process

Diffusion Models (DMSs) are trained to denoise a noisy sample, referred to as the reverse or the backwarg prabess
noisy samples are generated by a Markovian forward pragegkere we gradually corrupt a clean sample from the dataset
by adding noise foll diffusion steps. The forward process is predetermined by specifying a noise schedule ; g,
where 2 [0;1]. The following equations parameterize the forward process:

Y
a(X1;:in X7 jX0) = d(X¢ J Xt 1); (7)
t=1

a(x¢ J x¢ 1) = N(p tXt 15 tl); 8)

whereX is the data distribution that we want to leaxg, X ,N (; ) represents a Gaussian distribution with meand
covariance matrix , andT is the number of diffusion steps. The noise scheflule:::; tgandT are chosen such that
Xt resembles samples from a Gaussian distribution with zero mean and unit variengést) ' N (0;1). This allows
us to start the backward process fram N (0;1) and iteratively denoise foF steps to obtain a sample fro. The
reverse process is parameterized as follows:

v
P (Xosiin Xt 1jXr)=pXt) P (Xt 1]X0): 9
t=1

Here,p(xt) = N (0;1): Essentially, the reverse process is learnable,pafd, 1 j X;) approximates|(X; 1 j X¢;Xo)-

p (Xt 1] X¢)is parameterized using a neural networenoiser HO et al. (2020) show that through simple reparametrization
tricks, we can convert the learning objective from approximatipg 1 j Xt; Xo) to estimating the amount of noise added
to go fromx; 1 toX;. Thus, the diffusion objective is stated as minimizing the following loss function:

Lom = Exx : N (@n:u am)[K denoise(xﬂt)kg]; (10)

wheret U (1;T) indicates that is sampled from a uniform distribution between 1 and is the noise added tx, ; to
obtainx, and genoisertakes the noisy sampiq and the diffusion stepas input to estimate This is equivalent to the
score-matching techniques (Song & Ermon, 2019; Song et al., 2021).

A.2. Dataset Description

In this section, we describe in detail the various datasets used in our experiments, their training, validation, and testing splits,
and the normalization procedures.

A.2.1. BLECTRICITY DATASET

The Electricity dataset consists of power consumption recordings for 370 users over four years from 2011 to 2015. We
frame the following task for this dataset - “Generate the electricity demand pattern for user 257, for the 3rd of August 2011,”
which is a univariate time series. We consider the following features as the metadata: 370 users, four years, 12 months, and
31 dates (Table 3). The power consumption is recorded every 15 minutes, so the time series is 96 time steps long. The total
number of samples without any preprocessing is 540200. We remove samples with values of O for the entire time series,
and the resulting total number of samples is 434781. We establish a data split comprising training, validation, and test sets
distributed in an 80-10-10 ratio. To obtain the split, we randomly pick 80% of the 434781 samples and assign them to the
training set. The same is repeated for the validation and the test sets. We avoid using the traditional splits proposed by
Du et al. (2023), as their split creates certain year metadata features in the test set that do not exist in the training set. For
example, no month from 2011 exists in the training set split proposed by Du et al. (2023).

A.2.2. TRAFFIC DATASET

For traf ¢ volume synthesis, we use the metro interstate traf ¢ volume dataset. The dataset has hourly traf c volume
recordings from 2012 to 2018, along with metadata annotations like holidays, textual weather descriptions, and weather
forecasts (Table 3). Here, we want to generate time series samples for prompts such as “Given the following weather
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DATASET HORIZON # CHANNELS CATEGORICAL FEATURES CONTINUOUS FEATURES
TEMPERATURE, PRESSURE

12 STATIONS, 5 YEARS, 12 MONTHS,

AIR QUALITY 96 6 DEW POINT TEMPERATURE
31 DATES, 24HOURS, 17 WIND DIRECTIONS
RAIN LEVELS, WIND SPEED
12 HOLIDAYS, 7 YEARS, 12 MONTHS,
TEMPERATURE, RAIN LEVELS,
31 DATES, 24 HOURS,
TRAFFIC 96 1 SNOWFALL LEVELS,
11 BROAD WEATHER DESCRIPTIONS
CLOUD CONDITIONS
38 FINE WEATHER DESCRIPTIONS
ELECTRICITY 96 1 370USERS 4 YEARS, 12 MONTHS, 31DATES N.A.
ECG 1000 8 7HEART DISEASE STATEMENTS N.A.

Table 3.Dataset overview for experiments withTIME WEAVER. This table outlines the key characteristics of the datasets employed in
our experiments. These datasets, encompassing Air Quality, Traf ¢, Electricity, and ECG, have been carefully selected to demonstrate
TIME WEAVER's versatility across different time horizons, number of channels, and a wide range of metadata types.

forecast, synthesize a traf ¢ volume pattern for New Year's Day.”, which is a univariate time series. The dataset CSV le
has 48204 rows containing the traf c volume. We synthesize the traf ¢ volume for a 96-hour window. So, to create a dataset
from the CSV le, we slide a window of length 96 with a stride of 24. This gives a total of 2001 time series samples, which
we randomly divide into train, validation, and test sets with an 80-10-10 ratio.

A.2.3. AIR QUALITY DATASET

This dataset contains hourly air pollutants data from 12 air quality monitoring stations in Beijing. The meteorological data

in each air quality site are paired with the weather data from the nearest weather station (please refer to Table 3 for more
details regarding the metadata conditions). Here, the task is to synthesize a multivariate (6 channels) time series given the
weather forecast metadata. The dataset has missing values, which we replace with the mean for both continuous metadata
and the time series. For categorical metadata, missing values exist only in the wind direction metadata feature, which we

Il using an “unknown” label. The dataset is split into train, validation, and test sets based on months. The recordings are
available from 2013 to 2017, and we have a total of 576 months, of which we randomly picked 460 as train data, 58 as
validation data, and 58 as test data. For each month, we slide a window of length 96 with a stride of 24, and this provides a
total of 12166 train time series samples, 1537 validation time series samples, and 1525 test time series samples.

A.2.4. ECG DATASET

The PTB-XL ECG dataset is a 12-channel (1000 time steps long) time series dataset with 17651 train, 2203 validation, and
2167 test samples. The dataset has annotated heart disease statements for each ECG time series. Here, the goal is to generate
ECG time series samples for a speci ¢ heart disease statement, which is our metadata. In this work, we use 8 channels
instead of 12, as shown in (Alcaraz & Strodthoff, 2023).

A.3. Architecture Description Of The Feature Extractors Used In J-FTSD

To compute our proposed J-FTSD metric, we relied on the Informer encoder architecture proposed by Zhou et al. (2021).
Speci cally, we used two encoders, one for the time series and one for the metadata features, represgmtehds neta
respectively. We made the following modi cations to the Informer encoder architecture:

« The raw time series was rst processed using 1D convolution layers. We added positional encoding to the processed
time series before providing it as input to the self-attention layersqg. We used the same positional encoding as
suggested by Zhou et al. (2021).

« The raw metadata was processed in the same way as the metadata for the time series generation process, which is
highlighted in Sec. 4. We individually processed or tokenized the categorical and continuous metadata using linear
layers and 1D convolution layers to obtain the metadata embeddil¢e added positional encoding zdbefore
providingz as input to the self-attention layers ifeta

« We used 1D convolution layers at the end of every self-attention layer. We used striding after every three self-attention
layers,i.e., 1D convolution layers with a stride of 2 were applied after3e 61, : : :, self-attention layers.
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Figure 6.Contrastive Training of J-FTSD Feature Extractors Inspired By CLIP (Radford et al., 2021): This gure depicts the
contrastive learning-based training approach for the J-FTSD feature extragfe@nd mets akin to the methodology used in CLIP. Here,

we consider a time series where the rst half is a triangle wave and the second half is a sine wave. The categorical metadata corresponding
to this time series has the rst half labeled as 1 ("triangle”) and the second half as 0 ("sine”). Patches ok largtre extracted from

time series and metadata and processed through their respective feature extractors. The emhefidingbe metadata encoder and

from the time series encoder, are compared using their dot products to identify correct pairings, highlighted along the matrix diagonal
(in orange). The feature extractors are trained through contrastive learning, employing cross-entropy loss to enhance the accuracy of
matching time series data with its relevant metadata, effectively capturing the nuanced relationship between the two.

« At the end of the self-attention layers of botfy,e and metn We attened the outputs and projected the outputs to a
lower-dimensional space using linear layers. We used the Gaussian Error Linear Unit (GELU) activation, similar to the
Informer architecture.

Now, we describe the choice bjach for each dataset. As explained in Sec. 5, we chgsgnbased on the minimum
horizon required for a patch to contain metadata-speci c features. For each dataset, the viajjygsarid the embedding
size (the output dimension of the feature extractors) are tabulated in Table 4.

DATASET Lpatch EMBEDDING SIZE
AIR QUALITY 64 128

ECG 256 256
ELECTRICITY 64 48

TRAFFIC 64 48

Table 4.Choice of the patch and embedding sizedn this table, we list the choices of the patch dizaicnand the embedding size used
for each dataset in our experiments.

Speci cally, we chose the embedding size such that given a time series sar2pR ", whereL is the horizon, ané is
the number of channels in the time series, the embedding size should be smaller thagyc, This is to ensure that we
are reducing the dimensionality of the time series patch.

Now, we list the hyperparameter choices used for training the feature extractors in Table 5. These include the number
of patches from a single time series samilg:cn learning rate, etc, and the design choices in terms of the number of
self-attention layers, number of transformer heads, etc.

Fig. 6 provides a pictorial representation of the contrastive learning framework used to train the feature extractond
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DESIGN PARAMETER VALUE
EMBEDDING SIZE (dmodel ) 128
ATTENTION HEADS (nheads ) 8

SELF-ATTENTION LAYERS 8
DROPOUT 0.05
ACTIVATION GELU
Npatch 2
LEARNING RATE 10 °

Table 5.Hyperparameters for the feature extractors.

meta 1he€ training process ensures that the time series samples with similar paired metadata have similar projections in the
latent space.
A.4. TIME WEAVER Architecture Design

As mentioned in Sec. 4;IME WEAVER has two denoiser backbones - CSDI (Tashiro et al., 2021) and SSSD (Alcaraz &
Strodthoff, 2023). In this section, we describe the architecture changes we introduced to the CSDI and the SSSD backbones
to extend their capabilities to metadata-speci ¢ time series generation.

A.4.1. IME WEAVER-CSDI

Figure 7.TIME WEAVER-CSDI architecture: This gure shows our changes to the original conditional CSDI model (Tashiro et al.,
2021). We use this model as our denois&rbise) in our architecture, with metadata preprocessing xed as in Fig. 3. Changes to the
original architecture are colored in red.

Consider a batch of time series samples of §i¢gyicry F; L), whereNpachrepresents the number of samples per bdch,

represents the number of channels in the time seried, asdresents the horizon. The paired metadata is represented as
Ccat Ccont Where the shape @fa;is (Npaweh L; K ca) and the shape a@font iS (Npater L; K cont) -

« Input time series projectionWe rst transformed the input time series batch(Myocn  F; 1; L) and applied 1D
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DESIGN PARAMETER VALUE
POSITION EMBEDDING 128
FEATURE ORCHANNEL EMBEDDING 16
DIFFUSION STEP EMBEDDING 256
EMBEDDING SIZE (dmeta) 256
ATTENTION HEADS (nheads ) 16
METADATA ENCODER ( condn) EMBEDDING SIZE 256
METADATA ENCODER ( ¢ongr) ATTENTION HEADS 8
METADATA ENCODER ( condn) SELF-ATTENTION LAYERS 2
LEARNING RATE 10 4

Table 6.Hyperparameters for TIME WEAVER-CSDI architecture.

convolution layers withdmeta Iters to obtain a projection of shap@Npaieh  F; dmeta L). We then reshaped the
projection from(N batch F; dmeta; I—) to (Nbatch; dmeta; F; L)-

« Metadata projectionSimultaneously, we converted each categorical metadata feattygiinto one-hot encoding
and further processed usinffl,, Similarly, we processed the continuous metadasg;, using £5a, Both ccat
andcont Were projected to latent representations of sh®agics L; dca) and(Npateh L; dcont), respectively. These
latent representations were concatenated along the nal axis and processed using the self-attentigngaysrthe
end of this preprocessing, the categorical and continuous metadata were projected to a latent representation of shape
(Npatch L; dmets) - We then broadcasted and reshaped the projected metadlgui®; dmets F; L ).

« Diffusion step representatiorhe CSDI architecture represents the diffusion step using a 128-dimensional representa-
tion, which is projected tdy e We broadcasted and reshaped the diffusion step representafip.ig; dmeta F; L).

« Then, we added the input time series projection, metadata projection, and diffusion step representation. This sum was
passed to the temporal and feature transformer layers in the rst residual layer.

* We provided the projected metadata as input to all the residual layers in the same manner.

These madi cations are highlighted in red in Fig. 7. For the diffusion process, our experimentEiwithWEeAVER-CSDI
used 200 diffusion steps with the noise variance schedule valugs00:0001land  =0:1.

Now, we list the architectural choices and the corresponding hyperparameter choices in Table 6. The number of residual
layers used varies for each dataset. For the Air Quality dataset, we used 10 residual layers. Similarly, for the Traf c,
Electricity, and ECG datasets, we used 8, 6, and 10 residual layers respectively.

A.4.2. IME WEAVER-SSSD

The TIME WEAVER-SSSD model is based on the structured state-space diffusion (SSSD) model (Alcaraz & Strodthoff,
2022) which was originally designed for imputation tasks. The SSSD model is built on the DiffWave (Kong et al., 2021)
architecture. Unlike the DiffWave model, SSSD utilizes the structured state-space model (SSM) (Gu et al., 2022), which
connects the input sequenggt) to the output sequenggt) via the hidden state(t). This relation can be explicitly given
as:

xq(t) = Ax(t)+ Bu(t) and y(t)= Cx(t)+ Du(t):

Here,A;B; C; andD are learnable transition matrices. Gu et al. (2022) propose stacking several SSM blocks together

to create a Structured State Space sequence model (S4). These SSM blocks are connected with normalization layers and
point-wise FC layers in a way that resembles the transformer architecture. This architectural change is done to capture
long-term dependencies in time series data. Alcaraz & Strodthoff (2023) adjust this architecture to take label input, a binary
vector of length 71. As shown in Fig. 8, we replaced this label input with the metadata embeddings obtained from our
metadata preprocessing block to incorporate more complex metadata modalities.

For the diffusion process, our experiments wittme WEAVER-SSSD used 200 diffusion steps with the noise variance
schedule values of; = 0:0001and 1 =0:02.
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Figure 8.TIME WEAVER-SSSD architecture: This gure shows our changes to the original conditional SSSD model (Alcaraz &
Strodthoff, 2023). We use this model as the denois@rdise) in our architecture, with metadata preprocessing being xed as in Fig. 3.
Changes to the original architecture are highlighted in red.

Now, we provide the list of design choices and hyperparameters used inlMEEVWWEAVER-SSSD model in Table 7.

DESIGN PARAMETER VALUE
RESIDUAL LAYER CHANNELS 256
SKIP CHANNELS 16
DIFFUSION STEP EMBEDDING INPUT CHANNELS 128
DIFFUSION STEP EMBEDDING MID CHANNELS 512
DIFFUSION STEP EMBEDDING OUTPUT CHANNELS 512
S4LAYER STATE DIMENSION 64
S4 | AYER DROPOUT 0.0
IS S4LAYER BIDIRECTIONAL TRUE
USE LAYER NORMALIZATION TRUE
METADATA ENCODER ( ¢ongr) EMBEDDING SIZE 256
METADATA ENCODER ( ¢ongr) ATTENTION HEADS 8
METADATA ENCODER ( ¢ongr) SELF-ATTENTION LAYERS 2
LEARNING RATE 10 *

Table 7.Hyperparameters for the TIME WEAVER-SSSD architecture.

A.5. GAN Baselines
A.5.1. MAIN GAN BASELINES

For our main GAN baselines, we use Pulse2Pulse GAN (Thambawita et al., 2021) and WaveGAN (Donahue et al., 2019).
Since these approaches are not fundamentally conditional, we added additional layers to enable conditional generation.

« For the Electricity and ECG datasets, we used the implementation provided by (Thambawita et al., 2021) and (Alcaraz
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& Strodthoff, 2023). Since these datasets only have categorical metadata, we represented each categorical label
by a xed embedding. This xed embedding is added to the output of each layer in the generator after the batch
normalization layers. Similarly, we add the xed embedding to the output of each layer in the discriminator. To
learn the conditional distribution, along with predicting whether a sample is real or fake, we also predict the logit of
each categorical metadata, similar to (Odena et al., 2017). In our training experiments, we noticed that predicting the
metadata category for the fake sample results in poor-quality samples. Hence, during training, we only predict the
category for the real samples.

« For the Air Quality and Traf ¢ datasets, we appended the inputs to the generator and discriminator with the metadata
conditions.

For all the datasets except the Air Quality dataset, we used min-max normalization to transform the time series samples to
lie between -1 and 1. For the Air Quality dataset, we used the standard zero mean, unit variance normalization.

A.5.2. WAVEGAN IMPLEMENTATION DETAILS

We train the WaveGAN model for all the datasets with a learning ratk0of and store the checkpoints after every

100 epochs. We sampled&-dimensional random vector for the Electricity, Air Quality, and Traf c datasets ab@0a
dimensional random vector for the ECG dataset. This vector serves as the noise input to the generator. We used the
PyTorch implementation (Link to the repo) and the code from (Alcaraz & Strodthoff, 2023) to implement WaveGAN.

We adjusted the number of parameters in the generator and discriminator to roughly match the siZewE QWEAVER

models.

« For the Air Quality dataset, the total number of trainable parameters in the GAN model is 15.2 million, and the
generator has 8.51 million trainable parameters.

 For the Traf ¢ dataset, the total number of trainable parameters in the GAN model is 13.7 million, and the generator
has 7.017 million trainable parameters.

« For the Electricity dataset, the total number of trainable parameters in the GAN model is 13.3 million, and the generator
had 7.17 million parameters.

 For the ECG dataset, the total number of trainable parameters in the GAN model is 40.9 million, and the generator has
21.36 million parameters.

We chose the checkpoints that provided lower values of J-FTSD on the test data set.

A.5.3. PULSE2PULSE GAN IMPLEMENTATION DETAILS

We train the Pulse2Pulse GAN model in the same manner as WaveGAN for all the datasets, with a learniriréte of

and store the checkpoints after every 100 epochs. Here, the noise input to the generator has the same dimensions as the time
series sample that we want to generate. We adjusted the number of parameters in the generator and discriminator to roughly
match the size of our iIME WEAVER models.

 For the Air Quality and Traf c datasets, the total number of trainable parameters in the GAN model is 14.1 million,
and the generator has 7.45 million trainable parameters.

 For the Electricity dataset, the total number of trainable parameters in the GAN model is 16.9 million, and the generator
has 8.4 million parameters.

« For the ECG dataset, the total number of trainable parameters in the GAN model is 43 million, and the generator has
23.47 million parameters.
A.5.4. ADDITIONAL GAN BASELINES
In addition to WaveGAN (Donahue et al., 2019) and Pulse2Pulse GAN (Thambawita et al., 2021) models, we experimented
with TTS-GAN (Li et al., 2022) and the well-established TimeGAN (Yoon et al., 2019) models. Unfortunately, we were
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unable to train these models to generate quality samples. These models were likely challenged by higher input time series
lengths than their original implementation. For example, TimeGAN and TTS-GAN consider time steps up to 24 and 188,
respectively, while we consider time steps up to 1000. A similar problem was also faced by Alcaraz & Strodthoff (2023).
We include our training examples after 10000 epochs for the Air Quality and Traf ¢ datasets in Fig. 9.

Figure 9.TimeGAN and TTS-GAN failed to generate realistic samples after 10000 epoch$his gure shows the samples generated
from the test dataset after 100, 1000, and 10000 training epochs, varereandrow 2 correspond to TTS-GAN and TimeGAN,
respectively. We can see that both models fail to generate high-quality realistic samples.

A.6. Evaluation Metrics

In this section, we brie y describe the details regarding the evaluation metrics, i.e., TSTR (train on synthetic test on real)
and J-FTSD.

A.6.1. J-FTSD [ETAILS

For the Electricity, Air Quality, and Traf ¢ datasets, the horizon is 96, L = 96. So, we consider time series and metadata
patches of length ,..ch = 64. Consequently, we obtain the time series and the metadata embeddings for these patches using

time @Nd mets respectively. We compute the J-FTSD metric from these embeddings using Eg. (6). For the ECG dataset,
since the horizon is 100Q,pachis set to 256.

One important detail is that the feature extractokg,e, and nets are trained on the entire dataset. This was done to ensure
that the feature extractors could effectively obtain the metadata-speci ¢ features, improving the evaluation process. For
example, if the feature extractors were trained only on the train and validation sets, they would not be able to detect unique
trends in the test set.

A.6.2. TRAIN ON SYNTHETIC TEST ONREAL (TSTR) METRIC DESCRIPTION

For TSTR, we use a standard ResNet 1D (He et al., 2016) architecture. We pick the most physically relevant categorical
metadata category for the classi cation task for each dataset. To this end, we performed the following classi cation tasks:

20



