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Abstract. Traditional historical data analytics is at risk in a world where volatility, uncertainty, complexity, and ambiguity
are the new normal. While Streaming Machine Learning (SML) and Time-series Analytics (TSA) attack some aspects of
the problem, we still need a comprehensive solution. SML trains models using fewer data and in a continuous/adaptive way
relaxing the assumption that data points are identically distributed. TSA considers temporal dependence among data points, but
it assumes identical distribution. Every Data Scientist fights this battle with ad-hoc solutions. In this paper, we claim that, due
to the temporal dependence on the data, the existing solutions do not represent robust solutions to efficiently and automatically
keep models relevant even when changes occur, and real-time processing is a must. We propose a novel and solid scientific
foundation for Time-Evolving Analytics from this perspective. Such a framework aims to develop the logical, methodological,
and algorithmic foundations for fast, scalable, and resilient analytics.
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1. Introduction

From drilling in an oil ring to managing traffic, from how doctors diagnose a disease to performing
financial operations, the growing ability to collect, integrate, store, and analyze massive data fuels scien-
tific breakthroughs and technological innovations. Recently, Machine Learning (ML) models exhibited
or even surpassed human-level performance on individual tasks, e.g., Atari games [41] or object recog-
nition [38]. Although these results are impressive, they are obtained from static models incapable of
adapting their behaviour over time. As such, this requires restarting the training process each time new
data becomes available (a.k.a. stateless retraining). In our dynamic world, this practice quickly becomes
intractable for data streams or data, more generally, that may only be available temporarily due to stor-
age constraints or privacy issues. Data streams call for novel stateful systems that adapt continuously
and keep learning over time. The urgency of this capacity is all the more remarkable if we consider that,
despite the continuous advances in storage technology, already in 2025, the demand for storage will
outstrip storage production by one order of magnitude. Seagate predicts that this exponential inflation
will require analyzing almost 30% of global data in real-time [37].

Moreover, in a growing number of markets where the demand for products was stable or even lin-
ear, the period in which the products are saleable is now short and seasonal. Finally, when changes
hit, organizations that employ traditional stateless analytics techniques that rely heavily on historical
data discover that their models are no longer relevant, resulting in a performance decrease. COVID-19
is one of those changes. As a consequence of the pandemic, many datasets became useless, causing
several Pre-COVID-19 models to be no longer valid (src. Gartner [33] and MIT Tech Review [22]).
Indeed, the typical assumption that data points are independent and identically distributed (i.i.d.) holds
no longer. Historical data analytics, which counts on i.i.d., is at high risk. This particular non-stationary
phenomenon is called concept drift [44].

Streaming Machine Learning (SML) [6] is the most popular stateful system. It incorporates one sam-
ple at a time, incrementally updating the model instead of retraining it anew. To cope with the stream’s
unboundedness, each instance, once used, is discarded. Moreover, in the SML framework, we can find
models that only learn the underlying concept incrementally, without tackling concept drifts (Incremen-
tal Learning) and models that use a concept drift detector to adapt their already acquired knowledge to
new concepts (SML).

A shared need is emerging for a novel type of Time-Evolving Analytics that:

R1. is not limited to a specific setting, i.e., it does not focus on a specific problem (e.g., only classifica-
tion), but includes supervised, semi-supervised and unsupervised problems;

R2. makes high-order predictions,' i.e., exploiting dependence in the sequences that spans multiple
time steps and multiple scales from seconds/minutes to months/years;

R3. predicts multiple possible future outcomes., i.e., in a complex and uncertain world, the most prob-
able outcome may be insufficient, and the ability to predict and evaluate the likelihood of each
prediction becomes crucial;

R4. continuously adapts to changes, i.e., in a volatile world where data often have statistics that evolve,
forgetting or ignoring past data becomes crucial;

RS. learns statefully, i.e., the ability to detect patterns on the fly without the need to store all the data
and pass through them multiple times is crucial; ideally, algorithms should learn from one data
point at a time before discarding it; and

IThe term order refers to Markov order.
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Table 1

Ditference between offline machine learning, incremental learning, streaming machine learning, time series analysis, and time-
evolving analytics framework

ii.d. ii.d. data Time-dependent Evolving Not i.i.d.
dataset stream time series data stream data stream
Offline Machine Learning v X X b 4 X
Incremental Learning 4 4 b 4 X X
Streaming Machine Learning v v b 4 4 b 4
Time Series Analysis v b 4 v b 4 b 4
Time-Evolving Analytics 4 v 4 4 v

R6. does not structure the model a priori but allows the number and nature of the parameters to
evolve.

As Table 1 shows, there are clear distinctions about each existing model’s type of data. The difference
between time series and data streams may be questioned. Indeed, time series may commonly arrive in the
form of online data and thus can be treated as a data stream. Another way of seeing it is that data streams
may often involve temporal dependence and thus be considered time series. Undoubtedly, the most
general scenario is to handle not i.i.d. data stream. Offline Machine Learning deals only with independent
and identically distributed data, not addressing neither R4 nor RS. Incremental Learning does not adapt to
changes (R4), despite addressing R5. Moreover, while Streaming Machine Learning (SML) and Time-
series Analytics (TSA) attack some of these challenges, we are far from a comprehensive solution.
SML trains models stateful way [6] (R5) also adapting to concept drift occurrences (R4), i.e., relaxing
the assumption that data points are identically distributed but still assuming that there is no temporal
dependence. Hence, it does not address R2. In this specific case, the stream takes the name of evolving
data stream, containing concept drifts but no (assumed) temporal dependence. On the contrary, TSA
considers temporal dependence among data points [10] (R2), but it assumes identical distribution. Thus,
it does not address R4. Indeed, every Data Scientist fights these challenges with ad-hoc solutions.

In particular, the contributions of this paper are the following:

e We provide empirical evidence using the well-known Electricity dataset [21] that the contempora-
neous presence of changes in the data distribution and temporal dependences puts ML, SML, and
TSA at risk of being ineffective. In particular, we introduce a new experimental methodology that
extends previous analysis [4,50] adding ML, analyzing models’ accuracy over time, and tracking
their resource usage.

e We envision a new framework (namely, Time-Evolving Analytics) that keeps models (R1) relevant
even when changes occur (R4), and real-time processing is a must (R5).

e We explain why such a framework has the potential to pave the way for the development of a
new generation of sequential models that embed high-order temporal dependence (R2) and predict
multiple possible futures (R3) without a fixed model structure (R6).

e We indicate the characteristics of a unifying model for Time-Evolving Analytics that does not as-
sume i.i.d. and a unifying methodology that can guide practitioners in systematically addressing the
requirements listed above.

The remainder of this paper is organized as follows. Section 2 discusses the need for Time-Evolving
Analytics, overcoming the currently existing limitations. In Section 3 we give an overview of the main
works about the temporal dependence in time series and data streams. In Section 4, we detail the exper-
iments that support the thesis about the need for a new analytic. Section 5 presents the main challenges
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and benefits that may arise with Time-Evolving Analytics. Section 6 outlines the desiderata of the en-
visioned model and methodology. Finally, Section 7 discusses the main takeaways regarding research
opportunities and challenges explored throughout the paper.

2. Time for a principled solution

For Computer Science, the 2000s have seen the Big Data industry’s come-of-age and the correspond-
ing scientific field at the intersection of High-Performance-Computing, Databases, and Machine Learn-
ing. New technology concepts are formulated and quickly transferred into products. The scientific com-
munity struggles to keep the industry’s pace, lingering considerably.

For instance, take the case of nowcasting. The term is a contraction of “now” and “forecasting.” It
originates in meteorology, referring to the need for weather forecasts that are time and space specific
for periods less than a few hours [47]. However, it is an active research field also in economics [19],
epidemiology [24,48], and energy [49], just to cite a few. These forecasts are particularly hard because
the i.i.d. assumption hardly holds, multiple temporal dependencies are present, and changes (both in data
distribution and the order of the temporal dependency) are frequent. As a result, past data are often of
little practical interest (i.e., forgetting them is valid). However, a method can be effective only by selec-
tively remembering recurring patterns and seasonal effects. Moreover, even if the ideal forecast should
be crisp, the uncertainty is so high that the only viable solution is to generate alternative predictions with
an associated confidence level. Last but not least, nowcasting also means massive flows of observations
that we had better process incrementally than in large batches.

We claim that the rapid and ad-hoc solutions appearing on the market® cannot provide long-term
foundations and will fail to adapt models fast enough in the volatile, complex, and uncertain future that
awaits us [37]. We argue that academia has a crucial role in setting and developing the new course, even
more than for Big Data. Even if designed by phenomenal data engineers and data scientists, Industrial
Solutions are prone to fail due to the complexity of the problem and the lack of basic principles. We,
therefore, propose to develop the foundations of Time-Evolving Analytics.

Time-Evolving Analytics relies on formalizing a unifying framework that pivots from TSA and SML
to a class of analytics operating with time-dependent data streams and online adaptive techniques. There
is a need to reassess the theoretical framework to ensure learning conditions in these online scenarios.
The Empirical Risk Minimization Principle (ERMP) [45] represents one of ML’s most critical formal
steps to ensures its learning conditions. Given the Law of Large Numbers [13], a set of assumptions
must hold to guarantee learning; otherwise, the ERMP becomes inconsistent. Notably, the underlying
distribution is fixed, so it does not change with the data sampling; otherwise, convergence could not
be ensured, given that samples would follow a different probability distribution. Second, all data points
must be independent and identically distributed. Both assumptions limit learning in online scenarios,
where the joint probability distribution can change over time, and data observations will most certainly
present some degree of dependence. It is thus crucial to formalize a time-centered framework to make
the ERMP consistent so that learning can be theoretically ensured.

2For instance, DeepMind claims to be able to forecast the next hour of rain using a deep generative model [35].
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3. Related work

Learning in a non-stationary environment is a big challenge for current ML methods. Algorithms that
learn to optimize sequentially predictive models over a stream of data have been extensively investigated
in the online learning setting [40]. Nevertheless, online learning assumes an i.i.d data sampling proce-
dure and considers a single task domain, which sets it apart from what is necessary for these scenarios.
Indeed, the above requirements call for stateful systems that continually learn over time [12]. Notably,
the evolving nature of data streams in many real-world applications, such as transportation, smart home,
computer security, and finance [51] motivates the relaxing of the assumption of identically distributed
data, defining the concept drift [44]. Most existing SML works focused on drift detection and adapta-
tion, proposing several drift detectors and stateful adaptive algorithms [28]. Despite their efficiency in
detecting changes in data streams, the underlying assumption of the above methods is that data points
are generated independently from other data points in the same stream.

Empirical experiments [4,50] have shown significant temporal dependencies among data points in a
data stream. The main issue resulting from such time dependence is that supervised learning has no guar-
antee according to the Statistical Learning Theory [45]. This means that any supervised model trained
on top of those dependent data produces some inconclusive model since data are not sampled in an
i.i.d. fashion. Only a few works directly addressed the problem of temporal dependence under these cir-
cumstances. Some works suggested handling temporal dependence by using adaptive estimation with a
so-called forgetting factor, i.e., the importance of a data point in a stream is inversely proportional to its
age [9]. However, these approaches are partial solutions that do not adequately consider how data points
relate to each other over time. The effects of time upon streams are thus relatively unexplored in this
scenario. At the time of this writing, there are very few investigations in assessing temporal dependence
in SML literature, as Change Point Detection [4,15,36,42,50]. Finally, to ensure data independence, dy-
namical system tools can reconstruct the input space to represent all dependencies in terms of a new
set of dimensions [11]. Notably, the Takens’ embedding theorem [43] guarantees to obtain a multidi-
mensional space of the data stream where the i.i.d. assumption holds so learning can be theoretically
ensured.

TSA provides a fundamental background to support developments in these scenarios. Indeed, it deals
with sequences of data points having a temporal order, where previous signal values present the primary,
sometimes the only, source of predictive information. Effectively, according to auto-regressive models,
the observations of a time series are regressed on their past lags. Another way TSA approaches incor-
porate past information is by using moving average models, which use past forecast errors as predictors
in a multiple regression model. Auto-correlation functions assess the presence or the absence of tem-
poral dependence. The preprocessing of the time series is usually done through transformations such
as the Box-Cox method [39] for stabilizing the variance or differencing operations to remove trend or
seasonality to turn data i.i.d., or, in TSA terms, to make the time series stationary.

At the same time, TSA models assume that data are stationary. The analysis is assumed to be offline
with batch data without any requirement (inherent to streams) for low memory and low processing time
per data point. For instance, existing algorithms for estimating ARIMA parameters, such as least squares
and maximum likelihood-based methods, require access to the entire dataset in advance, violating a data
stream principle and making it impossible to deal with concept drifts. So far, only a few investigations
adapted the original algorithm to learn incrementally [1,27]. Nevertheless, more than simple incremental
learning is typically required in a streaming context; it does not satisfy real-time analytics’ time and
memory requirements nor implement any technique to tackle data streams’ evolving nature.
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4. Experiments

We performed several experiments comparing traditional ML, TSA, and SML techniques to support
our thesis.> We looked for a popular benchmark that resembles a nowcasting problem and selected the
Electricity dataset [16,21]. The dataset comes from the Australian New South Wales Electricity Market.
It contains 45, 312 instances that record electricity prices at 30-minute intervals. In origin, it was a time
series, but the authors of the dataset turned it into a binary classification problem where the class label
identifies the price change (UP or DOWN) related to a moving average of the last 24 hours. The dataset
has 8 attributes: 3 refer to time (date, day, period), 2 refer to the electricity price in the New South
Wales and Victoria regions (NSWprice, VICprice), 2 refer to the electricity demand in the New South
Wales and Victoria regions (NSWdemand, VICdemand), and the last refers to the scheduled electricity
transfer between both states (transfer). From [8], two observations can be made about this dataset. Firstly,
data are not independently distributed over time; they have a temporal dependence. Due to electricity
consumption habits, data are heavily auto-correlated, with prominent cyclical peaks every 48 instances
(24 hours). Secondly, due to changing patterns, unexpected events, and seasonality, the prior distribution
of classes in this data stream is changing, i.e., data are subject to concept drift. Moreover, [50] tested
several models with different orders and showed that the models with an order greater than 2 did not
improve the results.

In our tests, as Fig. 1 shows, we use the ADWIN drift detector [5] to detect the concept drifts and
divide the stream into segments referring to the same concept. In the case of the ML and TSA methods,
we simulate the practice to monitor the performance of the deployed models and retrain them as soon as
a concept drift occurs. For this reason, we use a landmark window incorporating a new stream segment
after every drift. At the first iteration, the window contains the first segment. We hold out as testing
set the last 48 samples (i.e., 24 hours) and use the remaining part as the training set. In this way, we
preserve the temporal correlation among data. Then, we add the second segment to the window, we
retrain the model from scratch using the entire window (two segments) except the last 48 samples of
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Fig. 1. The figure illustrates our method to collect experimental evidence to support our claims. The graph at the top shows the
distribution of the label over time in the original Electricity dataset: the denser the bars, the more often the label changes. We
used the ADWIN drift detector [5] to identify 131 concept drifts then sliced the dataset at each concept drift. We train and test
models using a landmark window that starts with the first slice and grows broader a slice at a time.
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3https://github.com/TimeEvolvingAnalytics/Electricity-Analysis
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the new segment added, and we test it using the 48 samples kept apart. We repeat this process for every
segment.

Instead, for the SML models, we use the 5-fold distributed prequential cross-validation [7] to incre-
mentally update them with the new segment instead of retraining the models from scratch. However,
we reset the metrics for each new segment to make the comparison fair. We applied this approach to
simulate a common practice among the practitioners, i.e., trying to understand how a model performs
only on new data, possibly representing a new concept, without considering the older data. For all the
models, we used the standard hyperparameter values proposed by the libraries used (Scikit-learn* for
ML models and River’ for the SML and TSA ones).

We use the No Change classifier (NC), a.k.a. naive or persistent method in the TSA terminology, as a
baseline. As ML methods, we test the K-Nearest Neighbours (KNN), Naive Bayes (NB), Decision Tree
(DT), Random Forest (RF), Gradient Boosting, Bagging, and AdaBoost classifiers. As TSA methods,
we test the Simple Exponential Smoothing with & = 0.5 (SES¢s), ARMA having both auto-regressive
and moving average equal to 2 (ARMA,,), ARIMA having both auto-regressive and moving average
equal to 2 and 1 differencing order (ARIMA;1,), and SARIMA having both auto-regressive and moving
average equal to 2, 1 differencing order, and seasonality of 48 samples, 24 hours (SARIMA;,) classi-
fiers. Knowing from [50] that the maximum order of significance on temporal dependence was 2, we
used the parameters that maximized the ability of the TSA models to capture all of the information
within the data. Our experiments also tested LSTM, whose performance is in line with the other tested
models. Being extremely memory and time-consuming, we focus on the approaches most suitable for
streaming in this work. We used the streaming version of the TSA models giving in input only the label
as univariate distribution.

As SML methods, we test the Online Naive Bayes, Online K-Nearest Neighbours, Online K-Nearest
Neighbours with ADWIN, Very Fast Decision Tree (VFDT), Hoeffding Adaptive Tree (HAT), Extremely
Fast Decision Tree (HATT), Adaptive Random Forest (ARF), Online Bagging (OB), Online Bagging
with ADWIN (OBapwin), Leveraging Bagging (LB), Online AdaBoost, and Adaptive XGBoost with
both the push (AXGBoostyys) and the replace (AXGBo0OSteplace) Strategy classifiers.

Lastly, we also apply two different temporal augmentations. In the first one, we add 1 or 2 past
labels to the Online K-Nearest Neighbours with ADWIN (SWT10xknN,pwin> SWT20kNNpwin)>  Very
Fast Decision Tree (SWT10vgpr, SWT20vept), Hoeffding Adaptive Tree (SWT10gar, SWT20yar),
and Adaptive Random Forest (SWT10arr, SWT204grr) classifiers. In the second one, we also add
1 or 2 past predicted label as recommended in [14], e.g. algorithms starting with SWT12 means
that use 1 past label and 2 past predicted labels. We applied it to the Hoeffding Adaptive Tree
(SWTOlHAT, SWT1 IHAT’ SWTZlHAT, SWTOZHAT, SWT12HAT’ SWT22HAT), and Adaptive Random For-
est (SWTOIARF, SWTI1 IARF’ SWT21ARF, SWT02ARF, SWTIZARF, SWT22ARF) algorithms.

Figure 2 shows the box plot of the Kappa statistics results achieved by all the evaluated methods,
grouped by types of algorithms (Baseline, ML, TSA, SML, SML Temporally Augmented, and SML
Predicted Temporally Augmented). It is noteworthy that the No Change classifier, here used as the base-
line, is one of the best approaches. Nevertheless, some methods have whiskers larger than the baseline,
resulting in a high variability. This behaviour is highly evident for ML methods that obtain the best
maxima and worst minima. It is also interesting that the Augmented SML algorithms outperform their

“https://scikit-learn.org/0.22/
Shttps://riverml.xyz/0.9.0/
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Fig. 2. Box plot of the Kappa statistics results grouped by types of algorithms (Baseline, ML, TSA, SML, SML Temporally
Augmented, and SML Predicted Temporally Augmented).

respective base classifier. Notably, the methods augmented with the past predictions showed the best
improvements, resulting in high mean and small interquartile ranges.

For this reason, for each group, in Fig. 3, we compared the value over time of the Kappa statistics
of the best and worst algorithm w.r.t. the No Change classifier. Comparing the baseline with the TSA
models, we notice that the Simple Exponential Smoothing algorithm (best TSA) performs similarly to
the baseline, while the ARMA model (worst TSA) is much worse.

Undoubtedly, the label is insufficient for TSA methods, and it is necessary to consider the exogenous
part of the data. For this purpose, there are the ML methods. In some segments, the Random Forest
(best ML) model is better than the baseline, while the Naive Bayes (worst ML) is almost always worse.
Moreover, both models show high and low peaks, indicating a lack of stability. In fact, with datasets
affected by continuous changes over time, as the one tested, there is the need to monitor the performance
and, when they decrease, to retrain the model from scratch using more data.

We used SML models to avoid this problem, both with and without temporal augmentation. We can
observe that, in some segments, the VFDT (best SML), SWT204rr (best SML Temporally Augmented),
and SWT22 g (best SML Predicted Temporally Augmented) classifiers achieve better results than the
baseline. They are more stable than ML models, as they can adapt independently to concept drifts.
However, they are not still the best for the entire experiment. In conclusion, it is not enough to detect a
concept drift, as SML does; there is a need to detect the changes in the temporal dependence over time,
too. SML cannot do so since, once fixed, the number of temporal augmentations cannot be changed over
time.

An essential requirement when analyzing algorithms for data streams is the execution time, which
discriminates the models that use resources most efficiently. Figure 4 shows the execution time over
the segments. It is worth noticing that as ML models accumulate data (the landmark window widens),
the time and resources consumed increase. Instead, SML and TSA online models, being incremental
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Fig. 3. Kappa statistics results achieved over all the segments. The first column compares the best TSA, ML, SML, SML Tem-
porally Augmented, and SML Predicted Temporally Augmented models w.r.t. the Baseline (No Change classifier), while the
second column compares the worst TSA, ML, SML, SML Temporally Augmented, and SML Predicted Temporally Augmented
models w.r.t. the Baseline.

approaches, consume constant time and resources, except for sporadic peaks due to “model adjustments”
for adapting to changes. This analysis indicates that the right way to manage incoming data flows is one
of the incremental models.

5. Challenges and benefits

We must address unique conceptual and technical challenges to succeed in this considerable potential.
The first challenge is to identify a method to ignore past data when a change occurs while retaining
the temporal dependence that still holds. TSA techniques offer solutions to measure auto-correlation
[20]. Still, they assume that data points are identically distributed. Thus, practitioners periodically look
for changes and refresh models accordingly (Fig. 5a). On the other way round, although SML offers a
comprehensive collection of drift detectors [18,28] to adapt to new data when changes occur (Fig. 5b), a
more sophisticated detector is required to monitor temporal dependence and selectively remember past
data.

This leads to the following intriguing questions: given a data stream in which data points present
temporal dependence and changes can occur at any time, can we continuously learn and adapt a model
to keep it relevant? Would different types of changes (abrupt, gradual, and recurrent) make the problem
harder or simpler? What would be the Markov-order impact on the model (i.e., the number of the past
points to consider [34])? To what extent can we harness existing SML and TSA techniques for the task?
What new methods are required? A second complementary challenge is incremental learning with novel
stateful algorithms that process data points as they arrive and then discard them [2]. This challenge stems
from the unbounded nature of data streams and the impossibility of storing them. We need to design
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Fig. 4. Time results achieved over all the segments. The first column compares the best TSA, ML, No Change, SML Temporally
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column compares the worst TSA, ML, SML, SML Temporally Augmented, and SML Predicted Temporally Augmented models
w.r.t. the best SML model.
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Fig. 5. Type of analytics. Each vertical line represents a concept drift occurrence.

single-pass [25] and low-time-complexity [31] algorithms analogously to what is done today in stream
processing, where constant-time and polylog-space-complexity algorithms find a vast application [32].
Moreover, those models will need to explain why the predictions are correct and how much the users
trust them. This is especially true for ambiguous situations where multiple possible future sequence

outcomes are predicted.
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A significant benefit of Time-Evolving Analytics would be continuously and fast adapting models
to changes. The availability of predictive models in situations where historical data analytics fails to
keep models relevant increases the potential for identifying new insights, taking the right decision, and
acting in time. An added reason is the sequential nature of the models Time-Evolving Analytics would
adaptively learn mining the short and long-lasting temporal dependence in the data streams (Fig. 5c).
Practitioners would get a tool to explain fluctuations and predict the likelihood of possible alternative
futures. Time-Evolving Analytics has the potential to simplify what-if analyses in selecting among com-
plex alternatives in a volatile world. Last, developing stateful incremental algorithms that learn one
sample at a time is very important. The smaller the data to process, the less sophisticated and the more
scalable the tools are [31].

6. The envisioned framework

In time-series and data stream abstractions, the temporal aspect carries meaningful information; it thus
requires a novel solution that redefines the theoretical guarantees to make learning from time-dependent
data streams and evolving time series consistent.

6.1. Framework’s desiderata

Starting from TSA and SML’s cornerstones, our envisioned framework formalizes Time-Evolving
Analytics’s foundations. Desiderata of the ideal framework include:

Problem agnostic (RI1). This framework is not limited to a specific setting (e.g., only classification). In-
stead, it includes unsupervised and semi-supervised methodologies. These two domains are particularly
favourable since many real-world data streams do not necessarily provide class labels, or when they do,
labels may be late enough to jeopardize the model update.

No task boundaries (R6). Learning from the input data without requiring clear task divisions makes
this framework applicable to never-ending data streams. Moreover, this large sample size enables de-
termining the model from data with non-parametric approaches where the number and nature of the
parameters can evolve.

Stateful learning (R5). Acknowledging data’s dynamic nature with its volume, variety, and velocity is
at the framework’s core. In such a fast time-changing scenario, it is crucial to stateful detect patterns
on the fly without storing all the data and passing through them multiple times. Ideally, models should
efficiently handle a possible unlimited stream of high-dimensional ever-changing data (i.i.d., evolving,
and not i.i.d. data streams) within bounded computational and memory resources while stateful learning
from one data point at a time before discarding it.

Graceful forgetting (R4). Given the unbounded nature of data streams (i.i.d., evolving, and not i.i.d.
data streams), graceful forgetting of trivial information is an important mechanism to balance stability
and plasticity. Furthermore, it will be possible to revisit previously seen tasks to enhance the correspond-
ing task knowledge by discarding useless information.

Selective remembering (R4). A further challenge is integrating new knowledge while preserving past
information and retaining the temporal dependence that still holds (not i.i.d. data streams), aiming for
a greater generalization over time. Forward transfer or zero-shot learning are essential concepts here,
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highlighting previously acquired knowledge to aid the learning of new tasks by increased data efficiency.
The retained knowledge will also benefit from backward transfer, i.e., continue improving while learning
future related tasks.

Adaptive learning (R4). The framework targets dynamic environments that may change unexpectedly.
Methodologies must continuously adapt to the data distribution over time (evolving and not i.i.d. data
streams). Adjusting to such concept drift represents a natural extension for their learning systems.

Learning sequences (R2). Real-world data streams (time-dependent time series, evolving and not
ii.d.) often contain dependence that spans multiple time steps and scales from seconds/minutes to
months/years. Recognizing and predicting this dependence in the temporal sequences becomes essential
to the model’s capability to make high-order predictions.® Models should learn variable-order temporal
sequences to correlate important patterns that happened many time steps in the past. Finally, an ideal
algorithm should learn the order automatically and efficiently.

Forecasting alternatives (R3). 'The best prediction may not be sufficient in several situations. Indeed,
there may be multiple possible future outcomes for a given temporal scenario. Therefore, algorithms
should output a distribution of possible simultaneous future predictions and the associated confidence
levels. The model can then evaluate the likelihood of each prediction online. In case of substantial un-
certainty, the ability to simultaneously predict and assess each prediction’s probability becomes crucial.

6.2. A unifying model

No consensus exists on which statistical properties hold in a real-time scenario. Practitioners apply
algorithms to data streams with unwarranted assumptions that could invalidate the results obtained.
It is thus necessary to converge on a comprehensive Time-Evolving Analytics model. The framework
must reassess the theoretical setting, formalize strategies for concept drift and temporal dependence, and
conceive a unifying model incorporating temporal dependence.

In literature, most drift detection methods use statistical tests that assume independent data. Temporal
dependence often violates the assumptions of the statistical tests, incorrectly applying them and making
irrelevant the detected changes [4,50]. There is a need to reassess the concept drift detection phase
and the design decisions for change detectors. As for the former, it would be interesting to analyze
the relationships between seasonality, trend, residual error, and concept drift. We should explore the
relationship between concept drift detectors and anomaly detectors, which find rare points inconsistent
with the distribution. Similarities between these areas are evident, and concepts such as zero-positive
learning [26] can be crucial in the presence of rare events for both concept drift and temporal dependence.
As for the latter, Fig. 6 shows a proposal for a new generation of change detectors that, in parallel to
the concept drift detection, discover (i) if there is temporal dependence, (ii) how long this dependence
is, and (iii) in case of temporal dependence changes when one stops, and another starts. Determining
the number of lags in which a temporal dependence exists is crucial to adapt the model as in Change
Point Detection methods [15]. An idea to explore is how to apply the Granger causality test [20] or the
(Partial) AutoCorrelation functions incrementally — for example, using a window containing identically
distributed and dependant data to train a model. When a new drift occurs or data into the window stops
being temporal dependent, the window should slide, and the model should adapt consequently to it.

The term order refers to Markov order.
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Fig. 6. Proposed architecture to manage concept drift and temporal dependence.
6.3. A unifying methodology

More methodologies must be proposed to consider temporal dependence in the data stream while
learning sequences to predict multiple alternative outcomes. The envisioned model alone is useless with-
out the methodology necessary to use its algorithms. Such a methodology must include the capabilities
for training and testing models (but without distinguishing the two tasks), choosing the best hyperpa-
rameter values and model components, and selecting the most appropriate metrics.

Prequential [17] and cross-validated prequential [7] evaluation approaches include a fading factor or
a windowed evaluation to “forget” old predictions performance. This practice works well to handle the
concept drift occurrences, but it is at risk with temporal dependence. Indeed, they consider short-term
dependence but fail to consider long-term ones. The same type of window proposed in Fig. 6 may solve
temporal dependence training and testing problems. Moreover, a new framework for evaluating analytics
solutions for data streams is necessary [25]. In particular, new benchmark streams with several drifts of
various types would ease the parallel training, testing, and comparison of different models. The starting
point for the synthetic data generator is a set of Polya’s Urns [30]. Each urn contains a different number
of black and white balls, depending on the colour. At each timestamp, the generator extracts a ball from
one of the urns without replacing them. An empty urn gets refilled in the initial status unless a concept
drift occurs. In this way, the generator creates sequences for which the exchangeability assumption holds,
but the i.i.d. does not.

AutoML [23] is gaining popularity in the hyperparameter tuning scenario, but only a few autoML
solutions are online in the literature [3,29,46]; none of them considers temporal dependence. A starting
point might be autoML Lifelong ML challenge,’ to define a theoretical formalization that, taking into
account i.i.d. and not i.i.d. data, allows to find the best model for a given scenario. The exploration shall
not be limited to hyperparameters but should include choosing the continuous analysis pipeline’s best
components. If successful, these methodologies will train in parallel and resource-wise efficient ways
different versions of various models and use the window envisioned in Fig. 6 to continuously adapt the
hyperparameter values to stay consistent with the concept drifts and temporal dependence.

7https://www.4paradigm.com/competition/nips2018
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The last point is about metrics selection. During the training phase, model validation is the only way
to monitor the learning progress. Therefore, the correct selection of performance metrics is fundamen-
tal. On the one hand, it would be worth exploring the combination of the K-Temporal statistic [50] with
the (cross-validated) prequential evaluation approach since the combination could give a valuable base-
line metric to address not i.i.d. data. On the other hand, the window proposed in Fig. 6 may represent
a suitable option for the (cross-validated) prequential evaluation approach combined with any chosen
stand-alone metric. This combination could also give a valuable way to evaluate the model when the
1.i.d. assumption does not hold. Moreover, we intend to identify new stand-alone metrics for monitoring
if the model correctly considers temporal dependence during the learning phase. They are missing, and
it is of fundamental importance to develop them.

7. Conclusions

We discussed several challenges that pertain online learning for time-evolving data streams, stressing
the need for a unifying theory between Time-series Analytics and Streaming Machine Learning. These
novel theoretical foundations will be a solid basis for forecasting multiple possible outcomes of a high-
order sequence. Models learned with Time-Evolving Analytics will remain relevant even when changes
like COVID-19 hit, allowing them to compete in volatile and uncertain markets.

We also discussed that the No Change detector can outperform the state-of-the-art ML/TSA/SML
methods used in a classification streaming evaluation. Moreover, SML approaches with temporal aug-
mentation represent only the first reasonable solution to incorporate the temporal aspect into the learning
process. All these results strengthen our claim that when combined with concept drifts, the temporal de-
pendence might significantly impact the learning process and evaluation. Thus temporal dependence
should be considered during the learning process of the models. We hope that this paper will open sev-
eral directions for future research. The lack of such a theory is the root cause of the current inability to
adapt predictive models fast, continuously, and incrementally.
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