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1 InstantML and AutoML Concepts  

1.1  Time-series Modelling is Challenging  
The omnipresence of big data across various domains has motivated many 
stakeholders to make the most of their data and to standardize data exploration and 
model building and deployment process. This demand triggered research and 
development of automated machine learning (AutoML) tools and methods that aim 
to make machine learning accessible to non-machine learning experts. While 
automation is one of the foremost selling points of AutoML a surprising level of 
human involvement is still required with lengthy back-and-forth loops.  

As many data scientist experienced of all Machine Learning tasks, time series data 
modeling stands out in terms of complexity and workload.  Time series data often 
come in large quantities and have the property of “changing over time". As such 
automation of time-series modelling stands out and is distinguished by being 
particularly challenging. Most AutoML offerings concentrate a on hyper-param 
search where AutoML solutions scan through different ML libraries, create models, 
and tune their corresponding hyper-parameters. In time-series modelling, however, 
synthesis and identification of significant features (often referred to as feature 
engineering) with an overall modelling framework (how to address changing 
dynamics in time-series, dynamic data alignments, multi-horizon and multi-
situational forecasts, etc.) are far more important than a choice of a modelling 
technique and its associated hyper-parameters. Even modelling techniques that can 
incorporate temporal patterns like RNNs, LSTMs, DeepAR, or Transformers often 
benefit from feature engineering. 

1.2  InstantML 
Tangent Works (TW) identified this challenge and developed a software solution 
that entails a model-building framework to addresses time-series modelling 
problems. TIM (Tangent Information Modeler) is an automatic model building and 
inference software system for time-series forecasting and anomaly detection where 
a single pass through the data generates one single high-quality model. The term 
InstantML is introduced here to refer to modelling strategies that synthesize and 
identify features rather than a modelling technique and its hyper-parameters and 



Concept InstantML and Its Comparison to AutoML - page 4 
 

that are significantly faster requiring only seconds, up to a few minutes on  standard 
hardware than a typical AutoML session.  

 

Figure 1: Model building process with automatic feature engineering, model 
estimation, and model assembly in InstantML. 

1.2.1 Feature engineering and model building 
Feature engineering (FE) is a process of creating new variables (features) from raw 
explanatory variable candidates so that the new variables (features) explain more 
variance of a target variable than raw explanatory variables alone. A typical 
example is a time lag where, e.g., feature temperature(t-4) is a better candidate than 
the original temperature(t). There are many different features one can think of, and 
each dataset often requires different and individual features to be used to obtain 
results that are satisfactory. FE is undeniably a complex and tedious process.   

Major AutoML offerings do not include FE for time-series, which significantly reduces 
an overall automation and ability to produce accurate time-series models. The 
benchmark section of this paper illustrates this importance of FE and shows how 
AutoML solutions that are merely throwing different algorithms and associated 
hyper-parameters at the data at hand actually perform.  
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1.2.2 Framework for multi-situational multi-horizon 
forecasting 

Fig. 1 depicts InstantML model building process. The model building process starts 
with an empty modelZoo which is an assembly of models that may be dispatched 
for a particular step of the forecasting horizon or situation. As a starting point, there 
is no model to dispatch, so the model building loop is carried out. Alignment of user 
data in time is checked as individual columns may have their data available for 
different time stamps. It is important to consider  these constraints  when creating 
certain type of features, like time lags etc. to ensure that only plausible features are 
synthesized. Automatic FE, which  is  the next step in the process, entails synthesis 
of plausible features and selection of the most important ones. The identified 
features are then used to estimate a general additive model (GAM) that is included 
in the modelZoo completing the model building loop. 

A single loop of this process therefore typically builds a model for a particular step in 
multi-horizon forecasting or detection, e.g., a day-ahead forecast with hourly data is 
likely to produce 24 individual models, each accounting for a dynamic at a particular 
hour of a day.  

Multi-horizon forecasting has been recognized as an important and challenging 
task. Complexity often varies heavily with different horizon steps. Forecasting traffic 
in a city is  relatively simple during night hours but might require a complex model 
during morning hours and the rest of a day. Multi-horizon forecasts have been 
traditionally addressed by multi-output models or recurrent strategies. Multi-output 
models are, however, often complex and difficult to train. Moreover, it is difficult to 
get insights  into the complexity of different horizon steps. On the other hand, 
recurrent strategies are prone to diverge quickly after only a few update steps which  
renders them impractical for a broader adoption. 

InstantML framework addresses these issues, and an individual model may 
automatically be built for each step of a forecasting horizon. The framework 
recognizes different forecasting times and their associated arbitrary data 
alignments too. It is often the case that data receives updated values for more recent 
timestamps several times a day. Tapping into those situations often means building 
another set of multi-horizon models that account for a particular situation.  

This overall framework enables transparent and efficient model building and 
inference routines that address the important topic of multi-situational multi-horizon 
forecasting. Fig 2 shows the overall InstantML framework. 
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Figure 2: Overall multi-situational multi-horizon InstantML framework with model 
building and inference loops. Automation of model building loop and multi-
situational multi-horizon model dispatch loop enable users to treat time-series 
modeling as a DevOps problem. 

1.3  AutoML hyper-parameter search 
It is worth pointing out where the AutoML hyper-parameter search stands in the 
overall InstantML process. It might be surprising to see that AutoML search concerns 
the model estimation step of the model building loop only (Fig. 2). It is easy to see 
that some other crucial steps are not covered by AutoML search. 

It is also worth mentioning that in some cases automatic FE of InstantML might 
serve as an input to AutoML search in some tasks. This strategy is pursued by few 
ML vendors. Obviously, this approach is taking away automation, speed, and ability 
to iterate quickly, which is crucial in many applications, e.g., re-building models on 
volatile foreign exchange data, quick data exploration etc. TW has not pursued this 
development yet as GAM models have proved to provide sufficient flexibility for 
many different datasets across various domains.  However, users of TIM Platform 
will be able to export identified features and use them as inputs in any of their ML 
pipelines if required. 
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2 Benchmarks  

This section provides benchmarks using TIM InstantML, Azure AutoML, AWS 
SageMaker and its build-in algorithm for time-series DeepAR with hyper-param 
search, and Amazon Forecast. These tests aim to see how solutions that  offer 
automation as one of the foremost selling points perform across different scenarios. 
Cross-industry datasets with varying rates of sampling, forecasting horizons, and 
data alignments are used for this purpose. All of the solutions were tested in default 
settings in low effort mode. Detailed technical descriptions and associated 
notebooks are available in the Appendix of this paper. The following table provides 
a basic description of the datasets. 

Dataset Forecasting horizon Sampling rate 
Belgian electricity grid 24 samples (hours) = 1 day ahead forecast Hourly 
Inventory management 14 samples (days) = 2 week ahead forecast Daily 
Electricity price 24 samples (hours) = 1 day ahead forecast Hourly 
Metro traffic 168 samples (hours) = 1 week ahead forecast Hourly 
Forex 1 sample (days) = next day forecast Daily 
Production quality 1 sample (hours) = next hour forecast Hourly 

2.1  Accuracy and consistency benchmarking 
Figure 3 provides out-of-sample accuracies for each provider and each 
corresponding dataset. Weighted mean average percentage error (WMAPE) is used 
to calculate the errors. Empty cells denote the cases where it was not possible to 
create a model using a selected provider. These cases are linked to the constraints 
on data alignment or the number of predictors etc. that are not supported by a 
particular provider. 
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Figure 3: WMAPE is used to measure the accuracy of out-of-sample fit over several 
different datasets. Empty cells denote scenarios where a particular solution could 
not be applied. 

The goal of this exercise is to look at a variance of accuracies for each solution 
across the datasets and for a consistency of results. Users running an automated 
solution might not be interested in getting the best possible (often) micro-optimized 
results all the time but are rather interested in the consistency of results. 

For Azure AutoML, we see a good accuracy with the inventory management and 
metro traffic datasets. It is, however, the worst-performing provider for the electricity 
price dataset with a significant delta to other solutions. AWS SageMaker DeepAR is 
the worst performer in all but the electricity price forecasting, ranks second with still 
a significant gap to the first accuracy. Amazon Forecast was applicable only in two 
scenarios where it performed close to AWS SageMaker. TIM InstantML is, on the 
other hand providing 2x to 5x gains in accuracy on the Belgian electricity grid, 
electricity price, and production quality datasets if compared to the other providers. 
TIM is the only solution that can handle arbitrary data alignments and hence, is also 
applicable to Forex and other possibly streaming data. On inventory management 
and metro data, TIM is performing close to Azure AutoML, showing an excellent 
overall consistency across the entire test. 
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2.2  Timings benchmarks 
The next important metric for users of automated ML solutions is calculation time. 
Users must commit to it upfront before even knowing whether a model will work or 
not. Moreover, in time-series modelling, models are required to be re-built often what 
emphasizes the training cost even further. Lengthy AutoML sessions prevent agility 
and may introduce a lot of unproductive paths. On the other hand, the ability to 
iterate quickly is key to efficient just-in-time data exploration and model building. 
Here TIM is a clear winner offering computing times in seconds or a few minutes at 
most. Figure 4 plots the timing details.   

 

 

Figure 4: Model building times in minutes. 

0

50

100

150

200

250

300

350

400

Belgian
electricity

grid

Inventory
manageme

nt

Electricity
price

Metro
traffic

Forex Production
Quality

InstantML 0.5 0.2 0.9 5 0.23 0.5

Azure AutoML 21 17 29 33 31

AWS SageMaker 305 251 133 373 230

Amazon Forecast 99 109

M
in

u
te

s

Model building timings

InstantML Azure AutoML AWS SageMaker Amazon Forecast



Concept InstantML and Its Comparison to AutoML - page 10 
 

3 Summary: Why are Consistency, Automation 
and Speed Important? 

The benchmarking results show how automated feature engineering and model 
assembly are important for time-series modelling.  

3.1  Consistency of results enables better 
automation 

The variance of the quality of data analysis by ML practitioners with different 
backgrounds can be significant. This is expected and generally accepted 
observation and a motivation for having more standardized and automated way for 
model building. Consistency of results across various datasets is, thus, an expected 
and desired quality of an automated solution. Fig. 3 shows that while some AutoML 
solutions can produce acceptable results on selected datasets, the overall variance 
of results can be extremely high, providing unsatisfactory results for other datasets. 
For time-series, TIM InstantML provides an unprecedented consistency that 
significantly improves productivity excellence baseline and democratizes time-series 
data exploration and model building across organizations. 

3.2  Speed enables efficient data exploration 
Being able to analyze data and create models fast matters and often prevents a lot 
of unproductive paths. With any data, we often do not know upfront whether there 
is a value in them at all. Running a lengthy AutoML session is simply too expensive 
both from the computing time point of view (that comes with associated cloud cost) 
and human productivity, not to mention the consistency problem discussed earlier. 
The ability to iterate quickly is undeniably a key to significant gains in productivity  
for any machine learning practitioner, including a skilled data scientist. 
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3.3  Consistency, automation, and speed enable 
just-in-time data analytics and ML DevOps 

The combination of consistency, speed, and high level of automation that InstantML 
provides, allows  just-in-time modelling for time-series  . This unique ability has 
several applications worth mentioning. 

Business users and citizen data scientists with limited ML experience and different 
backgrounds can build high-quality models quickly and truly automatic, often 
removing the  necessity for many back-and-forth loops. 

Create models and associated forecasts just-in-time can be triggered not only by 
humans but also automatically by a process. This allows users to address time-
series ML model development and operations cycle (ML DevOps) efficiently even on 
highly volatile data streams with uncertain and varying data alignments. Such ML 
DevOps pipelines with just-in-time model building enable truly resilient forecasting 
or anomaly detection also for IT engineers with little mathematical background. 
Consistency, speed, and automation shift the game from tedious back-and-forth 
loops to a streamlined ML DevOps process. 

3.4  Green AI 
InstantML is sometimes referred to as environmental green AI because it runs on 
standard hardware with no need for GPU clusters. Computing times are short 
thanks to the design, not due to the underlying hardware. Less computing power 
results in lower carbon footprint and makes InstantML a truly sustainable AI. 

This is an area where TIM InstantML introduces significant advantages protecting 
user from lengthy and possibly unproductive sessions that require a lot of computing 
resources. 

  



Concept InstantML and Its Comparison to AutoML - page 12 
 

4 Future Work 

4.1  Predictive Conversational AI 
A question like “Are there any anomalous trends in my US sales data in 2020?” or 
“How many beers I am likely to sell next two weeks in Belgium?” can be turned into 
a TIM InstantML API call just-in-time with conversational AI systems. TIM can then 
respond just-in-time to upgrading conversational AI systems to their predictive form. 
The just-in-time quality of InstantML is of crucial importance here as a user can ask 
any question, and there is no time to run a lengthy AutoML session that may yet 
yield inconsistent results.  

4.2  Including more datasets and AutoML providers 
We plan on expanding the datasets and AutoML providers (like Google AutoML) so 
that benchmarks are augmented with additional tests.  
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