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Problems that Fit HTM 
Version 1.0 

 
 
This paper outlines criteria for the problems most likely to benefit from the Research Release of NumentaÕs 
hierarchical temporal memory (HTM) platform.  This paper does not describe the theory or the technology in detail, 
and the reader is referred to www.numenta.com for prerequisite background reading material. 
 
In order to illustrate the criteria described in this paper we have selected a single problem -- an oversimplified model 
of one aspect of an automobile -- to use as an example.  This choice is not intended to imply limitations, but 
provides a way to make sure that the criteria are well understood by giving a tangible example. 
 
The paper is organized as follows.   
 

1.  Overview of problem construction 
2.  Example: car monitoring system  
3.  Criteria to evaluate your problem domain 
4.  Application scenarios 
5.  Strengths of the HTM technology across problem domains   
6.  Selecting your HTM problem  
7.  ÒGut feelÓ checks to evaluate your problem 

 
 
1.  Overview of problem construction 
 
An HTM builds a model of some domain which is a small part of the real world.  Like the neocortex, the HTM 
builds the model by learning from experience which comes from exposure to data received from an array of sensors. 
Note that it is not necessary to think of ÒsensorsÓ in a physical sense.  Sensors also could be structured data files, 
such as stock market data.   
 
The ÒcausesÓ behind the data are not usually evident at the sensory level.  The HTM will find the patterns in this 
data to the extent they exist, and build a model for the data. This model will consist of a hierarchy of interacting 
causes and will approximate the mechanisms that originally generated the data.  In other words, the model will 
identify the causes behind the sensory data. 
 
Natural and man-made dynamic systems tend to have a nested multi-scale organization. In such systems, there are 
large-scale system-level variables, small-scale sub-system-level variables, and levels in between. Often, the larger 
system level variables are slower (i.e. of longer duration) compared to the smaller sub-system level variables. If we 
consider weather systems, for example, winter is a high-level system variable that affects the whole model. During 
winter, there will be local system variables like snowstorms that affect the weather in, say, Minnesota. Although winter 
lasts for several months, the local variations usually last only for days. The weather system can be thought of as a 
hierarchy that is spatial as well as temporal. The higher-level variables like winter correspond to a large spatial area 
and slow temporal variations. Local variations like snowstorms influence smaller spatial areas compared to the large-
scale variables but change at a faster rate. 
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An HTM gains its power from the fact that its hierarchical structure mirrors this nested hierarchical structure of the 
world. The hierarchical structure of the world is temporal as well as spatial. Like the world, HTM represents a 
hierarchy in both space and time.  
 
The simplest way to define what problems suit HTM technology is to say that HTM works best for those problems 
where the data to be modeled is generated by a hierarchy of causes unfolding in time.  This definition usually means 
that the problem can be expressed as a spatial-temporal hierarchy.  However, it is not always easy to understand 
whether a hierarchy exists.  The spatial hierarchy need not mean geographical space, and the interactions of spatial 
and temporal hierarchies can be hard to visualize.  
 
An example will help us ground the concepts of hierarchy in space and time while we discuss the criteria for 
evaluating problems suitable for HTMs.  
 
 
2.  Example:  car monitoring system 
 
For illustrative purposes we will describe a highly simplified car monitoring system. Note that the model we 
describe here is conceptual, and the causes that we construct may not match real world situations. We will focus on 
analyzing the example in order to understand its hierarchical structure.  
 
One goal of this monitoring system is to characterize the driving environment of the car over time: city driving, 
highway driving, heavy traffic, etc.  Such characterization might allow us to enhance performance or safety by 
adjusting the state of other car components.  For example, in highway driving might we might want to deactivate 
some of the cylinders for better fuel efficiency, while in city driving we might want to increase the transmission shift 
points for greater torque during acceleration. 
 
Another application of this system would be to continuously monitor the system at various levels to detect 
surprising situations. Situations that deviate from the normal behavior could be indicative of a component failure. 
For example, if the monitoring system believed it was in one driving environment (highway) but observed the 
engine behaving as it would in another environment (city), it might conclude something is wrong and respond 
accordingly (warning message to the driver, etc).  In section 4, we will describe different applications that are made 
possible by modeling such systems using HTMs. 
   
To make this characterization, our sources of data for this model are temperature, vibration and rotational speed 
sensors.  This model obviously is simplified for instructional purposes; to accurately characterize driving behavior, 
we would ideally want many more data sources. 
 

Sensors: 
Temperature (¡F):  Engine 
Vibration (Hz and amplitude):  Gear box 
Rear wheel speed (RPM):  Left wheel, right wheel 

 
WeÕll examine the system built from these sensors to understand the inherent structure of the hierarchy of causes. 
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A. Causes associated with the rear wheel sub-system   
The speed sensors on the rear wheels tell us both how fast the car is going and also how much it is turning.  The 
average of the two wheel speeds is proportional to the overall speed of the car.  The difference of the two wheel 
speeds tells how much it is turning: on a left turn, the right wheel will rotate faster than the left, and on a right turn, 
the left wheel will rotate faster than the right.  
 
The information gathered from these sensors is useful to give instantaneous values for speed and turning, but is 
even more powerful when observed over time.  For example, we might observe smooth accelerations or rapid 
accelerations.  Or we might observe a small speed differential over a long period of time (gradual turning), or a large 
speed differential over a short period of time (sharp turning).  For simplicity, we will treat the turning rate (gradual 
or sharp) as the primary cause affecting the rear wheel sub-system, though there are many other causes (like 
acceleration habits) that would affect the sensory information observed. 
 

 
Figure 1: H ierarchy of causes associated with the car monitoring system 

This figure shows the hypothesized hierarchy of causes behind the sensor readings in our car monitoring 
system. The system-level causes shown at the top of the hierarchy influence both the engine and wheel sub-
systems. The sub-systems are affected by local causes, which are in turn caused by the system-level causes.   
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B. Causes associated with the engine sub-system  
The engine sub-system reads two modes of sensory input: engine temperature and gear box vibration.  Note that 
different sub-systems in our model might receive heterogeneous inputs (temperature and vibration) while others 
might receive homogeneous inputs (speed and speed).  The HTM can accommodate both. 
 
As the engine strains (under a heavy load, prolonged acceleration, steep hill, etc), the temperature in the engine 
climbs and the vibration in the gear box increases.  As the strain is lessened, engine temperature and gear box 
vibration both fall.  Note again that the trends over time (the rise and fall of temperature and vibration) can tell 
more than the instantaneous readings. 
 
We say that high or low engine strain causes the pattern of temperature and vibration observed at the sensors.  Of 
course in a real system there are likely to be other causes, but we will focus on ÒstrainÓ as the primary cause here.  
 
C. System-level causes:  driving environment 
The cause behind our measurements of wheel speed differentials is the turning rate, and the cause behind our 
measurements of engine temperature and gear box vibration is engine strain. But what caused the engine strain and 
the turning rate?  It is not always the case that two causes in a model will share the same cause Ð sometimes they are 
truly independent.  However, in our example model, we would expect some shared cause between the subsystems 
since they are both part of the same car system and will have related interactions with the rest of the world.  
 
One possibility is that the driving environment is the primary cause of engine strain and turn rate patterns over time:   

¥ When driving on a highway, the strain tends to be low (because rapid acceleration and deceleration are 
infrequent) and the turning rate tends to be gradual (because most turns are smooth lane changes or gently 
curving roads).   

¥ When driving in a city, the strain is higher (because stop-and-go driving requires rapid accelerations and 
decelerations) and the turning rates are sharp (90-degree turns at intersections).   

¥ Finally, when driving in heavy traffic, the strain is low (because the car is frequently idle), while the turning 
rates are rapid (because most turns are quick dodges from one lane to the next). 
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D. Hierarchy of causes 
To review, there are two sub-system causes that affect the data we receive at our sensors: engine strain and turning 
rate.  These causes are local, meaning that the correlations are much weaker across the two sub-systems than they are 
within them.  The differential wheel speed is not caused by the  vibration, or vice versa.  Neither is the differential 
wheel speed entirely independent of the gear box vibration, however, because there is a cause which affects both of 
them.  This cause, we have seen, is the driving environment.   
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Just as we expect these causes to be local in their influence between sub-systems, we also expect them to be local in 
time:  a change in a lower level state only influences a short time span around that change, while a change in a 
higher level state influences a long time span around that change.  Put another way, we expect the causes which 
affect large sections of the system also to persist longer than causes that affect small sections of the system.   
 
This effect is easy to see in the car monitoring system:  the driving environment is stable for longer than either the 
engine strain or the turning rate.  WeÕre generally in a city environment for longer periods of time than weÕre in a 
Òsharp turnÓ environment.  Even though city driving tends to be high-strain and sharp-turn, occasionally the road 
clears and the route straightens É  only to return to zig-zag, stop-and-go É  then another clear.  Critically, though, 
these changes occur more rapidly than changes of the driving environment itself Ð that is, how frequently we 
transition from city to highway to traffic.  Typically weÕll go through several low-level states (sharp to gradual to 
sharp) before we transition at a high-level state (city to highway). 
 
The result of this phenomenon is a hierarchy in time, with high-level causes in time being composed of many lower-
level causes in time.  This outcome is best visualized in the diagram of Figure 2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: Temporal hierarchy of causes 
Many dynamical systems have the property that causes affecting large sections of the system also tend to 
persist longer compared to causes that are local.  This figure illustrates this property in our hypothesized 
hierarchy of causes behind the car monitoring system.  The high-level cause here is the driving environment.  

 
 
 
We will describe the spatial and temporal properties of these causes again in the context of the criteria for evaluating 
the suitability of a problem for HTMs. 
 
Our car monitoring system is, of course, an oversimplified example.  In real applications there would be more high-
level causes such as additional driving environments (hilly road, flat road, heavy load, etc.), more sensors (gear box 
temperature, engine speed, vehicle upslope/downslope indicator, etc.), and more levels of causes in the hierarchy.    
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3.  Criteria to evaluate your problem domain 
 
A system that is organized as a hierarchy of causes has certain properties.  You should look for these properties to 
identify problems suited for HTMs. 
 
A.  Spatial hierarchy:  data generated by common sub-causes are highly correlated. 
In any domain, there will be high correlation between the data from sensors that are directly affected by the same 
low-level causes.   There will be some correlation, but less, between the data from sensors that are affected by the 
same higher-level causes.  This result is because, in addition to the global high level causes, those data also will be 
affected by local low-level causes.  
 
In our vehicle sub-system example, the speed readings from the two wheels are likely to be highly correlated with 
each other compared to the readings from one wheel and from the engine temperature.  While there is a correlation 
between the wheel sensor readings and the engine sensor readings due to the higher-level cause (driving 
environment) affecting both the engine and the wheels, this correlation is weaker than the correlation between the 
sensor readings from two wheels.  
 
In many domains, the sensors that are influenced by the same cause also tend to be located in geographic proximity.  
For example, in a photographic image, geographically adjacent pixels are more highly correlated than geographically 
distant pixels because pixels that are nearby are more likely to be caused by the same cause compared to pixels that 
are far apart. In the vision case, the lowest level of the hierarchy is bits of light on your retina, or a small pixel array 
on an electronic image.  Those pixels become colors, textures, lines and shapes at the next level, and then parts of 
objects such as tails, heads, and paws, and ultimately at the highest level a whole object, such as a picture of a dog.  
 
In these kinds of domains, the correlation between sensors will decrease with increasing geographical separation 
between sensors.  If your sensor readings have this property, it likely indicates the presence of a spatial hierarchy. 
 
In domains like our vehicle system example, geographical closeness need not imply a common cause.  Spatial 
hierarchy is not obvious when it doesnÕt correspond to geographic proximity.  In such domains, the underlying 
hierarchy can be understood only by identifying sub-systems and their interactions.  Typically this process will 
require understanding the mechanisms underlying that domain.  In our car monitoring system example, we used our 
knowledge about how engines and rear wheels are related to understand the hierarchy of causes. 
 
B.  Temporal hierarchy:  higher-level causes vary more slowly compared to low-level causes. 
The existence of a temporal hierarchy is related to the dynamics of the causes.  In a temporal hierarchy, the higher 
level causes remain stable for several state changes of the lower level causes.  In other words, the higher level causes 
vary at a lower rate compared to lower level causes. 
 
In our vehicle system example, ÒcityÓ, ÒhighwayÓ, and ÒtrafficÓ are higher-level causes that affect the whole vehicle, 
whereas Òturn rateÓ is a lower level cause that affects only the wheel system.  Under the same driving condition that 
affects the whole vehicle, the wheel sub-system also is affected by causes that vary at a faster rate: how sharply the 
driver is turning.   
 
A temporal hierarchy is easiest to explain with music.  At the bottom level, you hear individual notes.  These notes 
are then combined into musical phrases, which are combined into musical sections, which ultimately combine into a 
symphony.  This structure is a hierarchy that unfolds over time. 
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When there is a temporal hierarchy, the readings from a sensor will be highly correlated for time instants that are 
close, and weakly correlated for time instants that are far apart.  But this property alone does not guarantee that 
there is a temporal hierarchy behind the sensor readings.  If you can imagine a few high level causes that will persist 
longer than the temporal correlations at the sensory level, then it is more likely that the problem has a temporal 
hierarchy.   
 
C.  More on hierarchy 
A hierarchy of causes is fundamental to the power of HTM.  The following Òthought experimentÓ may be useful in 
determining whether your problem has a hierarchy. 
 
Try to name some of the things that influence the observed data for your problem.  For example, for image 
recognition you might list the position of the object, the lighting conditions, whatÕs in the background, etc.  If youÕre 
interpreting weather data, you might list the season, the location, the wind speed, the time of day, the currents, etc.  
 
Then see if some of these ÒcausesÓ are actually causes of other causes.  For weather, the season influences the wind, 
which influences the currents.  If you can imagine some influences as causing other influences, you likely have a 
problem which meets the requirement for a hierarchy Ð particularly if a single cause influences multiple other causes, 
over different time scales.  
 
We demonstrated some of these steps using our vehicle system example.  However, you do NOT need to name all 
the causes that influence your observed data Ð this is, after all, what the HTM does for you.  And it is almost 
guaranteed that the HTM will find causes which differ from those that you listed.   This thought experiment is 
intended to give you confidence that at least some hierarchy of causes exists, even though it is unlikely to exactly 
match what the HTM finds. 
 
A similar thought experiment is the following:  Name a single higher level cause, letÕs say ÒseasonÓ.  Imagine the 
world with this cause in a particular state, i.e. ÒsummerÓ.  Now imagine changing the state of this cause to ÒwinterÓ.  
How does the world change with this change of state?  If the impact on the world is highly localized in space and 
time, and highly specific, i.e. it snows once in Minneapolis, then it does not suggest a hierarchy of causes.   However, 
if the change affects a reasonable number (but not all) of the aspects of the world, and it unfolds over time, it is 
likely that your problem satisfies the condition of a spatial-temporal hierarchy. 
 
D.  What is needed to decipher causes? 
You can find the common cause in an HTM only if you are sensing the right information, i.e. the information that 
has the causal relationship.  You may not know what information will be required to find the cause, and this may 
take experimentation with different sensors and different hierarchical structures. 
 
We expect that much of the work you will do with an HTM on your specific problem will be to experiment with a 
variety of sensory data, enabling the HTM to determine the underlying cause even if it is not obvious to you. 
 



        

 

 

 
 

3/1/2007 © 2007 Numenta, Inc. Page 8 

E. Training vs. inference 
It is worth noting that although temporal information is a requirement for training an HTM, after training it is 
possible to do inference (pattern recognition) without temporal information.  
 
Vision is an example.  In recognizing ÒdogÓ, the HTM must be trained with temporal images, i.e. moving images of 
dogs.  The only way the HTM can understand ÒdognessÓ Ð the invariant nature of a dog irrespective of scale, 
rotation, distortion, breed Ð is to have seen multiple images of many different dogs moving through time.  You 
learn that a left-facing dog is the same as a right-facing dog by seeing it move from facing left to facing right, in 
spite of the fact that the actual information on your retina is entirely different.   
 
However, like the human vision system, the trained HTM can do inference on a static image that does not contain 
temporal information.  A moving image may make inference easier or more accurate, but it is not essential. 
 
 
4.  Application scenarios 
 
Once the HTM has built a model for a particular domain, you can use this information in a number of different 
application scenarios.  We will use our car monitoring example to illustrate some of these applications. 
 
A.  Classifying patterns:  characterizing the situation 
Suppose we have a set of readings from our vehicleÕs sensors, but we are unable to actually see the vehicle or its 
environment.  The HTM could characterize the situation for us, describing the most likely high-level causes, i.e. 
ÒtrafficÓ, ÒhighwayÓ, Òheavy loadÓ.  In this case, we have trained the HTM in a supervised manner to attach human-
defined labels to the causes that the HTM has learned. 

 
B.  Predicting Forward in Time 
Assume that the HTM model for the car is receiving inputs continuously over time.  At any point we can ask the 
HTM model to predict what the next set of sensor inputs are likely to be.  The model will make this prediction 
based on the hierarchy of causes built by its past observations.  Prediction could enable multiple applications such 
as identifying potentially harmful or dangerous situations, allowing mitigation.  Our initial Research Release will not 
include the prediction capability, but it will be added in a future release. 

 
C.  Completing patterns 
Suppose one of the sensors becomes faulty after we build the HTM model for the car monitoring system.  The 
HTM model can be used to guess the readings for this sensor based on the readings from other sensors.  In general, 
the HTM system can be used to infer and predict with very noisy or missing inputs.  

 
D.  Detecting surprising events 
An HTM model can be used to monitor the car for surprising events, i.e. when sensor inputs do not correspond to 
what it predicted.  For example, a water-pump failure will produce temperature readings inconsistent with the 
driving environment, and the HTM model can signal the anomaly.  
 
The above examples are meant to be illustrative of some of the applications that are possible with HTM models.  
There are many more application scenarios beyond those listed here.  Just as many queries can be made to a 
database once it is constructed, many questions can be asked of an HTM once it has constructed a model for a 
domain. 
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5.  Strengths of the HTM technology across problem domains 
 
HTM systems have some general strengths that apply to all problem domains. 
 
A.  Handles ambiguity and noise well 
HTMs can cope with ambiguous and noisy data.  Because of the hierarchical structure and the use of Bayesian-like 
mathematical techniques, the system can come to a stable conclusion even in the event of multiple contradictory 
pieces of data. 
 
B.  Flexible for multi-modal sensory input 
HTMs can handle multiple sensory modalities.  Like the neocortex, HTMs have a Òcommon cortical algorithmÓ that 
is applied to all the kinds of sensory data, and multiple kinds of senses can be used for one HTM.  In our car 
monitoring example, we were measuring temperature, vibration, and speed of revolution.  These are completely 
different senses using unrelated metrics, yet the HTM is able to find interdependent patterns across this data. 
 
C.  No physical space constraints 
Note that the requirement for ÒspatialÓ correlation of sensory data does not dictate the distance that the sensors 
must be apart physically.  Indeed, there are no physical space constraints for an HTM.  We can imagine sensory 
arrays that might be spread out, yet still have some spatial correlations in that they are impacted by the same causes 
at approximately the same time.  One example is the weather, i.e. weather sensors could be placed quite far apart 
but still be impacted by the same weather pattern, and discoverable as causes by an HTM. 
 
D.  No symmetry constraints 
Finally, just as the hierarchy in the world is not necessary symmetrical, the HTM hierarchy does not need to be 
symmetrical either, so it can model real systems in the world.  Our engine might be two-wheel drive or it might be 
four-wheel drive, varying the number of sensors and the complexity of one sub-system.  The design of the HTM 
hierarchy can be flexible to match the specific vehicle, or class of vehicles. 
 
 
6.  Selecting your HTM problem 
 
In selecting a problem to experiment with HTM, you should go through the following process.   
 

¥ First, be sure that you know what problem you are trying to solve.  The two classes of problems that HTM 
today can solve are: 

 
- discovering causes in sensory data 
- inferring the cause of novel input 

 
Ultimately, the HTM also will be able to predict what comes next and drive external behavior, such as 
robotics, but today we are focused on cause discovery and inference. 

 
¥ Second, you should check your problem against the criteria discussed in this paper and ensure that the data 

has an appropriate spatial and temporal hierarchy. 
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¥ Finally, you must have access to substantial training data.  The HTM learns as the brain does, by being 
exposed to the world through its senses.  You must be able to train the HTM by exposing it to historical 
data from your problem domain. 

 
In our engine example, we may have files of data from our engine running over time, including the characterization 
of performance and failure information.  We can expose the HTM to this training file so that it can figure out the 
patterns and deduce the hierarchy of causes.  We then will try the HTM on a novel data set to see how it 
characterizes that data in relation to what it has learned.   
 
 
7.  ÒGut feelÓ checks to evaluate your problem 
 
Following are a list of tests to evaluate your problem domain.  These tests are not meant to be defining rules, but 
are helpful as a check of the appropriateness of your problem. 
 
A.  Can you map your problem to one of our example problems? 
We recommend, as a starting point, that you attempt to map your problem to one of the examples we have 
provided in the Research Release of our platform.  The closer the match you have, the more likely it is that HTM 
will work on your problem. 
 
B.  Can a human solve this problem? 
If a human can solve your problem and a computer canÕt, then this domain may be a good fit.  The vision example 
illustrates this test well.  It is easy for a human to see ÒdogÓ in an image; it has been impossible for computers to do 
so.    
 
This test is not a necessary precondition, however.  In other words, many problems that cannot be solved by 
humans today may be solved by HTMs.  Often these problems will have complex multi-modal sensory data, where 
finding patterns has been hard both for computers and for humans. 
 
C.  Can you solve the problem today with a list of discrete rules? 
If the answer is yes, then the problem is NOT a good candidate for HTM, which is more appropriate for 
ambiguous and noisy problem domains.  If the engine failure is already well understood in relation to a few simple 
variables, i.e. the engine always fails when the ambient temperature goes below 32 degrees, then an HTM may not 
add much value to understanding the problem. 
 
D.  Is specific timing required? 
If the answer is yes, then the problem is NOT a good candidate for HTM at this time.  Specific timing, or tempo, is 
required for problems such as speech or music recognition.  Although we expect to evolve the Numenta HTM 
algorithms to support specific timing, the first set of algorithms in our Research Release does not yet have this 
capability.  As such, problems like speech or music recognition will be appropriate in the future, but are not 
appropriate for our platform today. 
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Conclusion 
 
HTM technology is new, and we have much to learn.  With our Research Release we expect to see experimentation 
on a wide range of problems.  These experiments will help refine our understanding of how to structure problems 
to be best solved by HTMs, and allow us to improve the HTM algorithms.  As a starting point today, we advise 
selecting problems that meet the criteria we have discussed. 
 
 


