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Problems that Fit HTM

Version 1.0

This paper outlines criteriafor the problems most likely to benefit from the Research Release of Numenta®
hierarchicd tempora memory (HT M) platform. This pgper does not describe the theory or the technology in detall,
and thereade isreferred to www.numenta.com for prerequisite background reading materid.

In orde to illustrate the criteriadescribed in this pgper we have selected a single problem -- an overamplified modd
of one aspect of an automobile -- to use as an example. This choice is not intended to imply limitations, but
provides away to make sure that the criteriaare well understood by giving atangible example.

The paper is organized as follows.

Overview of problem construction

Example: car monitoring system

Criteriato evauate your problem doman

Application scenarios

Srengths of the HTM technology across problem domains
Sdecting your HTM problem

GG ut fedOchecks to evauate your problem

Nogahk~wNhE

1 Overview of problem construction

An HTM buildsamodd of some doman which isasmal part of thered world. Like the neocortex, theHTM
buildsthe modd by learning from experience which comes from exposure to daareceived from an array of sensors.
Note that it is not necessary to think of GensorsOin aphysica sense. Sensors dso could be structured daafiles,
such as stock market daa

The GzausesObehind the data are not usualy evident a the sensory level. The HTM will find the patterns in this
daato the extent they exist, and build amodd for the daa Thismodd will consist of ahierarchy of interacting
causes and will gpproximate the mechanisms that originaly generated the daa. I1n other words the modd will
identify the causes behind the sensory daa

Naturd and man-madedynamic systemstend to have anested multi-scae organization. In such systems, there are
large-scde sysem-leve varigbles, smal-scale sub-system-leve varidbles, and levelsin between. Often, the larger
sysem leve variables are dower (i.e. of longer duration) compared to the smdler sub-system leve variables. If we
consde wegther systems, for example, winzer is ahigh-level system varigble tha affects the whole modd. During
winter, there will be locd system variables like snowstorms that affect the weether in, say, Minnesota. Although winter
lasts for severa months, the locd variations usudly last only for days. The weather system can be thought of asa
hierarchy that is spatid as well astempord. The higher-level variables like winter correspond to alarge spatid area
and dow tempord variaions. Locd variaions like snowstorms influence smdler spatid areas compared to the large-
scde variables but change a afaster rate.
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An HTM gainsits power from the fact that its hierarchica structure mirrors this nested hierarchicd structure of the
world. The hierarchicd structure of the world is tempora as well as spatid. Like theworld, HTM representsa
hierarchy in both space and time.

The smplest way to define what problems suit HTM technology isto say that HTM works best for those problems
wherethe daato be modded is generated by a hierarchy of causes unfolding in time. This definition usualy means
that the problem can be expressed as a gatid-tempord hierarchy. However, it is not dways easy to understand
whether ahierarchy exigs. The spatid hierarchy need not mean geographica space, and the interactions of spatid
and tempord hierarchies can be hard to visualize.

An example will help us ground the concepts of hierarchy in space and time while we discuss the criteriafor
evauating problems suitable for HTMs.

2. Example: car monitoring system

For illustrative purposes we will describe a highly smplified car monitoring syssem. Note that the modd we
describe here is conceptud, and the causes tha we construct may not match red world stuations. We will focus on
andyzing the example in order to understand its hierarchicd structure.

One god 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 alow usto enhance performance or safety by
adjugting the gate of other car components. For example, in highway driving might we might want to deectivate
some of the cylindersfor better fue efficiency, while in city driving we might want to increase the tranamission shift
pointsfor greater torque during acceleration.

Another gpplication of this syssem would be to continuoudy monitor the system a various levelsto detect
surprising stuations. Stuations that deviate from the norma behavior could be indicative of acomponent 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). I1n section 4, we will describe different gpplicationsthat are made
possible by modding such sysemsusng HTMs.

To make this characterization, our sources of daafor thismodd are temperature, vibration and rotationa speed
sensors. Thismode obvioudy is smplified for ingtructiona purposes; to accurately characterize driving behavior,
we would idedly want many more daa sources.

SEensors:
Temperature (jF): Engine
Vibration (Hz and amplitude: Gear box
Rear whed speed (RPM): Left whed, right whee!

Wed 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 whed sub-system

The speed sensors on the rear whedlstell us both how fast the car is going and dso how much it isturning. The
average of the two whed speedsis proportiond to the overdl speed of the car. The difference of the two whedl
gpeedstdls how much it isturning: on aleft turn, the right whed will rotate faster than the left, and on aright turn,
the left whed will rotate faster than theright.

The information gathered from these sensorsis useful to give ingtantaneous vaues for speed and turning, but is
even more powerful when observed over time. For example, we might observe smooth acceleraions or rapid
accelerations. Or we might observe asmadl speed differentid over along period of time (gradud turning), or alarge
peed differentid over ashort period of time (sharp turning). For smplicity, we will treat the turning rate (gradud
or sharp) asthe primary cause afecting the rear whed sub-system, though there are many other causes (like
acceleration habits) that would affect the sensory information observed.

System-level causes

Environment

(Highway /
City / Traffic)

Engine Subsyste Wheel Subsystem
causes causes

Engine Strain Turning Rate

(High / Low) (Sharp / Gradual)

Right Wheel

Engine Gear Box

* Temperature

~  Vibration

Left Wheel @  Speed

Figure 1 Hierarchy of causes associated with the car monitoring system

Thisfigure 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 whed sub-
systems. The sub-systems are afected by local causes, which arein turn caused by the system-level causes.
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B. Causes associated with the engine sub-system

The engine sub-system readstwo modes of sensory input: engine temperature and gear box vibration. Notethat
different sub-systemsin our modd might receive heterogeneous inputs (temperature and vibration) while others
might receive homogeneous inputs (speed and speed). The HTM can accommodae both.

Asthe engine strains (under aheavy load, prolonged acceleration, steep hill, etc), the temperature in the engine
climbs and the vibration in the gear box increases. Asthe sran is lessened, engine temperature and gear box
vibration both fdl. Note agan that the trendsover time (the rise and fal of temperature and vibration) can tell
more than the ingantaneous readings.

We say tha high or low engine strain causes the pattern of temperature and vibration observed & the sensors. Of
coursein ared system there are likely to be other causes, but we will focus on GtranOas the primary cause here.

C. System-level causes: driving environment

The cause behind our measurements of whed speed differentids is the turning rate, and the cause behind our
measurements of engine temperature and gear box vibration is engine grain. But what caused the engine strain and
theturning rae? It is not aways the case that two causesin amodd will share the same cause Dsometimes they are
truly indgpendent. 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 istha the driving environment is the primary cause of engine strain and turn rete patterns over time:

¥ When driving on a highway, the strain tendsto be low (because rapid acceleration and deceleraion are
infrequent) and the turning rate tendsto be gradud (because mog turns are smooth lane changes or gently
curving roads).

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

¥ Findly, when driving in heavy traffic, the strain is low (because the car is frequently idle), while the turning
raes are rgpid (because mos turns are quick dodges from one lane to the next).

Gradud Shap

Turns Turns
High
Sran City
Low
Sran | Highway |  Traffic

D. Hierarchy of causes

To review, there are two sub-system causes tha affect the datawe receive & our sensors. engine strain and turning
rae. These causes arelocad, meaning tha the correaions are much weaker across the two sub-sysemsthan they are
within them. The differentid wheel speed isnot caused by the vibration, or vice versa Neither isthe differentia
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 belocd in their influence between sub-systems, we dso expect them to be locd in
time: achangein alower level gtate only influences ashort time span around that change, while achangein a
higher level stae influences along time span around tha change. Put another way, we expect the causes which
affect large sections of the sysem dso to persst longer than causes that afect smdl sections of the system.

This effect is easy to seein the car monitoring system: the driving environment is stable for longer than either the
engine gtrain or theturning rate. We@e generdly in acity environment for longer periodsof time than we@e in a
Gharp turnOenvironment. Even though city driving zeds to be high-strain and sharp-turn, occasionaly the road
clears and the route sraightens E only to return to zig-zag, stop-and-go E then another clear. Criticaly, though,
these changes occur more rapidly than changes of the driving environment itself Bthat is, how frequently we
trangtion from city to highway to traffic. Typicaly we go through severd low-level states (sharp to gradud to
sharp) before we trangtion a ahigh-leve state (city to highway).

Theresult of this phenomenon is ahierarchy in time, with high-level causes in time being composed of many lower-
level causesin time. This outcome is best visudized in the diagram of Figure 2.

]e)nr\ii\i]ri:)lﬁment < City > < Highway >

Eng%ne High Low{Higher > High ><L_O¥<Iigh>L<O_V>V Lower

Strain

Turn Rate Sharp G;@gai Sharp ><Gradual»ﬁ@w Gradual
time >

Figure 2. Temporal hierarchy of causes

Many dynamica systems have the property that causes affecting large sections of the sysem dso tend to
persist longer compared to causesthat areloca. Thisfigureillustrates this property in our hypothesized
hierarchy of causes behind the car monitoring sysem. The high-level cause here isthe driving environment.

We will describe the spatia and tempord properties of these causes again in the context of the criteriafor evduating
the suitability of aproblem for HTMs.

Our car monitoring sysem is, of course, an overamplified example. In red gpplications there would be more high-

level causes such as additiond driving environments (hilly road, flat road, heavy load, etc.), more sensors (gear box
temperaure, engine speed, vehicle updope/do wndope indicator, etc.), and more levels of causesin the hierarchy.
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3. Criteriato evaluate your problem domain

A system that is organized as a hierarchy of causes has certain properties. You should look for these propertiesto
identify problems suited for HTMs.

A. Said hierarchy. datagenerated by common sub-causes are highly correlaed.

In any domain, there will be high correlation between the daafrom sensors that are directly affected by the same
low-level causes. There will be some correation, but less, between the daafrom sensorstha are affected by the
same higher-level causes. Thisresult is because, in addition to the globd high level causes, those daa dso will be
affected by locd low-level causes.

I'n our vehicle sub-system example, the speed readings from the two whedls are likely to be highly correlated with
each other compared to the readings from one whed and from the engine temperature. Whilethereisacorrdation
between the whed sensor readings and the engine sensor readings due to the higher-level cause (driving
environment) affecting both the engine and the whedls, this correlation is wesker than the correlation between the
sensor readings from two wheels.

In many domains, the sensorsthat are influenced by the same cause dso tend to be located in geographic proximity.
For example, in aphotographic image, geographicaly adjacent pixels are more highly correlated than geographicaly
digtant pixes because pixelsthat are nearby are more likely to be caused by the same cause compared to pixels tha
arefar gpart. In the vison case, the lowest leve of the hierarchy is bits of light on your reting, or asmdl pixd array
on an electronic image. Those pixels become colors, textures, lines and shapes a the next level, and then parts of
objects such astals, heads and paws, and ultimately a the highest level awhole object, such as apicture of adog.

In these kinds of domains, the correlation between sensors will decrease with increasing geographica separaion
between sensors. |f your sensor readings have this property, it likely indicates the presence of a spatid hierarchy.

In domains like our vehicle sysem example, geographica closeness need not imply acommon cause. Said
hierarchy is not obvious when it doesn@correspond to geographic proximity. In such domains, the undelying
hierarchy can be undersood only by identifying sub-systems and their interactions. Typicdly this process will
require understanding the mechanisms underlying tha domain. In our car monitoring system example, we used our
knowledge about how engines and rear whedls are rdaed to understand the hierarchy of causes.

B. Tempord hierarchy: higher-level causes vary more dowly compared to low-level causes.

The exigence of atemporad hierarchy isrelated to the dynamics of the causes. In atempord hierarchy, the higher
level causes remain stable for severd state changes of the lower level causes. 1n other words the higher level causes
vary a alower rate compared to lower level causes.

In our vehicle system example, @ityQ nighwayQ and QrafficOare higher-level causes that affect the whole vehicle,
whereas Qurn rateQis alower level cause that affects only the whedl system. Under the same driving condition that
afects the whole vehicle, the whed sub-system aso is affected by causesthat vary a afaster rate how sharply the
driver isturning.

A tempord hierarchy is easiest to explain with music. At the bottom level, you hear individud notes. These notes

are then combined into musica phrases, which are combined into musica sections, which ultimately combineinto a
symphony. This structure is ahierarchy that unfoldsover time.
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When thereisatempord hierarchy, the readings from a sensor will be highly correlated for time ingantstha are
close, and weekly correated for time ingantsthat are far gpart. But this property done does not guarantee that
thereisatemporad hierarchy behind the sensor readings. 1f you can imagine afew high level causesthat will perast
longer than the tempord correlaions a the sensory level, then it is more likely that the problem has atempord
hierarchy.

C. Moreon hierarchy . )
A hierarchy of causesis fundamenta to the power of HTM. The following Qhought experimentOmay be useful in
determining whether your problem has ahierarchy.

Try to name some of the things that influence the observed detafor your problem. For example, for image ~
recognition you might list the postion of the object, the lighting conditions, what@in the background, etc. |f you®e
interpreting weather daa, you might list the season, the location, the wind peed, the time of day, the currents, etc.

Then seeif some of these GausesOare actually causes of other causes. For wesather, the season influences the wind,
which influencesthe currents. If you can imagine some influences as causing other influences, you likely have a
problem which meets the requirement for a hierarchy Dparticularly if asingle cause influences multiple other causes,
over different time scaes.

We damongrated some of these seps using our vehicle system example. However, you do NOT need to namedl
the causes that influence your observed daabthisis, after dl, wha the HTM doesfor you. And it isdmost
guaranteed tha the HTM will find causes which differ from thosethat you listed. Thisthought experiment is
intended to give you confidence that a least some hierarchy of causes exigts, even though it is unlikely to exactly
match what the HTM finds

A similar thought experiment is the following: Name asingle higher level cause, let® say GeasonO Imagine the
world with this cause in aparticular state, i.e. GummerQ Now imagine changing the state of this cause to GninterQ
How does the world change with this change of stae? If theimpact on theworld is highly locdized in space and
time, and highly specific, i.e. it snows once in Minnegpolis, then it does not suggest ahierarchy of causes. However,
if the change affects areasonable number (but not dl) of the agpects of the world, and it unfolds over time, it is
likely that your problem satisfies the condition of a spatid-tempora hierarchy.

D. What isneedad to decipher causes?

You can find the common cause in an HTM only if you are sensing theright information, i.e. the informeation that
has the causd relaionship. You may not know what information will be required to find the cause, and this may
take experimentation with different sensors and different hierarchica 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 daa, enabling the HT M to determine the underlying cause even if it is not obviousto you.
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E. Traning vs. inference
It isworth noting that dthough tempord information is arequirement for training an HTM, after training it is
possible to do inference (patern recognition) without tempora information.

Vision is an example. In recognizing GlogQ the HTM must be trained with tempora images, i.e. moving images of
dogs. Theonly way the HTM can undestand QilognessOBthe invariant nature of adog irrespective of scale,
rotation, digtortion, breed Disto have seen multiple images of many different dogs moving through time. You
learn that aleft-facing dog is the same as aright-facing dog by seeing it move from facing left to facing right, in
spite of the fact that the actud information on your retinaiis entirely different.

However, like the human vison system, the trained HTM can do inference on agtatic image that does not contain
tempord information. A moving image may make inference easer or more accurate, but it is not essentid.

4. Application scenarios

Oncethe HTM hasbuilt amodd for aparticular domain, you can use this information in anumber of different
goplication scenarios. We will use our car monitoring example to illustrate some of these applications.

A. Classfying paterns. characterizing the stuation

Suppose we have aset of readings from our vehicle® sensors, but we are unable to actudly see the vehicle or its
environment. The HTM could characterize the Stuation for us, describing the most likely high-level causes, i.e.
QrafficQ MighwayQ heavy loadO 1n this case, we have trained the HTM in a supervised manner to atach human-
defined labels to the causes that the HTM has learned.

B. Predicting Forward in Time

Assumethat the HTM modéd for the car is receiving inputs continuoudy over time. At any point we can ask the
HTM modd to predict what the next set of sensor inputs are likely to be. The modd will make this prediction
based on the hierarchy of causes built by its past observations. Prediction could enable multiple gpplications such
as identifying potentidly harmful or dangerous situations, alowing mitigation. Our initid Research Release will not
includethe prediction cgpability, but it will be added in afuture release.

C. Completing patterns

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

D. Deecting surprisng events

An HTM modd can be used to monitor the car for surprising events, i.e. when sensor inputs do not correspond to
what it predicted. For example, awater-pump failure will produce temperature readings inconsisent with the
driving environment, and the HTM modd can signd the anomaly.

The above examples are meant to be illustrative of some of the gpplications that are possible with HTM modds.
There are many more gpplication scenarios beyond those listed here. Just as many queries can be madeto a
daabase once it is constructed, many questions can be asked of an HTM once it has congructed amodd for a
domain.
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5. Strengths of the HTM technology across problem domains
HTM systems have some generd strengthstha apply to dl problem domains.

A. Handles anbiguity and noise well

HT Ms can cope with ambiguous and noisy daa. Because of the hierarchica structure and the use of Bayesian-like
mathematica techniques, the sysem can cometo a gable conclusion even in the event of multiple contradictory
pieces of daa

B. Flexible for multi-modd sensory input

HTMs can handle multiple sensory moddities. Like the neocortex, HTMs have a@ommon corticd agorithmOthat
is goplied to dl the kinds of sensory daa, and multiple kindsof 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 daa

C. No physicd space condrants

Note tha the requirement for GpatidOcorreation of sensory datadoes not dictate the distance that the sensors
must be gpart physicadly. Indeed, there are no physicd space congraints for an HTM. We can imagine sensory
arrays tha might be spread out, yet gill have some spatid corrdationsin that they are impacted by the same causes
a goproximately the sametime. One example isthe wegther, i.e. weather sensors could be placed quite far gpart
but till be impacted by the same weather pattern, and discoverable as causes by an HTM.

D. No symmetry congrants
Findly, just asthe hierarchy in the world is not necessary symmetrica, the HTM hierarchy does not need to be
symmetricd either, o it can modd red sysemsin the world. Our engine might be two-whed drive or it might be

four-whed drive, varying the number of sensors and the complexity of one sub-system. The design of theHTM
hierarchy can be flexible to match the specific vehicle, or class of vehicles.

6. Selecting your HTM problem

In selecting aproblem to experiment with HTM, you should go through the following process.

¥ Firg, be sure tha you know what problem you aretrying to solve. The two classes of problemstha HTM
today can solve are:

- discovering causes in sensory daa
- inferring the cause of novd input

Ultimately, the HT M dso will be able to predict what comes next and drive externd behavior, such as
robotics, but today we are focused on cause discovery and inference.

¥ Second, you should check your problem againg the criteria discussed in this paper and ensure that the daa
has an gppropriate spatid and tempord hierarchy.
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¥ Findly, you must have accessto substantid trainingdaa The HTM learns as the brain does, by being
exposed to the world through its senses. You must be ableto train the HTM by exposing it to historicd
daafrom your problem domain.

In our engine example, we may have files of datafrom our engine running over time, including the characterization
of performance and failure information. We can exposethe HTM to thistraining file o that it can figure out the
paterns and deduce the hierarchy of causes. We then will try the HTM on anove daaset to see how it
characterizestha daain relaion to what it has learned.

7. GGut feelOchecks to evaluate your problem

Following are alist of teststo evduate your problem domain. Thesetests are not meant to be defining rules, but
are helpful as a check of the appropriateness of your problem.

A. Can you magp your problem to one of our example problems?

We recommend, as a garting point, that you atempt to mgp 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 likdly it isthat HTM
will work on your problem.

B. Can ahuman solve this problem? ~

If ahuman can solve your problem and acomputer can@ then this domain may be agood fit. The vison example
illugratesthistest well. It iseasy for ahuman to see QlogOin an image; it has been impossible for computersto do
0.

Thistest is not anecessary 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-modd sensory data, where
finding paterns has been hard both for computers and for humans.

C. Can you solve the problem today with aligt of discrete rules?

If the answer is yes, then the problem isNOT agood candidae for HTM, which is more gppropriate for
ambiguous and noisy problem domains. If the engine falure is dready well understood in relation to afew smple
variables, i.e. the engine dways fails when the ambient temperature goes below 32 degrees, then an HTM may not
add much vaue to undersanding the problem.

D. Isgspecific timing required?

If the answer is yes, then the problem isNOT agood candidae for HTM a thistime. Soecific timing, or tempo, is
required for problems such as speech or music recognition. Although we expect to evolve the NumentaHTM
agorithmsto support specific timing, thefirgt set of dgorithmsin our Research Release does not yet have this
capability. Assuch, problems like speech or music recognition will be gppropriate in the future, but are not
gopropriate 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 awiderange of problems. These experiments will help refine our understanding of how to structure problems
to be best solved by HTMs, and dlow usto improvethe HTM dgorithms. As agarting point today, we advise
selecting problems that meet the criteriawe have discussed.
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