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Abstract

This paper will discuss the idea that efficient computation
depends on local space and time costs as seen by the ser-
vices provided to the current layer of abstraction. The ap-
proach taken will be to replace the classical notions of
space and time with the unified notion of SpaceTime from
modern physics. The rest of the paper will be organized
as follows. The history of key topics and their perspective
of space and time will be discussed. Then I will justify the
need for a unified notion of SpaceTime in order to show
computation and information are not the same. Finally
the conclusions and other issues will be discussed.

1 Introduction

It is evident from studying physics and computation, that
seamless layering is required to build complex systems.
Each layer has it’s own set of primitives and rules which
combine to produce totally new behaviors, while ignoring
the details of the layers below. This paper will discuss
how layers of abstraction in computational systems re-
quires a computation theory that is quite different than in-
formation theory applied to storage or communications
systems. Efficient computation requires something other
than just reducing the number of bits. Efficient computa-
tion must minimize how those bits are arranged in both
space and time.

2 History

Many historical references of information and computa-
tion deal with space and time aspects separately. Informa-
tion theory when applied to communications systems,
deals with information movement across space. Likewise,
information theory when applied to memory systems,
deals with information movement across time. Conven-
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tional hardware gates contain both space and time costs to
compute an answer. Since the Von Neumann architec-
ture, computer engineers have separated the memory (or
spatial) and processor (or temporal) sides of computation.
Even software programmers are taught that program =
data structure + algorithm (or computation = space +
time) {1]. This pervasive thinking is never questioned and
shows up in database’s which separate queries from data
records, as well as architectures with separate program
caches and data caches. Carver Mead’s [2] approach also
reinforces this notion of separation of space and time with
his two costs to computation. They are 1) the cost of in-
formation being in the wrong place which he calls spatial
entropy, and 2) the cost of information being in the wrong
form which he calls logical entropy. Real computation is
impossible without both space (memory/communication)
and time (processor or change) resources, but segregating
them seems to violate what physics has learned about
space and time being inseparable.

Computer software must not be ignored in thinking about
physics of computation, because today’s software is to-
morrow’s architectures and hardware. Since all modern
computers are Turing equivalent, software (and the under-
lying compilers and operating systems) is the domain of
modern computation. At the 1981 conference, Dr Hillis [3]
stated that computer science is no good because it is miss-
ing many of the things that make the laws of physics so
powerful -- locality, symmetry and invariance of scale.
An important addition to the list is that computer science
has an outdated notion of space and time (ie a classical
view) and needs to adopt the modem unified spacetime
of physics. This added notion coexists very nicely with
the three points of Hillis, as will be discussed in more de-
tail later. Hillis touches on the kemel of this idea in his
paper when he says the memory locations are just wires
tumed sideways in time. Fredkin and Toffoli [4] also uni-
fied communication and memory with the unit wire primi-
tive by stating, from a relativistic viewpoint there is no



distinction between storage and transmission of signals.
Fredkin’s 5] (6} [7] Digital Mechanics wotk also takes a
different view of space and time by saying they are dis-
crete. Just as special relativity changed how physicists
think about spacetime, computer scientists also need an
updated view.

Computer science research on active data types is taking a
more unified view of SpaceTime. This approach is differ-
ent from the classical view so it persists mainly at univer-
sities and has not been adopted by industry. The two
primitives from this work, functions and continuations,
are both active data types. Type is an orthogonal property
of a data structure other than its value. These primitives
are particularly interesting for the following reasons 1)
they are the building blocks of abstract layering in pro-
grams, 2) they are the basis of most modemn compiler
work, 3) hardware support for them is showing up in
many architectures, and 4) they unify the notion of data
and program.

Much of the research on functions and continuations is
being done in languages that are dialects of Lisp (CLOS,
Scheme) and other functional programming languages
(ML). Functional programming is a style of programming
that limits side effects and always expects a value to be
retumed (in Lisp everything is a function). Procedural
languages always side effect something globally to return
a result. The work on functions and continuations is math-
ematically rigorous (formalized syntax and semantics
from lambda calculus) and has resulted in compilers pro-
ducing more reliable yet faster code. Schools like MIT [8]
and CMU [9] teach their introductory programming class-
es in Scheme or Lisp in order to teach students how to
program using high level abstractions, and then this think-
ing can be applied to other languages. Functions represent
the primitive for building layers of abstraction in soft-
ware, and is a fundamental aspect of teaching computer
science. A continuation is the equivalent to the process
primitive for Scheme.

A function represents a piece of active data. Functions
exist in all computer languages, but they are usually not
explicitly manipulated by user programs. In traditional
languages, only special programs such as compilers, link-
ers, loaders and debuggers manipulate functions. In lisp
dialects, functions are like any other native data type in
the language (can be passed around and modified) plus it
retumns values when executed. In lisp languages, every
function can retumn a value or even another function. Thus
you can easily write programs that build and execute

35

other programs. This is very useful if you are building
simulators (we built a compiled code discrete time simu-
lator using an array of functions where the designer could
move forward or backward through time [10]) or other
specialized execution environments that run at native ma-
chine speeds. Most computer architectures have some
hardware to support calling and returning values from
functions. Many RISC machines were designed with spe-
cific extra hardware to optimize function calling overhead
(ie overlapping register windows). A first class function
represents a primitive computational building block that
has both space and time potential associated with it, and
seems more in tune with the physics notion of a unified
spacetime.

Each modular function can ignore the details of the func-
tional layers below and treat those lower services (using
the appropriate interfaces) as primitive and atomic. This
thinking is the basis of many software reliability method-
ologies. In order to view the lower services as atomic,
each functional layer can be thought of having it’s own
local operations and its own local time scale. J.T. Frazier
(11}, who founded the International Institute for the Study
of Time, has written many books on the subject of time
layers. This is important because culturally we have very
little temporal intuition compared to our spatial experi-
ence. Locality, symmetry, and invariance of scale are
properties that should exist for both space and time.

This notion of local time layering can be best described
via an example of nested transactions. Many commercial
data processing systems are implemented using transac-
tions. These primitive atomic requests for information or
action can be viewed as a quantum of data processing be-
cause each transaction either succeeds or fails atomically.
Atomic action means that from the perspective of the re-
quester, this action is indivisible (in time). This idea of
local time based on abstract layering and perspective, be-
comes even more interesting when nested transactions are
considered. One transaction can spawn a tree of subtrans-
actions, each having the same indivisible atomic behavior
in time, therefore collectively representing a hierarchy of
local times.

Local perspective and local time passage seem to be a
fundamental aspect of building layers of abstractions and
has striking parallels to physics. Relativity has shown that
both space and time are interlocked and are dependent on
the motion of the reference frame. As a reference frame
approaches the speed of light, yard sticks get longer and
clocks slow down in contrast to other reference frames.



This warping of spacetime continues until the speed of
light is reached, (only achieved by massless photons).
From the perspective of a photon, time stands still, that is,
the emission and absorption as seen by the photon are the
exact same instant. This indivisible notion of local time
passage is strikingly similar to the passage of time for
transactions, This notion of relative time and relative
space will be addressed more later in a discussion about
incremental computation in graphs.

A function is a powerful abstract building block for im-
plementing complex programs but some specialized pro-
grams such as debuggers and operating systems need
something even more powerful. A continuation is a native
data type in Scheme and is also executable like a function.
It is an active data structure that preserves the state of the
rest of the computation. Using functions and continua-
tions, you are able to implement an operating system (in-
cluding interrupt handling and process switching) in a
high level language. You can also implement native de-
buggers and exception handlers. There was a research
program at MIT that designed a computer called the L-
machine that was a scalable, fine grained parallel archi-
tecture that used continuations as a primitive data element
in the architecture. For many years, the formal definitions
of continuations has been used in compiler research (con-
tinuation-passing style).

Functional programming, layers of abstraction, and
spaceftime tradeoffs all come together with a software
technique called memoization [12] (yes the spelling is cor-
rect). Memoization is a technique of caching computed
functional values inorder to speed up an algorithm, usual-
ly without having to rewrite the algorithm. Memoization
is brushed aside by many as just a cute optimization, but
this paper will show it to be more fundamental than that.
Memoization is an approach that lets us transition from
thinking about computation (from a classical view) and
jump to a metacomputation view, where relative
space/time costs represent a quadratic cost function (ener-
gy like) for dealing with computation efficiency. The next
section will show how the use of memoization, in func-
tionally organized programs, requires an active data view
of computation that has symmetry, locality, and invari-
ance of scale.

3 Computational Costs

This section will a take few small programming examples
use them to illustrate both the classical way of thinking

about space and time, and the unified approach. These ex-
amples were chosen (Fibonacci and Towers of Hanoti) be-
cause in their simplest form they are exponential algo-
rithms. These examples will illustrate both programming
style and memoization.

The algorithm to compute the Fibonacci series can be de-
scribed elegantly as a recursive function in Scheme as fol-
lows [13]. In the following form, lambda denotes a func-
tion with an argument called NUMBER that is stored in
the symbol called FIB. Each call to FIB creates two lower
calls to the function FIB, producing an exponentially

growing number of calls [O(2n)].

(define fib
(lambda (number)
(if (< number 2)
(max 0 number)
(+ (fib (- number 1))
(fib (- number 2)))) ))
(Fib 15) -> 610 takes <1 second
(Fib 20) -> 6765 takes >7 seconds
(Fib 25) -> 75025 takes >70 seconds
(Fib 100) -> does not finish

This example seems trivial and the implementation naive,

" but this problem is equivalent to the Tower of Hanoi ex-
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ample and many other problems in industry (ie simulation
[14]). The Tower of Hanoi consists of three poles with a
set of graduated disks stacked on one pole. The problem
requires to move the stack of disks to another pole by
only moving one disk at a time, and never placing a big-
ger disk on top of a smaller oae. People who play with
this problem soon see a strategy for solving it that in-
volves recursively moving all the disks but the last one to
another pole, moving the last disk to the third pole, and
then moving all the other disks back on top of this disk.
Even though this problem is naturally recursive and could
also be implemented using a functional programming
style (with no side effects), most people implement it pro-
cedurally by globally side effecting the position of the
disks on the poles. Thus, programmers tend to bind a par-
ticular space and time scepario in their programs, and
most of the time this is done in an ad hoc fashion.

Compilers currently due nothing to optimize this straight
forward Fibonacci algorithm into a fixed space and time
volume. Notice the time is exponential, but the space is
linear due to the stack depth. Formally knowing the



spaceftime costs for an abstract algorithm would be very
useful for compilers, This kind of analysis is an unsolved
problem in general, but is the focus of much attention as
designers use simulation languages to build silicon (ie
VHDL and C). Companies like Synopsis routinely manip-
ulate the space/time costs of circuits, but since this analy-
sis is an exponential problem, the size of the circuit is lim-
ited to around 5000 gates at one time. Thus architects and
programmers alike must rigidly define and hand tune their
algorithm to get the performance they need.

In many application specific areas (like DSPs or Fuzzy
Logic) the same restricted input language can map to both
software and hardware implementations. Regular
language compilers must also know more about architec-
ture performance considerations. Compilers for pipelined
RISC machines can effectively due useful work the in-
struction after a jump because the pipeline is never bro-
ken. Vectorizing compilers for vector array processors
also optimize iteration variables to keep from thrashing
memory systems and keep the pipe lines full. Most of
these compiler optimization techniques are based on only
the analysis of the code, but do no resource sharing analy-
sis and thus can not automatically handle even the simple
case of Fibonacci above. Hand tuning of the implementa-
tion costs for hardware implementations is possible due to
good tools that measure/optimize the size and timing of
circuits. Designers must also specify the number of wires,
thus limiting the size of problem that can be solved. Good
tools are practically nonexistent for general program-
ming languages but some are available for some vector
Pprocessors.

Commercial compilers that automatically optimize or
control spaceftime tradeoffs are far off. This is important
because automatic optimizing of code to give different
space/time characteristics is critical for the future of our
industry, especially with the general purpose multiproces-
sors hitting the market or the advent of different architec-
tures (and thus compilers) for controlling nanoelectronic
implementations. Some concepts and techniques that can
head us in the right direction will be described next.

4 Computational Abstraction and Spacetime

Memoization can be applied to both examples from the
last section to give linear time behavior. Given the maxi-
mum size of the problem you want to solve, can place an
upper limit on the space requirement. Memoize can be
written in scheme as follows.

37

(define memoize
(lambda (function)
(let ((table (maketable)))
(lambda (arg) ;function is returned
(or (gettable table arg)
(puttable table arg
(function arg)))) )))
(define fib
(memoize ;encapsulates Fibonacci
(lambda (number)
(if (< number 2) (max 0 number)
(+ (fib (- number 1))
(fib (- number 2)))) ))

(Fib 15) > 610 takes <l second
(Fib 20) -> 6765 takes <l second
(Fib 25) -> 75025 takes <1 second
(Fib 100) ->354224848179261915075 < 3 secs

A generalized memoize function can be written to handle
any number of calling function arguments and any kind of
caching strategy. It can also be given controls to tumn it-
self off completely or control the size or sparseness of the
cache [ie (if (mod arg 5) <cache> <no cache>)]. This abil-
ity to give different space/time controls without rewriting
or recompiling the algorithm could allow adaptive cache
controllers (ie even ones with timeouts) and allow compil-
ers using static analysis to automatically insert cache con-
trols or generate hardware descriptions. Parallel imple-
mentations of algorithms could also be scheduled better.

This same memoization technique can be applied to Tow-
ers of Hanoi except that when the matching operation is
based on the value of the disk positions on the poles, a
large space storage would be required to store all the an-
swers. An alternative would be to use a pattern matching
function that was based on the number of disks to move,
and the position of the disks on the poles (upon entering
and exiting). This function would create a cache that
would contain knowledge about how to move N disks.
This knowledge about how to implement an N disk move
is based on experience (from pattern matching on poles)
and if used to speed up the computation really represents
a violation of the game’s rules of only moving one disk at
a time, Is this cheating or chunking? Psychologist Robert
Omstein [15] showed that people’s perception of time pas-
sage could be changed by recoding their memory of an
experience. Experts also seem to use specialized knowl-
edge to solve problems faster.



This result is very interesting since people instinctively
tend to solve problems this way. A memoized Towers of
Hanoi (and Fibonacci) becomes linear in both time and
space because abstract knowledge is collected that allows
new primitive higher level operations to emerge. This
should be the basis for any generalized adaptive caching
system. No global information is required since this
knowledge is collected locally inside a function based on
the time of services for that level. Due to caching cost
overhead, the optimum caching sparseness may be a sub-
set of all possible values. Interpreting, labeling and for-
malizing this kind of knowledge is what human experts
do all the time to build higher levels of abstraction and
represents a transition to metacomputation.

When values are placed into these caches then time is
being compressed into space, and when values are re-
moved from the cache then space is being reconverted
into time savings. Thus, memoization caches represent ca-
pacitors for space/time conversion which may have an im-
pact in the overall spacetime volume of the computation.
The many operating points for running the cache can be
explored topologically (hopefully by using automatic
training) to find the local minimum based on the space
and time constraints for a computation.

These examples seem simple, but they are representative
of the kind of experience we gained in building a large
Computer Aided Design (CAD) system called Droid [16].
Droid was implemented in Lisp, and thus we were able to
explore and build many high level abstractions not easily
built in more traditional programming languages. We
used functional based memoization to build a high speed
simulator and object oriented database. The CAD tools
limited the use of side effects to the caching of computed
functional values (enforced due to consistency require-
ments described below). We built a caching control primi-
tive called KEEP [17} (based on EGV - Extended General-
ized Variables) that decouples the computing of the value
from the side effect and consistency controls. A general-
ized variable or abstract location can be defined as an
EGYV, thus formalizing the binding, unbinding, getting the
value, or asking if bound. Lazily computed EGVs unify
spacetime by turning ordinary variables into active loca-
tions. The next section describes how we used functional
programming and memoization to achieve efficient pro-
gramming paradigms with good locality.
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5 Efficient Computation Styles

Functional programming with memoization naturally
leads to demand driven programs or lazy computation.
This demand driven programming style was used in our
object oriented database to produce multiple cached pro-
jections of primitive user data (ie hierarchical vs flat, vec-
torized vs bit view, filtered vs raw, etc). In general, each
tool wants to see it’s own custom perspective of the user
data. We realized that by generating and caching multiple
representations, a consistency problem could occur if any
of the original data changed. This kind of change can
occur from user inputs or from optimizer tool programs.
We built incremental consistency management techniques
that hook directly into KEEP, because any time a value is
cached it must also be programmed for consistency. It is
essential to formalize consistency inorder to be efficient
and still correct. We found out that most change manage-
ment could not be lazy, but must actively propagate like
ripples produced by a stone thrown into a pond. These
change ripples could best be described as alternate modes
of execution across the database.

The program for propagation of changes can be automat-
ed [18], but a general solution seems to ignore abstraction
boundaries and thus is too fine grained and time expen-
sive. Therefore, inorder to achieve efficiency, the change
propagation code was written manually at several layers
of abstraction or several grain sizes. The efficient manual-
Iy written change code deals with abstract change types
(add, insert, delete, remove, reorder, etc) and differential
values (primitive change quantum) at abstraction bound-
aries. Tiny changes may cause an avalanche effect invali-
dating everything in a large database, and resembles what
is predicted by chaos theory. In our attempts to formalize
automatic change management techniques, we realized
that any piece of data could have an arbitrarily large num-
ber of dependencies. This can be easily seen by the obser-
vation that any piece of data could be included in an arbi-
trary number of sets. The priority of each kind of depen-
dency link is also different and thus effects how the
change can be propagated.

Demand driven code is efficient because it computes the
minimum amount to produce the answer. Incremental
computation should ideally have costs proportional to the
amount of change and not the size of the database. Both
of these styles have many layers of abstractions and atom-
ic primitives (similar to nested transactions). These styles
mimic the locality, symmetry, invariance of scale, and
consistency demonstrated by physics. These styles go



hand in hand when large demand driven, multiple repre-
sentation, data graphs are built. For the kinds of problems
we worked on, these graphs were more than 10 dimen-
sional, where each tool lazily generates and caches it’s
own view of the primitive data, thus increasing the dimen-
sionality of the graph on demand. Coding theory, Neural
Networks, and graph theory [19;20] also depend on the
mathematics of high dimensional spaces for useful com-
putation mechanisms.

Tools using the database required mechanisms for con-
trolling relative motion over these high dimensional
graphs. We supported general iteration mechanisms for
this unified database (JOURNEYS) that allowed
movement around this high dimensional graph using iter-
ative, relative directions (up, down, forward, backward,
closer, farther, east, west, north, south, etc) that could be
filtered (context sensitive PERSPECTIVES) based on
where they started and what they were looking for. These
relative directions were overloaded functions, called
methods, that returned a graph object that represents the
next logical step in that abstract direction. Thus, direction-
al functions define the topology of the graph, and not the
data structures themselves, since many of the abstract slot
accessor functions can lazily add to the graph. Each ab-
stract location can be implemented as an active data ele-
ment. The graph grows on demand and can add new data-
types which can enable new methods (or build new meth-
ods on fly), which can cause more graph growth, etc,
again reinforcing the notion that computation can be
thought of as active data. Computation organized by
defining, building, and moving over high dimensional to-
pologies has strong parallels to physics.

Much of physics is based on geometrical topology consid-
erations and computation should also be thought of as a
real topology for the following reasons. Pointers in virtual
memory allow programs to build high dimensional graphs
mapped onto a one dimensional space (virtual memory is
a large one dimensional space). This is particularly im-
portant when one realizes that incremental modes in a
high dimensional graph, operate with different clusters of
data than those originally built on the same physical page.
This non-optimal page clustering occurs anytime a high
dimensional graph is mapped onto hardware with less
than that many dimensions. This non-symmetrical paging
behavior due to modes of accessing high dimensional
graphs can be easily shown by initializing a 2 dimensional
array (1000 x 1000) and iterating over the wrong index
first,
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Relative spatial semantics is becoming more important
because of issues in paging systems, garbage collectors,
and safe programming techniques. Paging optimizers for
object oriented data bases and garbage collector technolo-
gy [211 both require a completely local view of data ob-
jects inorder to allow reclustering. Several popular pro-
gramming languages allow you to directly specify the ab-
solute locations for data structures to be next to each other
in memory, and then the programmer is allowed to cheat
by building his own pointers that addresses across these
data structure boundaries. This unsafe programming tech-
nique assumes global address, rather than local addresses
from the beginning of the structure. This practice can pro-
duce pointers with invalid addresses, but can also prohibit
the use of paging optimizers and garbage collectors that
reorganize the absolute location of blocks of data in mem-
ory. These techniques that depend on locality are migrat-
ing into next generation object oriented operating sys-
tems.

Huffman encoding [22] (and other kinds of statistical
based information like entropy) requires global knowl-
edge of a finite set of data. This is useful, but at odds with
Jocality arguments in physics, and also efficiency of in-
cremental modes. This concerns me because of the impact
we have seen in the behavior of our incremental programs
and in the complexity of programming various modes of
change propagation. We have seen that some global an-
swers can be easily recomputed incrementally (average of
a set of numbers) but other problems (traveling salesman)
have no incremental modes possible. Does physics say
anything about global optimizations or incremental
modes?

From our work, I believe that a formalized theory of com-
putation should include the follow software concepts
which have parallels in physics. 1) Formalization of ab-
stract locations, relative directions, high dimensional to-
pologies, 2) Formalized notion of hierarchical time, 3)
Unification of spacetime using active data concept as the
primitive building block, 4) Automatic consistency man-
agement at appropriate grain size, 5) Context fields and
context sensitive actions, and 6) Theory for automatic
adaption of computational efficiency which includes
space/time optimization and parallelism. Others areas are
also important, but these are the ones that can be support-
ed by our work. This will become more important during
the next 5-10 years when general paralle] hardware is de-
signed and built to support large object oriented database
applications. Many of these enable higher productivity
and reliability by automating routine software tasks.



5 Conclusions

These ideas were developed as a result of looking towards
physics as a model for how to organize large software ap-
plications. Physics has added more useful insight into the
software design process than studying any programmers
guide, Turing machine, or book on information theory.
Locality, symmetry, and invariance of scale need to be
followed in our programming practices as well as our
architectures. Functional programming techniques using
Lisp, allowed us to step above the problem without being
limited by the language or people on the program.

Computation is really the unification of SpaceTime and
information. Space and time seem to be the ultimate com-
putational resources. These resources should be labeled
direction and change inorder to encourage a more rela-
tivistic or local view of computation. The Von Neumann
bottleneck is really a Newtonian bottleneck, caused by the
segregation of space and time in computer architectures
and programs. Space and time must be unified at all levels
of computer science and computer engineering. A practi-
cal computation theory must include the thinking about
abstraction, information, space, and time such that it can
be useful in practice. The cultural, conceptual, and lan-
guage barriers between physics, hardware, software, and
mathematics must be broken down if we are to really de-
velop a useful theory of computation. This can only hap-
pen when abstract concepts can be shown to have physi-
cal meaning and consequences in our computers. Hope-
fully this will be useful for explaining psychology and ex-
ploring how humans think, thus leading to a theory of real
Intelligence. The rest of this section is more speculative in
order to encourage further discussion.

6 Other Issues

Logical and spatial entropy from Carver Mead can be re-
interpreted within this high dimensional topology frame-
work. The cost of information being in the wrong place
can in principle always be made arbitrarily small by ad-
ding a direct pointer between two abstract locations,
which represents adding another dimension to a high di-
mensional graph. Thus by adding the pointer, any two lo-
cations can thought of as being moved closer to each
other in hamming distance, which is equivalent to warp-
ing the space between them. Knowing how to efficiently
map this high dimensional graph to a one dimensional
virtual memory or a 3 dimensional space of our physical
world seems to be the missing technology.
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Information being in the wrong form does not represent a
rotation of the data, but rather a change in the position of
the observer in hyperspace. In physics, all perspectives
are computed in parallel, and only the observer position
must change. If this were not true, then some perspectives
would be biased or have special status, which we know is
prohibited by special relativity. This geometric topology
interpretation is interesting because both spatial and logi-
cal entropy can be unified to represent a warping or mo-
tion in hyperspace. This interpretation could suggest a
computational mechanics that resembles the geodesics for
photon mechanics in physics. Since the CPU represent a
stationary observer perspective, all data. must be rotated
with respect the CPU. This is analogous to touring Europe
by sitting on a New York dock and watching all of Eu-
rope’s sights parade by on ships in the harbor. Standardiz-
ing active data services to support mobile computational
perspectives (like friendly viruses) seems like a better
model to support an efficient distributed/parallel observer.

Many other areas need to be explored that suggest paral-
lels between physics and computational abstraction, for
example. Does active data suggest some primitive space-
time “compuquantum”? Does a continuation represent a
point on a light cone or maybe a formalized observer?
Can an obsetver be distributed as would be needed for
parallel computation models? Does the re-execution of a
continuation multiple times add support to the many
worlds model of quantum physics? Does a continua-
tion/observer have an effective mass as it moves through
the computation state space? Do memoization results sug-
gest that space and time are interchangeable like matter
and energy? Is spacetime conserved in efficiency trade-
offs? If complexity increases by growing higher dimen-
sional graphs, is this reversible? What does incremental
computation mean in physics? Does entropy say anything
useful about incremental computation of a graph or about
inconsistency or other noise/errors in large active data
graphs? Do Eigen values suggest a model for reliability
of graphs that have only a few valid configurations? Does
the topologies formed by the efficiency tradeoffs, suggest
that relative spacetime is a field like gravity that can be
distorted due to some information influence (ie memoiza-
tion pattern matcher)? Could the computational efficien-
cy of spatial locality in high dimensional graphs be
mapped to the high order dimensions predicted by GUT
or EPR7 Is computation time either relative or hierarchi-
cal? These and many other questions will need to be ad-
dressed inorder to understand the physics of computation-
al abstraction.
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