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Introduction:  The romantic view of artificial in-

telligence (AI) is the study of thinking machines, spe-
cifically machines that are equivalent to, and think 
like, humans. Robots embodied with AI have been a 
romantic element of space exploration through influen-
tial films including Fred Wilcox’s Forbidden Planet 
(1956) and, using a much darker tone, in Stanley Ku-
brick’s 2001 a Space Odyssey (1968). While it is true 
that many of the reasoning methods being pursued by 
the AI community are anthropomorphic, artificial intel-
ligence has a more pragmatic side, which is the study 
of algorithms that allow machines to produce answers 
to complex, multifaceted problems. To understand the 
difference between an artificial intelligence system and 
“unintelligent” computer systems, we should first con-
sider how software is normally developed. The soft-
ware development process begins with the specifica-
tion of requirements, followed by design where soft-
ware engineers rigorously determine the appropriate 
machine response to each and every combination of 
inputs that might be encountered. Sometimes the ap-
propriate responses to system stimuli are defined 
mathematically by using control theory, and sometimes 
software engineers use brute force by exhaustively 
enumerating all possible stimulus-response pairings. 
Traditional software engineering works well for the 
vast majority of software systems; however, when sys-
tem requirements demand that machines make deci-
sions in a world that is too complex or too uncertain 
for engineers to solve during software design, AI is 
required.  

The design process for AI, necessitated by the need 
to have machines address intractable problems during 
execution, is a radically different approach to develop-
ing control software. When developing artificial intel-
ligence, software engineers do not program explicit 
responses to situations encountered by the machine, 
but rather write software that provides machines with 
an ability to solve problems during program execution, 
allowing the AI software to produce a decision that 
was not explicitly encoded in the software. All major 
forms of AI research, which includes deductive, induc-
tive and abductive reasoning, search-based algorithms, 
machine learning and neural networks, exhibit the 
property that the machine’s answers to specific prob-
lems are not explicitly encoded within the AI software; 
rather methods for devising answers to the problem are 
encoded. This subtle distinction between AI and unin-
telligent controller provides the power and promise of 

AI and AI’s greatest risk. The promise of AI is an abil-
ity to solve important problems that cannot be solved 
through traditional programming means. The risk of AI 
is the potential to produce unvetted responses to situa-
tions that run counter to the designer’s wishes. 

On the use of Artificial Intelligence: When is it 
useful to have a machine use AI to make a decision? 
After all, after millions of years of evolution and 
roughly 10,000 years of civilization, humans are (usu-
ally) quite good at making decisions in complex, un-
certain environments. Through our research in AI-
enabled systems, Johns Hopkins University’s Applied 
Physics laboratory has identified three general use cas-
es for AI: first, for some tasks AI is more cost effective 
than humans; second, AI is better suited than humans 
at solving some, but not all, problems; third, AI allows 
us to develop machines that are capable of responding 
faster than when a human is in the decision loop. [1]. 
Each of these three strengths is potentially relevant to 
future NASA mission architectures.  

AI’s ability to allow machines to respond more rap-
idly than when a human is inserted into the decision 
chain is significant for NASA because communica-
tions between Earth and extraterrestrial spacecraft or 
rovers dramatically lengthen operational response 
times. The speed at which AI-enabled machines can 
react has several benefits. First, it allows diagnosing 
and repairing faults within complex systems to prevent 
measurement (instrument) or mission failure through 
timely diagnosis and management of unexpected 
anomalies. Secondly, it allows responding to unex-
pected, ephemeral science opportunities and the explo-
ration of high-temporal phenomena. Finally, AI can 
accelerate the cadence at which science is conducted. 

The use of AI to enable science by observing the 
pace of rapidly evolving phenomena was demonstrated 
spectacularly with the Jet Propulsion Laboratory’s 
2006 discovery of dust devils and clouds on Mars. [2] 
Both JPL [3] and APL [4] have demonstrated that AI 
can accelerate the pace of science by more effectively 
coordinating and utilizing space-based sensors. As an 
example, the intelligent fault management system Liv-
ingstone was developed by NASA AMES and flown 
on NASA’s Deep Space One mission in 1998. [5]  

The current risks of AI: Today, AI is immature 
and requires further development to reach its potential. 
For instance, the AI algorithms that detected the dust 
devils could not have identified whether the Martian 
weather represented a threat to the rover. Also, AI can 
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not yet use instrument input to determine what, where, 
and how to autonomously make the next science 
measurement. An equally important factor limiting 
AI’s deployment is that we lack the methodology and 
technology to effectively test AI. We have explored 
emerging requirements for testing aspects of terrestrial 
autonomous systems [6] and these needs are reflected 
in space-based AI testing.  

Path to AI in 2050, Testing: The greatest risk as-
sociated with AI is the risk of undesirable detrimental, 
consequences from decisions emerging from unintend-
ed combinations of legitimate rules and/or patterns. 
Traditionally, system test and evaluation requirements 
define the desired system response for all anticipated 
operating conditions. Requirements-driven design is 
problematic for AI-enabled systems because the size of 
the condition-response matrix is intractably large, pre-
venting test engineers from fully enumerating system 
requirements. In addition, autonomous systems, by 
their very nature, determine responses at run time, a 
control technique that is itself antithetical to an a priori 
system response matrix. The first challenge with test-
ing AI-enabled systems is: how can AI performance be 
measured? The National Institute of Standards and 
Technology (NIST) autonomy levels for unmanned 
systems ALFUS [7] codify the degree to which a sys-
tem is, or is not, autonomous; standard metrics on au-
tonomous system performance are not codified. It is 
clear that AI-enabled system metrics must include 
measurements of the decision made by the system; and 
a subset of any autonomous system metrics should be 
derived from mission performance. Relying solely on 
mission-based metrics for AI-enabled systems can be 
problematic as the decisions made by the AI may have 
unintended consequences that are unrelated to mission 
objectives, yet very detrimental to the larger objectives 
of the operator. How can the test team provide perfor-
mance assurances given that it is impossible to test all 
circumstances?  

Because AI-enabled system performance is de-
pendent upon the complex interactions between the AI-
enabled system and artifacts in the real world, it is vital 
that tests be conducted in environments that mimic the 
complex interactions between actors in the real world 
and the AI-enabled system. This need presents us with 
our final challenge to testing AI-enabled systems: how 
can we provide a complex, interactive test environ-
ment that, from the point of view of the AI, mirrors the 
diverse interactions experienced in real-world opera-
tions.  

Path to AI in 2050, Technology Advancements 
and Distributed Systems: Complex algorithms are 
often synonymous with power hungry electronics. As 
technology advances, the realization of low power 

computing becomes viable in space. An example of 
this new technology is neuromorphic computing. In-
fluenced by how the mammalian brain processes and 
communicates data, neuromorphic computing is a new 
class of non von Neumann machines that is showing 
excellent performance in neural network applications. 
One such system, the IBM TrueNorth, has packed a 
million spiking neurons into a chip consuming on av-
erage less than 100 mW [8] and recent work has been 
demonstrated on deep learning datasets [9].  

The combination of distributed autonomous sys-
tems [10] with low power yet high computing re-
sources provides a bridge to fully autonomous mission 
concepts. Imagine a swarm of dispensable autonomous 
explorers that can intelligently investigate large areas 
and provide reconnaissance and surface exploration 
prior to the main spacecraft arrival. Mission success is 
robust against individual unit failure, as the aggregate 
is more capable than the sum of the parts. 

Advances in algorithms, testing, sensor technolo-
gies and packaging is beginning to make possible the 
concept of complete autonomous space systems. The 
realization of fully autonomous systems enables new 
solutions for planetary exploration. 
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