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Abstract: Generating novel ideas is fundamental to the design process; it requires deep expertise and
contextual knowledge to do well. Yet, that same expertise and context can create barriers to generating
innovation, locking solvers into traditional solving approaches. One way to overcome this tension is to open
problems to outsiders — solvers from other domains who can attach their domain’s solving heuristics to your
problem. While the growing adoption of open and distributed innovation has seen successful, a systematic
way to attract surprise outsiders remains elusive. This paper offers a set of “context work™ practices as a
way to bridge disciplinary divides in cross-boundary problem solving. Leveraging a decades long sequence
of field studies at NASA, this paper 1) induces three key dimensions of “context work,” 2) integrates them
to define four alternative formulations for a given problem and 3) tests the impact of formulation on who
is attracted to solve, and the quality of their solutions. We find a tension between attracting a greater number
of new solvers with different expertise and receiving high quality solutions from them. We conclude by
relating these findings to emerging opportunities to improve the adoption of generative Al in the design
process.
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1.0 Introduction

Generating novel ideas is fundamental to the innovation and design process. Open and distributed
innovation, leveraging contributions from solvers from distant domains, has long been identified as an
important source of frame breaking ideas [1]-[7]. This is because, where internal experts tend to see the
problem through established cognitive frames [8,9], outsiders are more likely to see the problem with
fresh eyes and leverage solving processes that are familiar to them, but novel to the original domain
[6],[10].

Yet, engaging outsiders faces the challenge of translating knowledge across boundaries. A
necessary step in attracting solutions from external experts is for them to “see” the problem as one they
know how to solve. This problem understanding is difficult with highly contextual knowledge [11,12].
Prior work has conceptualized this in terms of knowledge translation; however, we contend that when
subject matter experts successfully open their problems to outside innovators, they first engage in a much
deeper problem (re)formulation process, which has not been understood theoretically.

The goal of this work is to unpack the underlying mechanisms of this deep problem formulation.
Leveraging more than a decade of prior field work observing and engaging with NASA’s diverse
portfolio of technical experimentation with open innovation methods [7,13], we reanalyzed our original
data with a new focus on problem formulation mechanisms. We induce three dimensions of what we call
“context work” that involve manipulating i) the domain-specific language of how the problem is
described, ii) the tacit assumptions about how the underlying problem is solved in different application
domains, and iii) the expected expertise of the solvers. Combined in different ways, this “context work”
enables formulation to go beyond the baseline of “translated problems” to “decontextualized problems,”
which detach the inherent problem from its context so that it is accessible to anyone, and
“recontextualized problems,” which transfers the problem’s context from its original domain to new ones
focused on either solution mechanisms or application domains. These formulation processes differ in
terms of how they change the problem context, with implications for how outside innovators are attracted.
We then test how this impacts the quantity and quality of solutions received from outside innovators. This
enables us to connect “context work” to who is attracted and how effective their solving is in the original
domain.

While this work is framed in the context of open and distributed innovation, the questions it raises
and mechanisms it uncovers are even more relevant today following the rapid diffusion of Large
Language Models (LLMs). As LLM-based tools are increasingly embedded in problem-solving
processes, aspects of the emerging art of “prompt engineering” practices and Agentic Al can be enhanced
through a more systematic understanding of how problems are effectively opened to cognitively diverse
solving processes. LLMs and Agentic Al can both help with that “context work and be a source of new
approaches, if prompted or designed effectively. Therefore, the theory developed in this work lays a
foundation for the transition of prompting from art to science, with particular relevance to complex
problems.

2.0 Related Literature

The seminal work of Cyert and March [14] and Newell and Simon [15] put forth problem
formulation as the first step in problem-solving processes. Subsequent experimental work demonstrated a
strong effect of problem formulation on problem solving outcomes [16-18]. At the same time, field
studies have shown that problem formulation processes in action are often messy, political, and local
[19,20]. Although problem formulation is especially important in new knowledge creation processes
aiming for innovation [21,22], it is known that professionals often do not formulate problems well, if at



all [23-25, 20]. In subsections that follow, we set up the core tension explored in this paper: the dual need
for deep contextual knowledge to effectively solve problems along with new perspectives from outsiders,
and the difficulty of sharing problems across contexts.

2.2 Contextual Knowledge and Problem Solving

Contextual knowledge is a double-edged sword when it comes to problem solving. One
perspective on problem solving suggests that deep understanding of a problem’s context is critical for
solving it. Given the highly situated nature of knowledge, problems cannot be considered independent
from their context [26-28]. As scientific and technological fields evolve, knowledge about specific
problems becomes highly contextualized [29-31] and rich with tacit knowledge [21,32-33]. Even if
knowledge is relatively well-defined, the specific context within which people act requires them to make
continuous inferences and judgments [34-35]. Domain experts develop “problem solving cognitive
frames”, or solution heuristics—a set of given beliefs and assumptions about the nature of the problem
and appropriate alternative approaches to solving it [8,9].

Another perspective recognizes the limitations of this deep contextual knowledge. It suggests that
deeply embedding professionals in their problems’ context impedes them from reaching creative solutions
(e.g., [36,37]). Experts often get “locked in” to their context’s problem-solving heuristics [38,39]. Socio-
cognitive framing, on “what is the problem” and “how such problems are solved,” are accentuated from
past successes [9], industry-shared beliefs [40], current technological frames [8], or organizational
identity [41]. Over time, experts develop a high degree of stability in their domain problem-solving
heuristics and cognitive schemas, leading to cognitive inflexibility and narrowed problem solving
apertures [41-43]. This is the double-edged sword of gaining expertise, the same socio-cognitive habits,
and underlying scripts that experts acquire to become successful problem-solvers, over time impede the
creativity required to recombine with different cognitive schemas [36].

2.3 The Value of Outsider Knowledge for Problem Solving

One way to overcome this tradeoff is to seek innovation from outsiders. Since the rise of open
and distributed innovation, challenging scientific and technological problems are often solved through
“outsider innovation”, when experts and professionals external to the original problem’s context offer
solutions [1, 3, 37, 44]. These innovations often come from unknown “surprise” external solvers [4-7]. In
these contexts, research has observed that higher quality solutions are achieved by individuals on the
social or professional margins of the focal problem’s knowledge boundaries [6, 10]. Such distance allows
these external problem solvers to “see” the problem differently and bring new approaches compared to
those central to the problem’s context [4-6, 45-46].

2.5 Challenges Connecting Outsiders to Problems

Challenges may arise, however, when external domain experts, operating with their own
cognitive biases, bring their in-depth knowledge to the problem framed and formulated in the original
domain context. External experts are required to effectively evaluate whether the problem is accessible to
them, and if their knowledge and tools are useful and actionable. This bridging across disciplines is
challenging because of the highly contextualized nature of knowledge [29, 47,48]. Specialization within
domains makes it difficult for experts from different domains to understand each other [11,12], as each is
“heavy” with its own contextual language and heuristics [49]. Pinker [50] vividly defined “the curse of
knowledge” as “the failure to understand that other people don’t know what we know”.

When experts from distinct domains try solving challenging problems together, they often face
communication and interpretation barriers, impeding them from building a shared language and
understanding, often resulting in failure [28, 29,47]. Moreover, domain experts in science tend to select
problems that are “doable” or that already have solutions [51,52] which further focuses them on what they
know. It has also been suggested that professionals usually conduct a matching process of needs with
solutions, with problems solved through iterative experimentation [53].



One way to connect outsiders to problems has been through open and distributed innovation. As
computational and communication costs have dropped sharply, opening one domain’s problems to
professionals from other domains is easier, faster, and cheaper than before [4-7, 54-55]. Sharing
challenging scientific and technological problems with unknown external potential solvers, called
distributed problem solving, has become more accessible. We have witnessed a major increase in
distributed knowledge work processes in the last decade because of technological advances [56-59].
However, despite notable successes, we lack a systematic understanding of how the “opening” works in
terms of who is attracted and how that impacts solution outcomes.

2.5 Research Gap

While problem formulation is critical to effective problem solving, defining a problem in a way
that resonates with experts from different disciplines is practically and theoretically challenging. Yet,
empirically, we observe an increase in distributed innovation and a rise in surprise innovations from
distant outsiders. Our study explores this empirical puzzle by investigating different problem formulation
processes in distributed problem-solving settings. Specifically, we explore how experts from one domain
formulate their challenging scientific and technological problems in a way that experts from external
domains can effectively access and solve.

3.0 Overview of Research Approach

This research leverages three sequential studies conducted in partnership with NASA over a
period of more than a decade. While all the technical problems came from NASA, they ranged widely in
technology and approach, from solar flare prediction and food storage to autonomous robotics, making
the empirical basis for this study highly diverse. Given the longitudinal nature of this work, results of
study one and three were previously published at the time of each study [7, 13], problem formulation
processes were not the focus of those papers. In this work, we re-analyzed both our research processes
and data to formally conceptualize and test the underlying formulation processes. As Fine and Elsbach
[60] suggest, we coupled fieldwork and experiments to develop a more rigorous understanding of the
processes and mechanisms at play in distributed problem solving.

Since the methods and data are quite different for each study, for clarity we embed the more
detailed research approach information in the reporting of each study in the sections that follow. Figure 1
provides an overview of the constructs that unify the three studies. In all three studies we aim to connect
how problems are formulated to their solving outcomes, in terms of the background of the solvers
(outside innovators or not) and the proportion of high-quality solutions received (quality yield). As
elaborated below, each of the studies engage with a different aspect of this process and operationalize the
constructs as appropriate in their research setting.

First, Study 1 took a qualitative in-depth field study approach to understand problem formulation
process in an open and distributed innovation experiment conducted by NASA Space life Science
Directorate (Johnson Space Center) between 2009 to 2010. The prior study suggested that when domain
experts went beyond translating their problem and engaged in a more complex formulation process, the
outcome of engaging with outsiders was more effective. For this paper we went back into the data to
uncover the nature of that formulation process. We observed patterns of what we call “context work™ that
involved manipulating the domain-specific language of the problem and tacit assumptions about how it
would be solved, as well as imagining different expertise of distant solvers who might solve it. We
noticed that certain groups of mechanisms were regularly leveraged together. We called the associated
processes “decontextualizing” and then “recontextualizing.”



Figure 1 — Overview of Constructs and Key Contributions of the Study Sequence

In the field, these processes were messy and often overlapping, but we believed that they could be
applied independently and in a systematic way. To refine our conceptualization of these processes, we
conducted Study 2, where we took an action research approach and attempted to formulate a reference
problem — a Space Robotics problem that NASA was also working on — following a clean version of the
alternative problem formulations in Study 1: a translate-only, decontextualize-only and recontextualize-
only approach. We documented the attempt and leveraged these notes to connect the theoretical processes
to practical implementation on an engineering problem. Through this process we induced and formalized
two distinct paths of recontextualization that involved targeting cross-cutting solving approaches, on the
one hand, and alternative solution domains on the other. We further refined the notion of “context work”
by analyzing the process used to do it during the formulation stage.

Then, in Study 3, we leveraged the alternative problem formulations from Study 2 — translated,
decontextualized, solving-recontextualized and solution-recontextualized - to conduct a large-scale field
experiment from 2015 to 2019. Here, the goal was to test the impact of problem formulation on the
quality and quantity of solutions received. We leveraged the constructs of “outside innovators” and
“quality yield” from Study 1. Our findings reinforced the indications from Study 1. The nature of problem
formulation indeed had an impact. The experimental framework allowed us to tease out differences in
how the problem formulation affected both the ability to attract outside innovators (non-domain experts)
and receive productive solutions from them (measured as a proportion of quality solutions from the
solving population). Finally, we combined the insights from these three studies to propose an approach to
problem formulation for unknown outsiders.

4.0 STUDY 1: Observing NASA’s Experiment with Open Problem Formulation

In this study, we observed NASA Space life Science Directorate’s (SLSLD, based in Johnson
Space Center) 2009 experiment applying an open and distributed innovation approach to solve their
strategic challenges. This was an early attempt to apply open innovation to problems of complexity and
scale. Its leadership describes this effort as an experiment to emphasize how much they could learn from
the process. Across the 14 SLSD formulation attempts, we inductively identified three common
dimensions of “context work™ that experts performed as they reformulated their problems: they imagined
new potential solvers and associated expertise; they manipulated the language of the problem and
assumptions of how it would be solved. Combined, we call this “context work.” To explain and illustrate
the work that takes place when professionals conduct “context work”, we leverage one of the challenges,
the “Data-driven Forecasting of solar events,” as it provides a clear illustration of many of the elements.
We then synthesize how the dimensions were activated across the cases in Table 1.

The problem context: Solar flares (also known as “solar storms”) are dangerous to humans in
space. Since the start of the space program, NASA has invested significant resources in the development
of better solar flare forecasts. Unlike terrestrial weather, there was not a clear and accepted method to
predict “space weather” within a 24-hour window. Solar flare prediction was a top priority for



heliophysics domain experts. The overall budget for solving this problem across multiple research
agencies was estimated at $800 million a year. NASA’s heliophysics domain experts were working on
solving this problem internally as well as with their external collaborators and contractors who were also
disciplinary experts.

4.1 Imagining Solver Expertise

Although rarely stated explicitly, most problem descriptions are written for an assumed type of
solver. This defines which words are chosen and what is assumed about their background knowledge.
When NASA experts sought to open their problems, this imagined solver surfaced. Specifically, in cases
where experts engaged in deeper problem reformulation, that work was preceded by a step of imagining
who else might solve their problem and trying to “speak” to them. This started with a questioning process
where they asked, who solves such problems usually? Who might have relevant knowledge? They tried
imagining the unknown professionals that might have relevant knowledge on how to solve their problem
so that they could be attracted to the core underlying problem. For example, one of the leading NASA
Heliophysicists commented: “Perhaps this is not so different from predicting financial markets crises?”
These discussions led the experts to perceive their heliophysics problem as, essentially, a challenging
prediction problem, which naturally led to the discussion of other prediction problems and the type of
solver who works on them. We observed two distinct paths in how they thought about the “other”
solver(s): based on shared “cross-cutting” analytical approaches and “specific” new well-defined
application domains. We also saw instances where they didn’t imagine a new solver type. Those cases are
marked as “original” in Table 1.

Analysts who predict financial market risk, focus on a group defined by the “specific” domain
context; unique aspects of financial markets are tied to the types of analyses that are typically done and
also what people in that domain tend to focus on and assume. In contrast, focusing on data scientists
defines a group in terms of their toolkit, which can be applied to multiple different application domains
(“cross-cutting”). Data scientists work on financial markets, but they also work on analyzing public health
data, predicting traffic patterns etc. In the context of Solar Flares, the team chose to lean into data science
as the imagined outside experts. In re-writing the problem description they were explicit in emphasizing
the type of solver who might be interested: “The Challenge is posed in such a way as to broaden the base
of potential Solvers to include anyone who has a mathematical and data-analysis background.” They
could have equally pursued the application domain path as well, which was done in other challenges.

4.2 Changing Problem Language

The problem description document communicates the formulation of the problem. Since most
problem descriptions are written for domain experts, they often contain domain-specific language that
supports precise, rapid, communication among experts in the field, but can be difficult to penetrate for
outsiders. Work on the language dimension involves changes to the text of the document. We observed
two types of language work. The first, “plain text” is about removing disciplinary jargon and replacing it
with plain language. This was observed across all the cases. The second, “new jargon,” involved inserting
the jargon of a new target solver population, as identified through the formulation process. This latter
process was only observed in a subset of the cases.

Plane text: In the Solar Flare case, experts recognized early that the language of heliophysics
would create a barrier for outside innovators. In one cross-lab meeting, a mechanical engineer put the
sentiment into words: “I’ve sat there and said, ‘Look, I know you’re speaking English. It sounds like
English. But I have no idea what the heck you said.””” The team took this to heart and changed the words
in the problem description to be more easily understood by non-heliophysicists. For example, in the
original documents solar particle events were exclusively referred to as SPEs, which can also stand for
other things in other domains. Simply re-writing as solar storms immediately removes a barrier. More
broadly, the domain-specific language that needs to be translated can relate to three levels of specificity:
the industry/field, the organization, and the profession/discipline.



New jargon: In some of the cases, the problems were re-written to explicitly attract solvers from a
different domain. Doing this includes adding their jargon to the problem description. An example of this
in the Solar Flares case is how they changed the words in the challenge title. Originally it was called
“solar protons events forecasting” which was later re-written to sound familiar to data scientists with the
words “data-driven forecasting of solar events.” The inserted specific “data-driven” language, including
“Bayesian time-series analysis” to further signal the target audience through language choices.

4.3 Surfacing Solving Assumptions

When problem descriptions are written for domain-experts, many assumptions about solving in
the problem’s original context are left implicit. When the goal is to attract outside innovators, it is critical
to make those assumptions explicit, by codifying them, otherwise, solutions provided may not solve the
relevant problem. We observed two types of assumption work. The first kind, “codify,” surfaced implicit
knowledge in the problem description and made it explicit. This happened to some extent across all of the
cases. The second kind “recode” involved a deeper process of transforming the problem to look like one
written by experts in the new domain, for experts in that domain. This only happened in a subset of the
formulation processes.

Codify: In the context of solar flare prediction, the NASA experts found it important to add
explicit information about the application domain into the problem description. For example, in the initial
description of the solar flare problem, they did not explain what an “all clear” forecast is. This was
particularly important because there was a clear understanding of how to predict the overall annual and
monthly solar events but not within 4 to 24 hours. Realizing that outsiders would need both of these
things, they added: “Of particular interest for mission operations is the ability to predict or forecast
periods from 4 to 24 hours of low probability of having an SPE, i.e., an ‘All-Clear’ forecast” to make the
parameters of the need clearer for those less familiar with the state-of-the-art in the domain.

Recode: The Solar Flare case is an example of re-anchoring on the solving toolbox of data
science. While the original problem description focused on the context of solar proton forecasting, the re-
written description emphasized solving techniques familiar to data scientists: “The Seeker is extremely
interested in seeing whether techniques such as ensemble forecasting (similar to what is used in field of
meteorology), multivariate statistics and Bayesian time-series analyses may be able to provide some
progress towards a solution....” This is a version of explicitly stating the solving approaches of the
expected solvers. Below in study two we will also show how this can be done by writing the problem in a
way that makes new solution domain assumptions tacit.

While recoding assumptions can make a problem more accessible to solvers from that new
domain, it is important to ensure that solutions in that domain are still relevant to the original domain.
Recognizing this risk, the heliophysics experts considered whether there was a need to create a clear path
back to their original problem. They asked the question: “how would we know if the external experts’
solutions can really work in our context?”” and “how can we test and integrate their solutions in our
context?” To ensure that external solutions would be useful, NASA’s heliophysics domain experts
identified their key original domain constraints. They did this by adding real historical data to the
reformulated problem, enabling solvers to validate that their solutions would work on representative SPE
events.

4.4 Changing the Problem’s Context

Table 1 summarizes the progression of how much the formulation work that was done across the
14 challenges and connects a resultant change to the context of the problem. The work done on problems
9-14 (in Table 1) focused on clarity, changing words and making assumptions explicit, but not changing
the context in which the problem was anchored. In contrast, problems 1-8, all changed the context to
some extent. This difference is made explicit in Table 1, which notes the problem’s context after the
formulation process, and indicates the extent to which the challenge was successful in terms of solution
outcomes.



variable. In the next section, we formalize these formulation end-states to study them directly.

Among problems 1-8, we observed three types of new contexts. 1 and 2 were formulated to be re-
anchored in a new specific solution domain. 3-6 were formulated to be re-anchored to signal a particular
solving approach that was often cross-cutting. This is the Solar Flare example, where the approach is a
suite of prediction tools from data science. In 7-8, the context changes but the new context is undefined,
with the idea being to keep the potential solver pool as broad as possible.
Table 2 also shows the results of the formulation processes on challenge outcomes. Note that all
the challenges that were fully solved (3, 4 and 6) involved a “recontextualization” focused on solving
process. Most (4/5) of the challenges that were “not solved” (2, 9, 10, 11 and 13) remained in their
original context. It appears that the additional context work is helpful to a point, with recontextualizing
around cross-cutting tools being highly effective and focusing on a specific target discipline being more

Table 1 Relationship of Formulation Work to Context-change and Solving Outcomes

# R&D Problem Context Work (Re)Anchoring Challenge
(after formulation) | Result
1 Improved barrier layers-keeping food | Language: plain/new jargon | New — anchored Partially
fresh in space Assumptions: codify/recode | on solution Solved
Expertise: new, specific
2 Real-time analysis and reporting of Language: plain/new jargon | New - solution Not
water-borne microorganisms Assumptions: codify/recode solved
Expertise: new, specific
3 Mechanism for compact aerobic and | Language: plain/new jargon | New — anchored Solved
resistive exercise device Assumptions: codify/recode | on cross-cutting
Expertise: new, cross- solving approach
cutting
4 Data-driven Forecasting of solar Language: plain/new jargon | New — solving Solved
events Assumptions: codify/recode
Expertise: new cross-cutting
5 Medical Consumables Tracking Language: plain/new jargon | New — solving Partially
Assumptions: recode solved
Expertise: new cross-cutting
6 Medical kit optimization algorithm Language: plain/new jargon | New — solving Solved
Assumptions: recode
Expertise: new cross-cutting
7 Preventing growth of and removing Language: plain New —undefined | Partially
microorganisms and bio-films from a | Assumptions: codify Solved
potable water system Expertise: new cross-cutting
8 Bone imaging- A clinically-useful Language: plain New —undefined | Partially
technology sensitivity to assess the Assumptions: codify Solved
microstructure of “spongy” bone Expertise: new cross-cutting
9 Radioprotectants for humans exposed | Language: plain Original Not
to chronic and acute radiation Assumptions: codify Solved
Expertise: N/A
10 | Life on Mars-Seeking protocols Language: plain Original Not
Assumptions: codify Solved
Expertise: N/A
11 | Miniaturized & portable diagnostic Language: plain Original Not
scanning systems for remote Assumptions: codify Solved
environments Expertise: N/A
12 | Simple microgravity laundry system | Language: plain Original Partially
Assumptions: codify Solved




Expertise: N/A
13 | Augmenting the Exercise Experience | Language: plain Original Not
with Audio Visual Inputs Assumptions: codify Solved
Expertise: N/A
14 | Coordination of sensor swarms for Language: plain Original Partially
extraterrestrial research Assumptions: codify Solved
Expertise: N/A

5.0 Study 2: Applying the “Clean” Formulation Processes Ourselves

Study 1 uncovered three dimensions of problem formulation that appeared to group around a
progression of context work. In Study 2 we sought to learn from the applying these observed mechanisms
as intentional and distinct formulation processes. Then, in Study 3, we leverage those alternative
formulations to investigate their impact on the solvers attracted and the solutions they produce. Since
Study 2 and 3 share a research setting, we will describe it once here, with relevant details embedded
within the studies.

5.1 Research Setting and Data

For our research setting for Study 2 and 3, we chose a different part of NASA. We chose the
reference problem of an autonomous robotic manipulator for use on the International Space Station. We
chose this problem because it is a challenging engineering problem that draws on expertise from multiple
disciplines and can be formulated in multiple ways. An internal NASA team was already working on this
problem but welcomed the chance to explore the viability of open innovation in parallel. For the overall
field experiment, we collaborated with NASA Center of Excellence for Collaborative and Open
Innovation (COECI) and the Freelancer.com platform. The field experiment was conducted on the
freelancer.com platform who worked with us to instrument the platform to collect unusually rich data
about all the solvers and their solutions.

The core experimental manipulation was the decomposition and formulation of the challenge
problems. In all, 17 individual contests were run over a period of 12 months. The context varied in the
aspect of the robotic manipulator posed and how the problem was framed. Details of the full experiment
were published as [13]. Here we focus on how we formulated these problems and how that, in turn,
updated our understanding of the processes of translating, decontextualizing and recontextualizing, which
has not previously been written about.

The data for Study 2 was generated based on documentation of our team’s attempt to work
through the “clean” version of the problem formulation processes suggested by Study 1. During the
formulation process, we recorded our meeting summaries, white board work, and design notes, and
captured reflections on challenges and takeaways.. We attempted all combinations of the “context work”
along each of the three dimensions but found it difficult to apply them independently. While NASA gave
us significant latitude to try atypical formulations, we were still constrained by what was judged as
reasonable final problem statements. Therefore, we focused our efforts on generating a “clean” problem
statement (formulation outcome) for each of the four contexts that emerged in Table 2.

Of the 17 challenges in the broader experiment, in this paper we focus on the four that map to
what we will call “translated” (original context), “decontextualized” (new, but undefined context),
“solving-recontextualized” (new context, anchored on cross-cutting solving tools), and “solution-
recontextualized” (new context, anchored on a specific solution domain). The four we chose are versions
of the problem, at a comparable level of decomposition. While we applied multiple dimensions of
“context work™ to each of the 17, they exist at different levels of disciplinary and functional
decomposition and are therefore not directly comparable. For example, comparing a translated version of
the full robotic manipulator to the decontextualized version of a small subcomponent in terms of number
of solvers who attempted a submission is not a fair comparison because, among other factors, the prize is
five times as large commensurate with the scale of the task. Therefore, we only compare the translated
version of a similar scope subproblem.



The sections below describe the work that led to the new formulations, highlighting what we
learned. The first meta takeaway was that we were unable to apply all “context work” to all problems —
while the language of any problem could be made clearer to outsiders, we were not able to identify a
cross-cutting context in every problem statement and some problems were much easier to re-anchor on
analytical tools vs. a new application domain. As a result of this practical constraint, below we present
four resultant formulations of similar scope that represent different parts of the same overall robotics
system rather than reformulations of the identical subproblem. In describing the below process, we also
highlight the distinction between the new context anchor, which was difficult to tease out in the natural
setting of Study 1. Table 2 summarizes the formulation outcomes and their associated context work. The
sections that follow are organized around formulating with a goal of generating a translated,
decontextualized, solving-recontextualized and solution-recontextualized problem.

Table 2 Summary of Resultant Formulation

Resultant Main activity Relationship to the Mechanisms

Formulation original context

Translated Making the problem Keeping the problem in its | Remove jargon,
accessible to external original context Codify assumptions
experts (by codifying
domain’s assumptions and
language)

Decontextualized | Identifying the abstracted | Detaching the problem Imagine many
problem(s) that lie within | from its original context | potential solvers, add
the original problem (without relating to a solution-agnostic

specific external context) language, codify
assumptions

Solving- Reformulating the Moving the problem Imagine solvers who

Recontextualized | problem according to a from the original context share a solving toolkit,
group of external solver’s | to a new context defined change language and
language and heuristics by shared solving assumptions to match
while retaining key approaches that approach

Solution- constraints of the original | Moving the problem Imagine another

Recontextualized | problem’s domain. from the original context solution domain with

to a new defined solution | an analogous problem,

domain change language and
assumptions to match
it

5.1 Translated

We chose to use the autonomous gripper challenge as the basis for our translated problem. It is
the smallest scope robotics problem, within the overall robotic manipulator problem. The resultant
translated problem is called SAM (the smart attachment mechanism). To formulate the translated version
of the gripping problem, we focused our efforts on reviewing the NASA “problem specification” — a
standard internal technical description of the problem to be solved — for word-level context-specific
jargon and extraneous details. We forced ourselves to ask what information was unclear to non-domain
experts and changed the language as appropriate. We also worked on the assumptions, making changes
like simplifying and making explicit environmental requirements. For example, the original specification
included a reference to another complex standard which is familiar to domain engineers, but barely
penetrable to outsiders. We included a subset of the most relevant requirements from that document and
made them explicit. For example, we stated the amount of debris a space robotic system can make and
were explicit about acceptable interaction with human users in terms of three requirements for “no sharp
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edges, defined as a radius of 3mm, for astronaut safety,
diameter” and modes of astronaut intervention.

no loops of material greater than 25.4mm in

5.2 Decontextualized

We identified the shoulder mechanism, which performs the function of packing and unpacking
the arm as a viable candidate for a decontextualized formulation. Named SDM, the “simple deployment
mechanism,” the goal was to formulate the problem such that it could be reasonably solved by almost
anyone using their relevant knowledge and processes. Creating a fully decontextualized problem —
independent of any application context was conceptually challenging. We started by trying to remove all
space and robotics-domain language and assumptions from the problem but found ourselves unable to do
that directly nor at the system level. However, we realized that many of the core mechanisms in SDM
exist in many other domains (as actuated packing/unpacking systems) and focused our brainstorming on
imagining as many similar mechanisms and associated solvers as we could imagine. This would help
identify the inherent generalized problem. One helpful analogy was to Jack-in-the-box children’s toy
where a similar “unpack” function is fulfilled by a very different type of system. We tried to write the
problem description in a way that could be solved by both toymakers and roboticists, believing that if that
were true, we were not over-constraining the potential solvers or solution space.

Rethinking target solvers and solution domains led us to fundamental changes in how to present
the problem in terms of both language and assumptions. For example, to remove the zero-gravity aspect,
we recalculated all the forces in earth gravity and presented a planar version of the problem to avoid off-
axis torques. To avoid presuming rotational actuation, we chose a motion path that could be
accommodated by linear motions (as of a spring) and did not provide power limits to avoid that
discussion entirely. Similarly, instead of defining attachment points to the rest of the system (e.g., as in a
typical interface document), we only provided a volume limitation for the mechanism and stated that
NASA would design an interface to match any feasible solutions. In doing so, we were aware that
additional work would be needed to adopt less conventional solutions, but since interface constraints
impose clear limitations on the design space, this seemed like the only way to achieve wide solution
variation. The result was called a “Simple Deployment Mechanism,” a problem we believed would be
accessible to almost anyone. In hindsight, we realized that accessible to anyone also meant that it wasn’t
recognizable as “my problem” to anyone, so to solve it people would need to re-anchor it in their domain,
which both created its own barriers and very high variability in the types and appropriateness of solutions
we would receive.

5.3 Solving-Recontextualized

Like the decontextualizing process, above, we began by imagining whether there were aspects of
the reference NASA problem that also exists in multiple domains, solved by groups of similar solvers.
While much of robotics is problem and context specific, we realized that there is substantial software
involved, which is an increasingly widely distributed skill set. Initially we thought that a challenge
focused on the control problem would work, but it became apparent that the effective solutions relied on a
particular mathematical formulation (Inverse kinematics) which is primarily familiar to roboticists. We
still thought that software would be a productive path but started thinking about more cross-cutting
functions. We settled on HMSA, the “health monitoring software architecture” subproblem.

We realized that almost any autonomous system (robotics or not, in space or not) needs to
perform “health monitoring” to ensure its systems are functioning properly. We specified the “health
monitoring” problem in a format that was general enough that it would be recognizable to anyone
engaged with a similar problem in their domain, but also with enough of the local constraints that a
solution would be useful in our context. Functionally, this meant specifying a reasonable number of
inputs and outputs with representative temporal and structural dependencies and priorities. We used the
language of health monitoring (generally) to signal the type of problem it was, as was done in the solar
prediction case. In contrast to SDM (the decontextualized problem), HMSA was immediately



recognizable to solvers familiar with “health-monitoring” which somewhat constrained the potential
solvers, but in a structured way.

5.4 Solution-Recontextualizing

For solution-recontextualizing, the core processes involve identifying a specific other domain
with an appropriate problem and then reformulating the original problem in the language and context of
the problem in that specific other domain. To define the “other” we considered other applications of
robotics in safety critical systems (like cleaning nuclear reactors, or deep-sea operations) but we judged
these domains as too similar in how they think about the robotic solutions to be useful in a broadening
sense. We moved on to domains that are more different in their approach and found it more productive to
think at the level of subproblems, like how the gripper attaches to its perch (not how the overall robotic
manipulator operates). We knew that in robotics, and in space robotics in particular, low powered
solutions are highly valuable since power is a scarce resource. We realized that there might be some high-
value strategies for reducing power if instead of gripping, we focused on sustaining grip, which is a part
of the problem that has direct analogies in other contexts. This thinking led us to the “material interface
surface” (MIS) challenge. We thought that there might be novel material science solutions to this
problem, but we didn’t just want to attract material scientists interested in learning robotics, we wanted to
pose a native materials science problem (that, although not stated, could also address our needs). In other
words, we wrote a challenge on a material science problem (not a robotics problem) with a defined plan
for how we would leverage solutions to that problem in our context.

Having picked a target solver community to recontextualize to and a type of solution we could
leverage, we analyzed all of the system-level requirements for relevance to the attachment function (our
framing) and then represented them in terms of slipping force (the view of the material science
community). We then translated the general physics and robotics terms to materials science-specific
language. For example, instead of providing a reference handrail material, we only included a coefficient
of friction for the attachment surface (a recoding of the assumptions). Finally, we reviewed the new
problem description to assess if solutions were likely to be relevant and useful to our original context. We
realized that if we framed everything as “not slipping” a natural solution might be to propose a surface
material that cured on contact (like glue). However, since attaching and detaching is necessary for the
overall system, we needed to impose a requirement for reversibility of the hold. This ensures that if a
material scientist with no knowledge of our context solves the problem as posed, the result is still likely to
be useful in ours.

Through this exercise we both refined the process for formulating for different targets —
translated, decontextualized, solving-recontextualized and solution-recontextualized — and generated
specific formulations that we will leverage in Study 3.

6.0 Study 3: Testing the Impact of Formulations on Solving QOutcomes

In Study 3, we test the impact of alternative formulations on who solves and the outcomes of
what they produce. Note that in Study 1, the outcome was defined in terms of whether the best
submission solved the challenge problem. In Study 3, all the challenges were successful, in that the
winning solution achieved the goal of the challenge. Thanks to the experimental set up, the data lets us
dig more deeply into how successful the full set of submitted solutions were and also how successful the
context work was in attracting the intended solving populations. Recall, that a key reason to change the
problem’s context is to attract different solvers - “outsiders” - who see your problem as one they can solve
with their solving approaches. Therefore, in analyzing the challenge data it is important to see if this
change in who solves is happening and supporting the good solutions we receive.

6.1 Data and Measures
The data for Study 3 comes from the field experiment introduced in Section 5.1. Over the course
of the challenge series, we tracked a population of 16,249 potential solvers, of which 6,219 initiated



solving, and a subset of 147 unique solvers submitted 263 judgeable solutions. The full dataset was
published as [13]. Initial results from the original study were previously published [10]. For this paper the
study data was reanalyzed to focus on the types of solvers attracted in relation to the alternative

formulations. Here we focus our analysis on the four challenge problems described above.
To understand how formulation impacted solving, we operationalized our experimental variables

as follows:

e Formulation, our independent variable, has four levels: translated, decontextualized, solving-
recontextualized and solution-recontextualized, corresponding to the problems described in

Section 5.

We study two categories of dependent variable: the solver and the solution outcome.

e Solver: we are interested in how many were attracted. This variable is called “interest” and is
defined as any solver who downloaded the problem description to start solving. This variable was
recorded in the click database [13]. We are also interested in whether the solver is an outsider,
with a background in robotics or another discipline. We define the solver as “in-discipline” if they
indicated educational background or work experience in robotics or mechatronics, and “outsider”
otherwise. These fields are explicit in the registration survey [13].

e Solution outcome: we used a binary variable of high quality or not, previously coded by experts
as described in [10].

6.2 Findings

Table 3 presents the experimental results. The first four results columns present the raw values
corresponding to our dependent variables. We analyze these data as a down-selection process where
subjects self-select from the preceding population. For example, subjects in the registrant pool decide
which challenge to participate in by showing “interest”. Therefore, we calculate the proportions for each
stage of selection. Since the selection mechanism is endogenous to the experiment (i.e., not randomized
experimentally) and the success condition is quite small (<10 after interest) we calculate the confidence
intervals using Wilson Score Intervals, as implemented in R’s binom.confint function. 95% confidence
intervals are shown on each plot. We visualize these results in Figure 2, with each panel showing the

percentage of X {interested, high quality, outsiders} selected from the previous stage, with Cls.

. o) 11
Formulation Interest ;ﬁﬁ; Outsider | 9 Interested Sulz_illl 1%;1 % Outsiders
2.5% 1.2% 60.0%
Translated 406 5 3 [2.3,2.8] [0.53,2.9] [23, 88]
6.2% 0.8% 62.5%
Decontextualized 996 8 5 [5.9, 6.6] [0.40, 1.8] [31, 88]
Solving 1.0% 3.0% 100.0%
Recontextualized 168 5 5 [0.90, 1.2] [1.3,6.8] [57, 100]
Solution 1.2% 7.3% 78.6%
Recontextualized 191 14 11 [1.0, 1.4] [4.4,12] [52,92]

* All confidence intervals [,] are shown at the 95% level, calculated as a Wilson Score Interval

Table 3. Summary of results




Figure 2: Proportion of Solvers and Solutions, by Selection Stage for each Formulation Type
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To interpret these results, we work through the empirical questions raised by the earlier sections.
First, did context work attract more solvers overall? To some extent. The “interest” column shows that
decontextualizing attracted more than double the raw interest compared to translating. However,
recontextualizing attracted fewer (with insignificant difference between solving and solution anchors).
This result makes sense given that decontextualizing aims to be attractive to everyone, while
recontextualizing has a pre-defined “other” in mind.

Second, does anchoring in a context drive more high-quality solutions? Yes. Of these four
formulations, the highest number of high-quality solutions came from the solution-recontextualized
problem (column “high-quality”), despite its relatively low interest levels. Focusing on proportions, it
showed a significantly increased yield compared to translated and decontextualized. Similarly, solving-
recontextualized receives the same number of high-quality solutions for a much lower interest level. The
difference in proportion is significant compared to decontextualized but not translated. In contrast,
decontextualized receives more high-quality solutions than translated, but as a proportion it’s a lower
yield (though not statistically significant). These results suggest that a communicated context may be
important for solvers to provide high-quality solutions, whether it is the original context or a new one.
Anecdotally, we saw more inappropriate solutions to the decontextualized framing, for example, a
quadcopter as a solution to a small-scale actuation task.

Third, are the high-quality solutions coming from outsiders? An important goal of context work is
to make the problem attractive to outsiders. Here the sample size is very low so there is a need for caution
on the takeaways. The “proportion of outsiders” column shows the percentage of outsiders among high-
quality solutions. Starting from a high baseline in the translated case (60% without any context work), we
see no statistical difference for decontextualized problems. The trend is upward for recontextualized
problems, though not statistically significant. It is noteworthy that all the solving-recontextualized solvers



who submitted high quality solutions were outsiders. This emphasizes that our formulating for a standard
software problem attracted non-robotics software developers, who also happen to be well represented on
the Freelancer.com platform. In this data, the solution-recontextualized problem attracted a large fraction
of outsiders (78.6%). That the proportion of outsiders is lower for solution vs. solving recontextualized
may be an artifact of the challenge platform — there is much less of an active of community of material
scientists than software developers or roboticists, which likely affected who heard about the challenge.

Overall, Study 3 findings illustrate that while recontextualized problems tend to attract fewer
external solvers, the ones who do solve tend to contribute higher quality solutions. These findings
challenge the common notion that “more is better” for open and distributed problem solving.
Decontextualized problems have the predicted effect of increasing interest, potentially since more people
see it as a problem they can solve. However, that increased interest does not result in more high-quality
solutions, potentially because it puts significant onus on solvers to attach the problem to their own
context. As a result, the decontextualized challenge produced fewer high-quality solutions. In contrast,
both modes of recontextualized problems reduced the raw interest but showed much improved yield. We
believe this might be because the specific solution domain that was being targeted was only of interest to
a smaller subset of potential solvers (which reduced the overall interest numbers) but for those who were
interested, they understood the problem much better and that translated to a much higher yield of high-
quality solutions.

7.0 Formulating to Attract Outsider Innovation

Across the three studies we formalized the “context work™ needed to generate, and evaluated the
impact of, alternative problem formulations — translated, decontextualized, solving-recontextualized and
solution-recontextualized — on solutions outcomes, in terms of who is attracted and how well they are able
to apply their knowledge to generate solutions. Table 4 summarizes how all the pieces of the paper fit
together. Here we aim to provide more specific guidance for how this theory may be implemented in
practice.

The four alternative formulations differ in terms of the dimensions of context work (language,
assumptions, expertise) that generate them, with implications for which solvers are attracted and how well
they are able to apply their domain-specific expertise to the original problem domain. We recognize that
different organizations may have different goals. If the goal is a translated problem, the core processes
involve 1) re-writing the problem description in plain language and 2) codifying implicit assumptions, so
they are visible to outsiders. This acts on the words of the problem description but does not change who
the solution is for, or who is likely to “see” the problem as theirs. If the goal is a decontextualized
problem, the core process involves 1) removing context to make it “everyone’s” problem. Doing this
often involves 2) imagining other solvers who might have useful expertise to help refine the notion of the
core underlying problem. There will typically be 3) a more substantial re-writing of the problem statement
text since the goal is to remove domain-specificity in language and assumptions, not just make the
original context clearer to outsiders. For a solving-recontextualized problem there is a similar process of
1) imaging many audiences for the problem, but rather than seeking to remove context, here the goal is to
formalize a well-defined cross-cutting context in terms of the shared solving approach. Doing this
involves 2) inserting new language while also 3) recoding assumptions to attract solvers from the new
context. Finally for a solution-recontextualized problem, the emphasis is on 1) selecting another specific
application domain and fully reformulating the problem context in the 2) language and 3) tacit
assumptions of that solution domain. The result should look like a problem from that domain.

Table 4 Summary of Formulation Processes and Outcomes

Context work Solving Outcomes

Formulation Goal Problem Solver

Language Solving Assumptions e Solvers | Solutions
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The last two columns show two ways of thinking of solving outcomes. One way to think about
whether a formulation “worked” is by the scale of the response. Within open and distributed innovation
“more is better” is a common refrain following the extreme value solution logic. Viewed this way, the
decontextualized problem was the most effective. By un-anchoring the context, more different solvers
were able to view it as their problem. However, this is not the whole story, we also looked at whether the
increased solver pool yielded more high-quality solutions, from outsiders. Here, the yield was high for
both recontextualized options, with the benefits of anchoring on a solution domain, depending on how

good the targeting was. In Study 1 solution-recontextualized was less effective than solving-

recontextualized, while the opposite was true in Study 3. If the seeker is unsure of which external
audiences may have relevant solution-specific context, solving-recontextualized may be safer.

8.0 Conclusion

This paper reports the findings from a multi-year research program with NASA on open and
distributed problem solving, which included diverse technology from food storage to robotics. The first
study observed an experiment conducted by NASA to explore the value of open innovation methods. In
attempting to understand the “secret sauce” of what made some of the projects so successful, we
inductively studied the way problems were formulated when opened to the world. We identified three
dimensions of “context work,” which include changes to the language of the problem, the tacit

assumptions about how it will be solved and the imagined expertise of the solvers we wish to attract. We
show that these are explicit, reflective process whereby domain experts question their problem statements
in hopes to find external unexpected solvers. We conceptualize this as “context work™ which deepens our
theoretical understanding regarding the relationship between professionals’ knowledge work, problems
and their context [61].

We leveraged these three dimensions of “context work™ to formalize four alternative problem
formulations: “translated,” “decontextualized,” “solving-recontextualized” and “solution-
recontextualizing.” From a practical perspective, we found that these different formulations have a direct
impact on performance. In the first study, while all 14 problems in NASA’s experiment were “translated”,
8 of them also went through additional, deeper context work that included detaching and re-anchoring the
problem in new contexts. These 8 problems received more successful external solutions, with some of the
most successful solutions occurring when they were recontextualized to a cross-cutting solving approach,
like data science. In the field, the mechanisms of context work were messy and overlapping.

Therefore, we designed a field experiment wherein the research team did the formulating and
context work to understand the impact of these processes more deeply. We applied the “clean” version of



formulation goals to the context of a NASA space robotics problem and studied that problem. We
discovered how the different expert processes led to solving vs. solution recontextualized, based on
shared analytical solving approaches or a new solution domain. This matters for who will be attracted to
the problem, and the importance of targeting correctly.

We then leveraged these new formulations and opened them to the world on the Freelancer.com
platform. We instrumented the process to see who was attracted to and eventually solved each of the
reformulated problems. Here we reinforced the initial suggestion from Study 1 that deeper formulation
can lead to better challenge outcomes and were able to explain the differences in how that formulation
acts on outside solvers. The process of removing context makes the problem more accessible to more
solvers with different backgrounds, with decontextualized problems being the extreme in that anyone
could attach it to their own context. However, there is a tradeoff because removing all context puts to
onus on the solver to attach the decontextualized problem to their own context. This resulted in a lower
proportion of high-quality solutions being received, despite the much higher interest.

The act of re-anchoring in a new context through recontextualization has the benefit of defining
the type of solver and/or solving approach that might be productive. Here we identified two strategies for
re-anchoring: solving, based on an analytical solving approach that exists in many application areas and
solution, based on a specific other application domain. Both can be effective, with the latter showing the
highest yield of high-quality solutions, but the former being less susceptible to missing the target (the
worse outcomes in Study 1). In generalizing these findings, it is worth noting that while the technical
context of this work is quite broad, it is limited to open innovation settings where the impacts of
organization culture and incentives are minimized. This provides a useful experimental lens but in
applying these ideas within an organization, these factors should be considered.

Having identified the importance of “context work™ that underlies both decontextualized and
recontextualized problems, our findings create an interesting platform for both future research and
guidance for practitioners. Future research could investigate the variable abilities of professionals to
conduct context work and to deepen our understanding of experts’ socio-cognitive abilities in the
problem-solving processes. According to existing literature, we would assume that domain experts will
not be able to decontextualize and recontextualize their problems successfully as they tend to get
entrenched in how they “see” their own problems. In our data, some domain experts seemed to overcome
this “lock-in” [62] while others did not. In fact, when we ourselves purposefully conducted these
processes in study 2, we experienced how the challenge of this context work. Future research should
explore the capabilities and skills that can enable deep context work. This ability could be related to
educational and professional training [12], construal level thinking [63], or the identity of the professional
[7]. To support practitioners, we suggest that explicit “context work” training be developed and evaluated,
building on the guidelines in section 7.

In the rapidly changing technological era, decontextualizing and recontextualizing problems may
also be helpful processes for identifying unexpected experts and contexts with relevant knowledge. This
has been important for many years as organizations are constantly seeking external talent [63,64] and
professionals have sought more diverse ways to work (e.g., freelancing, multiple jobs.). = More recently,
with the rise of Generative and Agentic Al and its impact on work broadly, decontextualizing and
recontextualizing, whether broad or targeted, are even more important. As knowledge workers learn to
integrate LLM-based tools as part of their work, they are in a sense opening up parts of their problems to
a different kind of external solving [65,66]. Based on our findings, how the problems are shared is critical
to successful use. Furthermore, because generative Al is a new and fast-evolving technology, it requires
dedicated training. Traditional upskilling approaches, such as relying on junior professionals to coach
senior ones on emerging technologies, have proven insufficient in the case of generative Al, where
experience alone does not easily translate into effective usage or oversight [67]. There are two specific
ways that our emerging theory of context work and alternative formulations can be helpful.

First, leveraging genAl as a partner in “context work” could help overcome the cognitive
challenges of experts as described above. LLMs are well suited to supporting the process of imagining
other potential solver pools and codifying and recoding the language to match those outside experts. The



question remains of how to purposefully and reflectively implement the process, as outlined in this paper.
Future work should design and evaluate LLM-based supports to accomplish this. Second, there is
potential to use resultant problem formulations to elicit diverse solutions from LLMs in parallel with
broadcasting the problem to outsiders. However, emergent research is showing that generative Al models
are often used to solve problems in a way that reduces cognitive diversity [68], drive to select popular
solutions [69] and that the solutions often lack coherent design content in technical applications [70]. As
this field continues to evolve [71], the question of how to elaborate the underlying formulation and
solving mechanisms that enable useful diversity of solving approaches, as outlined here, will only be
more important.
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