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Abstract

Future long-duration human spaceflight will require Earth-
independent operations, in which communication delays
force crews to diagnose and respond to anomalies with lim-
ited real-time ground support. Procedure synthesis can sup-
port this need by constructing situation-specific diagnostic
procedures from reusable fragments, which we call snippets.
In practice, however, the central difficulty often lies in knowl-
edge engineering rather than in search alone. Existing proce-
dures, manuals, subject matter expertise, and systems models
capture operational knowledge at different levels of abstrac-
tion and rarely provide the explicit preconditions, effects, and
observation structure that a procedure planner requires.
This paper examines three recurring modeling challenges that
arose in our work on anomaly response procedure synthe-
sis: (1) representing information gathering and state-changing
snippets without losing tightly coupled operational behavior,
(2) defining snippet conditions in terms of system state rather
than implicit procedure sequence, and (3) choosing simplify-
ing assumptions that support tractable reasoning while pre-
serving operational structure. Together, these challenges mo-
tivate a layered modeling approach in which modelers in-
corporate operational source information into systems mod-
els that capture valid configurations, topology, and snippet
structure. These models are then exported to an intermediate
domain representation containing plant-model state data and
snippet-library information, which solver-specific translators
use to produce procedure synthesis encodings.

Introduction
Future human exploration space missions will require crews
to handle anomalies with limited real-time support from the
ground during Earth-independent operations. As communi-
cation delays grow beyond low-Earth orbit, crews must di-
agnose off-nominal situations, evaluate candidate responses,
and execute procedures under uncertainty and resource con-
straints (Maddox, Vera, and Martinez 2024; Parisi et al.
2024). Procedure synthesis can help meet this need, and
automated planning provides one important family of tech-
niques for carrying it out.

The Earth-Independent Operations (EIO) Anomaly Re-
sponse portfolio includes a procedure synthesis effort aimed
at generating contingent diagnostic procedures from fault
hypotheses. This work sits within NASA’s broader EIO
effort to equip future Mars crews to respond to onboard

problems with substantially reduced real-time ground sup-
port (Maddox, Vera, and Martinez 2024). Figure 1 places
this effort in the larger anomaly response process, from
anomaly detection and fault diagnosis through procedure
synthesis, procedure validation, and crew execution. In the
broader portfolio, anomaly response also includes response
and recovery activities; we focus here on the diagnosis-
oriented procedure-synthesis portion of that larger problem.

Our efforts have focused on a pragmatic subset of proce-
dure synthesis. Rather than attempting de novo synthesis of
full procedures from first principles, we construct ad hoc,
situation-specific procedures by recombining fragments of
existing procedures, which we call snippets. A snippet rep-
resents one or more procedure steps and plays a role simi-
lar to a macro action, with preconditions and effects. This
choice grounds the problem operationally, but it also forces
modelers to convert human-authored procedural steps into
declarative snippet models that can support novel recombi-
nation. As a result, the physical preconditions and effects re-
quired for snippet-based planning often remain implicit and
must be elicited and modeled explicitly.

The planning model builds from multiple sources. Diag-
nostic hypotheses, procedural knowledge, subsystem struc-
ture, and execution constraints are distributed across legacy
procedures, subject matter expertise, and engineering mod-
els, often at different levels of abstraction and created for
different purposes. Converting these materials into a for-
mal model is therefore not a straightforward translation
step. Prior work in planning knowledge engineering has re-
peatedly identified model construction, elicitation, refine-
ment, and maintenance as central challenges in real appli-
cations (Vaquero et al. 2013; Lindsay et al. 2020).

The difficulty of turning procedural knowledge from man-
uals and subject matter experts (SMEs) into formal plan-
ning models is a recognized knowledge engineering bot-
tleneck (Bonasso and Boddy 2010; Lindsay et al. 2017).
Within the spaceflight crew-procedure domain, signifi-
cant foundational work includes the Procedure Represen-
tation Language (PRL) (Kortenkamp et al. 2008) and ef-
forts to elicit planning constraints from SMEs to enhance
PRL (Bonasso, Boddy, and Kortenkamp 2009; Bonasso and
Boddy 2010). While our approach focuses on automated
procedure synthesis, case-based planning has a long history
of reusing and adapting prior plans for new tasks (Spalazzi
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Figure 1: Operational context for anomaly response in EIO.
Telemetry deviations trigger anomaly detection and fault di-
agnosis, which in turn drive contingent procedure synthesis.
Dashed feedback paths indicate feedback mechanisms that
are part of the intended anomaly response architecture but
outside the current implementation.

2001). Work on learning action models from plan traces
faces a related ambiguity because observed action sequences
provide evidence about preconditions and effects, but the
modeler or learner must still distinguish causal structure
from regularities that merely reflect how the examples hap-
pened to be executed (Yang, Wu, and Jiang 2007; Zhuo and
Kambhampati 2013). Building on these foundations, we ar-
gue that human-aware procedure generation and semantic
alignment with source materials deserve renewed attention.

We examine three recurring knowledge engineering is-
sues that arose in our work on anomaly response proce-
dure synthesis. The first is how to separate observational
activities and state-changing snippets without misrepresent-
ing operational behavior. The second is how to abstract
reusable snippets in terms of system state, including their
preconditions and effects, rather than inherited procedure se-
quence. The third is how to choose simplifying assumptions
that support tractable reasoning while preserving the struc-
ture of real operational procedures. Taken together, these is-
sues motivate a layered modeling approach. Modelers incor-
porate operational source information into system models
(in SysML) that capture valid configurations, topology, and
snippet structure. An export process produces an intermedi-
ate domain representation containing plant model state data
and snippet-library information, which solver-specific trans-
lators use to produce planner encodings. Figure 2 summa-
rizes this stack.

Modeling Action and Observation
A central modeling challenge in anomaly response proce-
dure synthesis is deciding how to represent snippets that
primarily gather information versus snippets that primar-
ily change the physical system. In the formal domain-
abstraction layer of our modeling stack, we encode this dis-
tinction explicitly in the plant model. In this work, the plant
model is the formal system model that captures the physical
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Figure 2: Modeling stack for procedure synthesis. Opera-
tional source information is incorporated into SysML mod-
els that capture valid system configurations, topology, and
snippet structure. A SysML export produces an intermediate
domain representation containing plant model state data and
the snippet library. Solver-specific translators then produce
planner encodings. Semantic alignment must be maintained
across the full stack.

states and state transitions relevant to anomaly response, to-
gether with the observation outcomes needed for diagnosis,
before translation into solver-specific encodings.

In our current formulation, separating physical state
change and observation shapes the contingent procedures
that the planner produces. Some snippets primarily change
the physical state of the system, while others primarily re-
duce uncertainty by producing information relevant to di-
agnosis. This separation is related to the familiar distinc-
tion in planning with sensing actions between changes in
the world and changes in the agent’s knowledge (Son and
Baral 2001). Fully observable nondeterministic planning
formalisms represent branching over possible action out-
comes in the world (Muise, McIlraith, and Beck 2012).
Here, however, we use a simplified abstraction that rep-
resents information-gathering and physical state change as
separate modeling roles.

Our current approach constructs diagnostic contingencies
offline. The outcomes of observations appear explicitly as
branches in a contingent procedure, rather than as inputs
to an online replanning loop. This branching structure is
standard in contingent planning under partial observability,
where later behavior depends on observations obtained dur-
ing execution (Hoffmann and Brafman 2005; Maliah et al.
2014). In diagnosis-oriented settings, some snippets serve
this information-gathering role more strongly than others,
even when they also involve physical manipulation.

Human-authored procedures can make this separation
hard to maintain. Procedures sometimes combine physical
manipulation, observation, and immediate reaction into a
single operational unit. For example, a hand-written leak-
check step may instruct a crew member to open a valve
briefly, inspect for liquid, and immediately close the valve



if liquid is found. Operationally, this is one coherent in-
struction that exposes the condition, checks the evidence,
and restores the system if the evidence indicates a hazard.
In a contingent representation, however, the same behav-
ior may need to be split into separate model elements in
which a physical action opens the valve, an observation dis-
tinguishes whether liquid is present, and a branch-specific
response closes the valve only on the hazardous outcome.

This difficulty arises because operational observations are
often active tests rather than passive readings. A crew mem-
ber may need to change a valve position, power a compo-
nent, command a mode transition, or connect test equipment
before the relevant evidence becomes observable. The re-
sulting snippet is therefore neither purely observational nor
purely physical. Instead, it changes the system in order to
expose diagnostic information, and the observation may de-
termine whether the system must immediately be restored to
a safe configuration.

If a modeler attempts to consolidate the physical action
and the diagnostic check into a single step, the immediate
conditional response remains difficult to encode in our ab-
straction. In a contingent tree representation, the response
must appear only on the branch where the relevant obser-
vation occurs. Trajectory constraints in PDDL3 (Gerevini
et al. 2009) or Linear Temporal Logic (LTL) search-control
knowledge (Bacchus and Kabanza 2000) can express tempo-
ral requirements over linear plans or execution traces. How-
ever, requirements over all branches of a contingent proce-
dure are different: they concern a policy or plan tree rather
than a single realized sequence. Branching-time logics such
as Computation Tree Logic (CTL) provide one formal way
to reason about such branching structures (Clarke and Emer-
son 1981; Daniele, Traverso, and Vardi 1999), but asking
modelers to encode fluid operational reactions as branching
temporal formulas would shift the knowledge engineering
burden rather than eliminate it. Consequently, this boundary
can shape the model and generated procedure as much as the
planning solver itself.

Modeling Conditions: Sequence vs. State
A major challenge in building reusable snippets is defin-
ing the conditions under which they apply and the condi-
tions they establish. This problem arises early in our model-
ing stack, when modelers translate legacy procedures, op-
erational source information, and subject matter expertise
into reusable snippet models. Legacy procedures often leave
both prerequisites and resulting state changes implicit, so
modelers must recover them with help from subject mat-
ter experts (SMEs). More broadly, the planning community
has long recognized model acquisition and maintenance as
major bottlenecks, whether the starting point is natural lan-
guage descriptions, example plans, or evolving operational
practice (Lindsay et al. 2017; Yang, Wu, and Jiang 2007;
Cresswell, McCluskey, and West 2009; Bryce, Benton, and
Boldt 2016).

When SMEs define snippet conditions, they often be-
gin with procedure-dependent markers. For example, an
SME may describe the precondition for Snippet N+1 as
(completed-snippet-N), indicating that Snippet N

must be completed before Snippet N+1 is executed. That
description may fit an original human-created procedure,
but it does not generalize well to synthesis. A planner that
reasons over causation needs the physical conditions estab-
lished by an earlier snippet, rather than merely the fact that
the previous snippet occurred. In practice, however, SMEs
often describe procedures in terms of ordered steps rather
than in terms of the physical conditions those steps estab-
lish.

This “non-robust” modeling practice can severely limit
the planning system because it blinds the solver to alterna-
tive paths. Consider a simple spaceflight-inspired example:
a diagnostic snippet requires a fluid line to be depressur-
ized. In the physical system, the crew may be able to achieve
this condition through more than one operational path, such
as opening a bleed valve or commanding an alternate vent
path. Both methods can establish the same abstract con-
dition, (depressurized fluid-line), even though
they differ in the lower-level configuration changes they
make.

However, if an SME is modeling a legacy procedure that
nominally uses the bleed valve, they may define the diag-
nostic step’s precondition using an action-specific execu-
tion flag, such as (executed-open-bleed-valve).
By doing so, they hardcode the original manual’s rigid se-
quence directly into the model. Consequently, if the bleed
valve is unavailable, the planner cannot synthesize a valid
procedure using the alternate vent path, because the precon-
dition demands the historical execution of a specific action
rather than the achievement of a physical state.

It is important to note that an SME’s reliance on sequence
often has a practical basis. In spaceflight operations, pro-
cedures encode operational knowledge derived from SME
experience, testing, and training. Procedure order may also
reflect flight rules and other operational constraints intended
to protect crew safety and spacecraft systems (Kortenkamp
et al. 2008; Barreiro et al. 2010). When the original SME
procedure authors specify an execution order, that order may
reflect information that has not yet been represented as ex-
plicit planner-visible conditions, resources, temporal con-
straints, or trajectory constraints. Meaningful operational
procedure knowledge must be converted into planner-usable
information about temporal relationships between tasks, re-
sources, preconditions, effects, constraints, and decompo-
sitions (Bonasso and Boddy 2010). An automated plan-
ner that sees only final-state goals will not preserve such
path-dependent requirements unless the model represents
them explicitly. If the translation omits these constraints,
the resulting model can lose requirements that the origi-
nal procedure sequence preserved implicitly. The friction
arises because the sequence that is obvious to operators must
be translated into declarative structure before a solver can
safely reason about alternative orderings.

Aligning Formal Models with Operational
Reality

Automated procedure synthesis operates through a formal
model that must support tractable reasoning. The central



challenge lies in formalizing the plant model and ensuring
that the systems engineering content corresponds to it in a
way that supports procedure synthesis. The recurring model-
ing issue is that operational procedures often carry structure
implicitly, while automated planners require that structure to
be represented explicitly. Procedure authors may rely on step
order, location grouping, tool staging, crew conventions, or
conservative diagnostic practice to make a procedure work-
able. A synthesis system can preserve those properties only
when the model exposes them as conditions, costs, prefer-
ences, constraints, or other planner-visible structure.

This task requires more than a direct translation from
one representation to another. Beyond typical modeling con-
cerns, such as abstraction granularity, modelers must deter-
mine which actions procedures contain, what requirements
those actions must satisfy, how those actions may interact
with the system, and how those interactions should appear
in the plant model. These modeling decisions give the plan-
ner a reasonable computational structure, but they also intro-
duce assumptions that make the synthesis problem tractable.
Those assumptions shape the procedures the planner can
produce.

One important example is the single-fault assumption. In
our architecture, the diagnostic recommender and the pro-
cedure planner both treat a given anomaly as arising from
one root cause. This shared assumption gives the interface
between the two components a clear structure. The recom-
mender can provide a ranked list of candidate faults with
associated likelihoods, and the planner can use those like-
lihoods to optimize the expected cost of isolating a fault.
At the same time, operational procedures may need to pre-
serve competing diagnostic hypotheses when evidence re-
mains ambiguous, when faults can mask one another, or
when an initial hypothesis captures only part of the situa-
tion. Multiple-fault diagnosis has long been recognized as a
distinct and difficult problem, especially in dynamic systems
where interacting faults can manifest in different ways over
time (Daigle et al. 2016; de Kleer and Williams 1987).

A similar issue arises in the objective function. Many
cost-based planning encodings assign costs to individual ac-
tions and optimize an additive cost objective. This approach
supports efficient optimization and gives the planner a clear
numerical criterion, but it can miss execution burdens that
arise from the structure of the plan as a whole. Human-
authored procedures often organize work around location,
tool usage, system configuration, or crew workflow so that
execution proceeds smoothly. For example, a synthesized di-
agnostic procedure might first ask a crew member to inspect
a valve panel in one module, then return to a workstation to
review telemetry, then go back to the same panel to take a
manual measurement, then return again to the workstation
to run a command. Each individual action may have a mod-
est cost in the planner’s model, but the resulting procedure
forces repeated changes in location, tools, interfaces, and
cognitive task sets. A human procedure author might instead
group the panel-side checks together, then group the work-
station activities together, even if the individual action costs
are unchanged. Human-aware planning has likewise empha-
sized that plan quality depends on more than the agent’s

internal objective, since people also care about how a plan
aligns with their expectations and constraints (Chakraborti,
Sreedharan, and Kambhampati 2019). This perspective also
fits the broader cognitive literature on task switching, which
shows measurable performance costs when people repeat-
edly shift tasks or task sets (Monsell 2003).

These issues illustrate the broader knowledge engineering
problem. A human-authored procedure may already encode
operational structure through its organization, for example
by grouping activities by location, minimizing tool changes,
delaying commitment to a diagnosis, or preserving a safe
configuration while evidence is gathered. A planner cannot
infer these intentions from the sequence alone. To reason
safely about alternative procedures, the model must repre-
sent the underlying structure explicitly, whether as state vari-
ables, resource constraints, temporal constraints, trajectory
preferences, cost terms, or decomposition choices (Gerevini
et al. 2009; Bacchus and Kabanza 2000). Modelers may
therefore need to augment the representation with auxiliary
state variables or reshape the encoding so that synthesized
procedures better reflect human burden and operational flow.
The challenge is deciding which implicit operational com-
mitments must become part of the formal model.

Conclusion

Earth-independent anomaly response offers a demanding
setting for automated procedure synthesis. Our experi-
ence suggests that progress in this area depends as much
on knowledge engineering as on planning and optimiza-
tion. The central challenge lies in transforming operational
knowledge from procedures, manuals, SMEs, and systems
models into formal abstractions a procedure planner can use.

We examined three recurring modeling issues that arise in
that transformation: representing information-gathering and
state-changing snippets without losing tightly coupled op-
erational behavior, defining snippet conditions in terms of
system state rather than inherited procedure sequence, and
choosing simplifying assumptions that support tractable rea-
soning while preserving operational structure. Each issue re-
quires abstraction decisions that strongly influence the pro-
cedures the system can generate.

These modeling challenges point toward a layered mod-
eling approach. In our work, modelers incorporate opera-
tional source information into system models that capture
valid configurations, topology, and snippet structure. An ex-
port process then produces an intermediate domain repre-
sentation containing plant model state data and snippet in-
formation, which solver-specific translators use to produce
planner encodings. This structure emphasizes the need to
maintain semantic alignment across layers, since the quality
of the synthesized procedure depends directly on the quality
of the intermediate representation. Robust anomaly response
procedure synthesis will depend on better ways to construct,
preserve, and evolve the models on which planners rely.
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