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Abstract—Testing a new visual-analytics idea usually takes
months: one needs to find a realistic data set, clean it, and
implement an interactive prototype. We describe a case where a
workflow language and an Al assistant reduced this effort to one
afternoon. The idea under test: relax the Pareto frontier with a
tolerance and group the surviving options into recurring types
- “constellations” on a ‘‘soft sky”’. Using the Artifact-Transform
Workflow Language (ATWL) as a scaffold, we obtained a
consistent workflow in minutes and a running prototype in a few
hours. We derive three lessons. The scaffold matters: without
ATWL the assistant produced a naive workflow. The scaffold
alone is not enough: the first implementation was only average,
and expert knowledge injection was needed to reach state-of-
the-art quality. Finally, the way the scaffold is used matters:
controlled experiments show that a language definition and a
library of examples support different aspects of the task, that
providing both at once reduces quality because template following
displaces creative content, and that scaffolds work best when
introduced after an initial unconstrained design pass. We argue
that the field needs a typology of human knowledge injection, in
a form that is both human-editable and machine-accessible.

Having a new idea in visual analytics (VA) is easy; testing it
is hard. A proper test may take months: a data set that is large
and messy enough needs to be found, cleaned, and understood,
and an interactive prototype has to be implemented. Many
potentially good ideas are never tried because this effort is
too high.

We describe a case where this effort was reduced to an
afternoon. For several years we had a concrete idea in mind:
soften the Pareto frontier by introducing a tolerance, which
produces a “soft skyline”, and then group the surviving options
into a small number of types metaphorically viewed as “con-
stellations on the soft sky’”’. The idea was simple and we often
discussed it, but we never implemented it. The required data
preparation and prototyping did not justify the expected effort.
This time we combined two tools that we had previously used
separately: ATWL, an artifact—transform workflow language
that we had developed,[1] as a design scaffold, and a current
large-language-model-based Al assistant (Claude Opus 4.8) as
a “build engine” for producing code.

Multi-criteria decision analysis (MCDA) is a good test case.
It is not present in ATWL’s worked examples, and a design
that combines a tolerant Pareto frontier with constellations is
not part of the assistant’s standard repertoire. The tools could
not simply retrieve an existing solution. At each step, methods
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Fig. 1. Two scaffolds and a gap. ATWL structures the workflow level; an Al
assistant fills the method-and-encoding level quickly but only adequately; an
expert injects the judgment needed for state-of-the-art quality. That method
knowledge is not yet in a form the assistant can use—this is the gap the article
discusses.

had to be chosen rather than copied, which made this case a
realistic test of the combined approach.

We make three observations, which structure the rest of
this article. First, the combination is fast: we obtained a
sound workflow in minutes and a working prototype in hours.
Second, the scaffold matters: without ATWL, the same class of
assistant produced a clearly weaker, naive design. A controlled
experiment across two tasks turns this observation into a
practical recommendation on scaffold use. Third, the scaffold
is not sufficient: the first implementation achieved only average
quality, and we had to inject expert knowledge at several
points to reach state-of-the-art quality. ATWL is not designed
to contain this kind of knowledge, and the assistant did not
reliably supply it.

The third observation is central (Flgure 1). The difference
between an average prototype and a good one came from
method-level decisions made by a human expert: which tech-
nique to use, how to encode results, and in which order to
apply the steps. This knowledge exists mainly in experts’
heads and is scattered over many publications. We argue it
should be represented in a form that is both human-editable
and machine-accessible, and that the community needs a
typology of such human knowledge injection. We base this
argument on a detailed account of one development process,
relating it to VA as model building[2] and visualization for
human-LLM partnership.[3]
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SIDEBAR 1. Multi-Criteria Decision Analysis

Multi-criteria decision analysis (MCDA) helps a decision maker choose among options rated on several conflicting criteria. Most visual tools descend
from two ideas. The first is the value function: criteria are mapped to a common desirability scale and combined into a single rank. A weighted sum is
the simplest rule; richer aggregations—ordered weighted averages, ideal-point and outranking methods—give finer control, especially in spatial decision
problems [S1]. Interactive tools such as LineUp [S2], Podium [S3], and WeightLifter [S4] let analysts explore how weights change the ranking. Such
ranking is compensatory: a high score on one criterion can offset a low score on another, making sensitivity exploration through coordinated views
essential. A recent human-centered strand makes preference elicitation itself interactive, letting non-experts score and weight mixed attributes and refine
the resulting ranking [S5].

The second idea is Pareto dominance: the skyline keeps every option that no other option beats on all criteria at once [S6], assuming no weights. The
skyline is sensitive to measurement error and grows quickly with the number of criteria, so in high dimensions it filters little. A large literature relaxes
it—e-dominance [S7] and k-dominant skylines [S8]—to control the count, though usually by discarding options.

SoftSky sits between the two families: it relaxes dominance by a per-criterion tolerance that admits near-optimal options rather than removing them, then
groups the survivors into a few interpretable, named types.
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A LONG-HELD IDEA AND A TEST

The Idea. Standard tools for multi-criteria decisions have
well-known limitations (Sidebar 1). A weighted score is com-
pensatory: strong criteria can hide weak ones. The Pareto
skyline is brittle: differences within measurement error can
change dominance relations, and in high dimensions almost
nothing is dominated, so the skyline contains many options
and stops filtering effectively. Our idea lies between these
approaches. We soften dominance by a tolerance, so that the
frontier becomes a band rather than a hard line — a soft sky.
We then interpret the band not as a flat list but as a small
number of groups of similarly good options — constellations on
the frontier. The constellations are found automatically under
human supervision and then interpreted and named.

We had sketched this idea for years but never implemented
it. A fair test requires a data set that is large and imperfect
enough to stress the method and an interactive prototype that
allows analysts to explore the results. For us, the expected
effort for data preparation and prototyping was always too
high.

To perform a fair test, we chose a public data set of Ger-
man apartment-rental offers https://www.kaggle.com/datasets/
corrieaar/apartment-rental-offers-in-germany, with hundreds
of thousands of listings and realistic problems: out-of-range
values, missing fields, duplicate re-postings, and no given
coordinates. We focused on Leipzig, the large city whose
offers contain the most complete street addresses and can be
geocoded most reliably. Cleaning and geocoding the Leipzig
subset followed standard procedures: a ten-step pipeline and
address matching against an open database. The result was
about 13,000 offers, most at house-number resolution.

THE METHOD: CONSTELLATIONS ON A SOFT SKY

The method implemented by the prototype has value in its
own right, so we describe it precisely enough to be reproduced.
Each option o is rated on m criteria, and a utility function maps
each raw value to a desirability uy (o) € [0, 1], so that a larger
value is better on every criterion.

The Soft Sky. An option remains on the frontier unless
some rival is decisively better. In the classical skyline, a rival
q dominates o if ¢ is at least as good as o on every criterion
and strictly better on at least one. The non-dominated options
form the skyline.

We make “decisively better” require a margin. For each
criterion £ we fix a tolerance ¢, > 0, which is the smallest
difference on criterion k that we treat as real rather than noise.
Then q tolerantly dominates o only if it beats o by at least that
margin on every criterion:

ug(q) > ug(o) + &g (k=1,...,m). (1
An option survives (lies on the soft sky) when no rival passes
this test against it. The tolerances thus act as a bar that a rival
must clear in order to win. Raising ¢y, raises this bar, so fewer
rivals clear it, fewer options are dominated, and the soft sky
grows. For g, = 0 the test reduces to the ordinary skyline; as
the €5 grow, the frontier widens.

This direction is deliberate and opposite to approximate &-
dominance in multiobjective optimization, where a tolerance
is used to thin the frontier. Here it is used to widen it, so that
near-optimal options are kept rather than discarded. For each
option we compute a signed robustness margin

ug(0) = up(q)

p(o) = rqn;g max ————, 2)
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SOftSKy i

Fig. 2. The prototype showing constellations on the soft sky. Top: utility
specification with each criterion mapped onto a common 0..1 goodness axis
by an editable, piecewise-linear curve drawn over the criterion’s clipped value
histogram. Bottom: linked views let the analyst inspect a constellation.

with the minimum taken over all other options (with g > 0).
Intuitively, p(o) measures how well o withstands its most
threatening rival. We have p(0) > —1 exactly when o lies on
the soft sky; p(o) > 0 for classically non-dominated options;
and —1 < p(0) < 0 for options admitted only because of the
tolerance. Larger p(o) means that the option lies deeper inside
the frontier. The margin is a single continuous optimality
measure, computed in O(n?m) time for n options.

Constellations. The soft sky can still contain many options,
so we group them into recurring types metaphorically called
“constellations™. For each option we discretize its utilities into
a few ordered levels per criterion (for example, low, medium,
and high). This turns the option into a set of (criterion, level)
tokens.

We then treat options as documents and tokens as terms and
apply nonnegative matrix factorization (NMF) V ~ WH with
r factors. This recovers r recurring combinations of criteria
levels. Each option is assigned to the factor for which it has the
strongest weight, and each constellation is named by the tokens
that contribute most to its factor (for example, cheap, central,
small). Membership is defined directly by the factorization, so
a constellation and its name cannot diverge. Figure 2 shows
constellations on the soft sky.

FAST: A WORKFLOW IN MINUTES, A PROTOTYPE
IN HOURS

We used ATWL as a scaffold (Sidebar 2).! Together with
the LLM assistant, we designed the workflow plan before
writing any code: focus the spatial extent of the options,
choose criteria, define each criterion’s utility, set a tolerance,
compute the soft sky, group its members into constellations,
and support decision making. The artifacts and their flow, three
refinement loops, and a feedback path that carries evidence
from the frontier back to the settings were all fixed in minutes.

The scaffold helped in two ways. The language gave the
workflow its structure, and the library of examples suggested
typical architectural patterns: staged narrowing, dual decom-
position, and other ideas we would otherwise have introduced
from scratch. ATWL kept every step typed and made refine-
ment loops explicit. Much of the speed came directly from
re-using these patterns.

SIDEBAR 2. The Artifact-Transform Workflow Language

ATWL describes a visual-analytics workflow as a directed graph of typed
artifacts joined by transforms.[1] Artifacts carry the state of an analysis:
entities and their features (the data), models fitted to them, patterns
read from data or models, externalized knowledge, and specifications
that parameterize later steps. Each transform names the artifact types it
consumes and produces and the analytic intent it serves, so a workflow
records not only what was computed but also why. The language was
created to describe and compare published workflows. It operationalizes
the model-building view of visual analytics[2] and comes with a library
of worked cases.

Used forward, before any code is written, ATWL becomes a design
scaffold. It forces every product of a step to be a typed artifact rather than
an informal sketch. It makes refinement loops and feedback paths first-
class objects, so iteration becomes part of the design. It also locates each
step at a level of the nested model of visualization design,[S] separating
what a step does from how it is implemented. That separation is both
the strength and the limit of ATWL: it fixes the shape of a workflow —
its artifacts, their types, and their flow — but says nothing about which
algorithm, encoding, or parameter should be used in a given step. These
choices are left to the builder.

The implementation followed quickly. The assistant gen-
erated a self-contained web page with a map, controls for
criteria and utilities, tolerance, constellations, and ranking over
a few hours of interaction. Because the scaffold had fixed
the structure, each exchange revised a method or encoding
rather than the workflow skeleton. By the end of the session
we had a running prototype on real Leipzig data (Figure 2):
we could vary the tolerance, inspect constellations, and rank
options within a chosen constellation. The slow part of testing
an idea from a blank page to a first functional prototype on
real, messy spatial data took less than one working day rather
than several weeks.

Using an LLM as the build engine is itself an active research
direction (Sidebar 3). Several toolkits and agent frameworks
now assemble code and linked views from a prompt. Our
interest here is to understand where this works well and where
method-level human judgment is still required.

'Supplementary material, including the SoftSky workflow expressed
in ATWL, interactive prototype and demo walkthrough (online): https://
geoanalytics.net/softsky
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SIDEBAR 3. Al-Assisted VA Prototyping

A growing body of work uses large language models to shorten the path
from design to a working visual-analytics system. Recent surveys map
LLM roles across the analytic pipeline [S1]; agent-based frameworks
such as LightVA plan tasks and assemble linked views without requiring
deep programming skills [S2]; and toolkits driven by natural language
turn requests into chart specifications with justified choices [S3, S4].
These systems can assemble code and views quickly. Our case study
demonstrates that the harder method-level choices—which technique to
use, which encoding to choose, and how to order the steps—still require
expert knowledge injection.
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THE SCAFFOLD MATTERS

To isolate the scaffold’s contribution, we ran a simple
counterfactual. We gave another LLM the same task as initially
(design an interactive workflow for choosing among many
options rated on conflicting criteria, keeping near-optimal
options and summarizing the good ones into a few kinds)
but without any ATWL material. The comparison with the
first workflow is qualitative; prompts, models, and a structured
side-by-side comparison are in the supplement online.

The assistant generated a noticeably weaker design, sug-
gesting to filter the options, project them into two dimensions,
let the user draw groups on the projection, then pick criteria,
construct a frontier, and rank options. The crucial weakness is
the grouping step. A group that is drawn on a two-dimensional
projection is bound to one particular view and one random
seed, relies on a geometry that is known to distort neigh-
borhood relationships,[4] and has no precise definition that
can be re-applied or audited. The naive design also tended to
compute a frontier inside each group, which lets the grouping
step influence what counts as non-dominated, which is a wrong
dependency.

Designing in ATWL avoided these traps. The language is
not “clever”, but it forces every product of a step to be a
typed artifact. A hand-drawn region is, in ATWL terms, a
pattern abstracted from a visualization: it cannot be edited,
re-applied, or fed forward as a specification. The artifact that
the workflow truly needs is a specification, and stating this
explicitly pushes the design toward groups that are defined
in the data space, computed once, and named automatically.
The scaffold thus turned a vague “group the options” into a
typed step with clear inputs and outputs. This is our second
observation: the scaffold was what prevented a fast workflow
from becoming a naive one.

THE SCAFFOLD IS NOT ENOUGH: EXPERT
KNOWLEDGE INJECTION

The first prototype worked, but it was clearly mediocre.
Turning it into something we would describe as state-of-the-
art required a second, longer phase, and almost all of the
additional work focused on the methods and encodings under
the workflow, the layer that ATWL types but does not fill.
For each open slot the assistant itself proposed some method,
but most of these first proposals were later replaced. Each
replacement was a case of knowledge injection: at a specific
workflow step, the expert overrode the assistant’s default with
method knowledge that the assistant did not reliably possess.
Five such injections had a major impact on quality; each
follows the same pattern.

1. Direction of the tolerance. The assistant implemented the
textbook approximate e-dominance, which prunes the frontier
towards a few representative points. This is the opposite of
what our idea requires. We inverted the rule to the growing
form of Equation (1) and added the signed margin of Equa-
tion (2).

2. How to group. The assistant factorized the continuous
matrix of criterion values, producing groups that were hard
to interpret as weighted combinations of raw numbers. We
changed to topic modeling over discrete criterion levels, so that
a constellation appears as a recurring combination of named
levels.

3. How to define a group. To define groups more precisely,
the assistant suggested decision-tree rules. However, these
rules only approximated the clusters. We dropped the rules and
let the model’s own factor assignments decide which options
belong to each constellation. The only manual step was to
check and possibly edit the name for each constellation.

4. Role of the embedding. The assistant proposed a two-
dimensional embedding to define groups by outlining them,
the same default behavior as in the counterfactual without
ATWL. We demoted the embedding to a single inspection view
and defined constellations in the original criterion space, where
they are reproducible and do not depend on the embedding’s
distortions.[4]

5. Where the frontier is computed. The assistant computed
a frontier inside each group. We inverted the order: we first
computed one global frontier and then grouped its surviving
options. In this way the grouping describes the frontier instead
of redefining it.

None of these injections requires rare or advanced expertise.
Each corresponds to knowledge that an experienced visual-
analytics researcher typically has, e.g. that an embedding
distorts global structure, and that an approximate rule for a
cluster can be a handicap. In this process, the assistant was a
strong proposer and a weak judge. It recalled and implemented
methods quickly and could even prove small properties of
them when asked, but it could not reliably distinguish a good
method from a merely plausible one. The expert could, and
that judgment, not the assistant’s fluency, moved the prototype
from average to good. Because MCDA is not a worked
example in ATWL and the tolerant-Pareto-with-constellations
design has no standard implementation to copy, each of these
decisions had to be made rather than retrieved.



IEEE COMPUTER GRAPHICS AND APPLICATIONS

Fast iteration also changed how we thought about the
method, not just how quickly we obtained a prototype. Be-
cause the prototype responded in seconds, it became an
instrument for reasoning about the method itself. We could
formulate a conjecture, have it implemented, and see whether
it holds within minutes. For example, we asked how the
global soft sky is related to two-dimensional views of pairs
of criteria. Experiments showed that lying on the soft sky of
any single pair is a sufficient condition for global survival but
not a necessary one: an option that is non-dominated in one
scatterplot is safe, yet an option can survive globally while
appearing dominated in every pairwise view.

Iteration also helped core design ideas to crystallize. The
decision to let the frontier grow as the tolerance increases
— the inversion at the core of the method — emerged from
observing how the surviving set reacted to the slider, not
from a derivation on paper. Used in this way, the fast loop
contributed to the development of the method; it did not
merely produce a demonstration. Some refinements were not
knowledge that we already had and simply inserted, but
knowledge that we formed in the loop.

Experimenting also revealed limits of the method. A single
multiplicative €y, is suitable for continuous criteria but not for
integer ones such as the number of rooms. For such criteria a
fractional tolerance is meaningless and a fixed threshold (for
example, “within one room”) is a more appropriate relaxation.

VALIDATING THE SCAFFOLD

So far the claim that the scaffold matters is supported
by one counterfactual. To test it more systematically, we
ran a series of controlled experiments across two unrelated
tasks: the apartment MCDA workflow described above and
a second visual-analytics workflow for COVID-19 pandemic
behavior analysis. At the core is a 2x2 factorial design that
crosses the two scaffolds (£ ATWL language definition x
4+ ATWL library of worked examples). For each task this
yields four single-pass conditions, run in parallel on the same
model instances with identical task descriptions and prompts,
differing only in which scaffold materials are present in the
context. In addition, we ran multi-pass prompting strategies
that we expected to reduce the limitations identified in the
single-pass runs. Full conditions, model outputs, and scoring
are available online.

How we scored. We qualitatively rated each output along
three task-derived dimensions: coverage of analytical content
(scenarios, method comparisons, formulations), formal cor-
rectness of typed declarations, and architectural sophistication
of the proposed pipeline. We used no blind protocol or second
rater and ran all conditions on a single model, so the scores
are structured impressions of interested experts rather than a
controlled measurement. Full prompts, outputs, and notes are
in the supplement for readers to assess.

Single-pass results. Three observations were stable across
both studies.

First, without any scaffold the model was most creative (not
necessarily correct) but least formal. The no-scaffold condi-
tion produced usage scenarios, method-comparison tables, and

mathematical formulations that none of the scaffolded variants
contained.

Second, the two scaffolds serve different roles. The language
definition acts at the token level, leading to well-typed decla-
rations but reducing conceptual exploration. The library acts
at the phase level, encouraging more sophisticated analytical
architectures without enforcing syntactic compliance. On its
own, each scaffold clearly improved the output compared
to the unscaffolded baseline on the dimension it governs:
the language improved formal correctness, and the library
improved architectural sophistication.

Third, providing both scaffolds simultaneously did not
produce the best result. The model’s attention appeared to
be divided between two attractors, yielding output that was
competent but ordinary.

The displacement mechanism. Outputs were approximately
the same length across conditions, but the scaffold-free variant
was perceived as equally or more substantive. A plausible
explanation is a zero-sum token budget: a formal template
in context tends to fill output space with easy-to-produce
declarations, displacing harder-to-generate content such as
method justifications, alternative framings, and scenarios.

Multi-pass prompting. To test whether sequential prompting
could avoid this displacement, we ran two additional strategies
on both tasks: (1) a three-pass strategy: first an unconstrained
design pass; then a refinement pass inspired by the library;
and finally a formalization pass that introduced the language
definition; and (2) a two-pass strategy: an unconstrained design
pass, followed by a refinement pass with both scaffolds
presented together.

Both strategies removed the displacement effect. Creative
concepts from the first pass remained in the context and
were referenced during formalization. Judged only by token
cost, the two-pass approach was more economical: it reached
the cumulative coverage of the three-pass strategy in fewer
interactions and with no noticeable loss of quality, because
the two scaffolds are complementary rather than competing
once they are applied to an already articulated design.

However, efficiency is not the only goal. Each additional
pass is also an opportunity for the human expert to provide
feedback, correct method choices, and steer the next step. In
our experience, more passes lead to better shared understand-
ing of the design and a better final result. The token-optimal
path and the knowledge-optimal path are not the same, and
for genuine design work we would accept the extra passes.

Implications. These experiments refine our three main ob-
servations. The scaffold matters (Observation 2), but not as
a single tool. A language definition disciplines the form of
a workflow; a library of examples enriches its architecture.
Neither replaces expert knowledge injection (Observation 3).
In both studies the library condition produced the most so-
phisticated structure yet still missed method-level judgments
such as the tolerance direction, NMF over discrete levels,
and the reduced role of embeddings, which only the expert
supplied. The displacement effect suggests a practical rule:
scaffolds should be introduced affer an initial creative pass, not
simultaneously with the first design prompt. In other words,
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the scaffold works best when there is already something to
steer.

TOWARD A TYPOLOGY OF HUMAN KNOWLEDGE
INJECTION

Stepping back from the case, we see two scaffolds that cover
different aspects of the work (Figure 1). ATWL scaffolds the
workflow referring, in the terms of the nested model of visu-
alization design,[5] to the outer levels: what the steps are and
how they connect. The assistant provides speed and breadth
one level down: it proposes candidate methods and encodings
and implements them on demand. Neither scaffold covers the
decisions that had the largest impact on quality: which method
is appropriate for a given slot under the conditions at hand.
These decisions were made by a human expert, and it was
these injections, not the scaffolds, that made the final result
strong.

The process to study is therefore knowledge injection itself:
what an expert adds, where in the workflow this happens, and
in what form the knowledge appears. The five injections de-
scribed earlier already suggest several types: a fitness judgment
that selects one technique over another; an encoding choice
that makes a result legible; an ordering constraint between
steps; a decision to use a tool only for inspection rather than
for definition; and a reversal of a default direction. A useful
typology would name these kinds of contributions, locate them
within a workflow, and record their conditions of use and
possible failure modes.

This task fits well with ongoing work in visualization for
machine learning (Vis4ML) and human-centered Al (HCAI),
which already aim to structure how human knowledge enters
machine-assisted analysis.[6], [2] The new element is that this
knowledge should now also be accessible to an Al assistant
during system construction, not only during analysis.

The term “injection” is in fact somewhat misleading, be-
cause it suggests that knowledge is fixed beforehand and
only applied. In our case, knowledge did not simply flow
from a finished store in the expert’s head into the prototype.
It also evolved during the loop of design, implementation,
and inspection. Some contributions were indeed pre-existing
expertise, for example, that embeddings distort global structure
or that topic models over discrete levels stay readable. Other
contributions were generated in the loop: the idea that the
tolerance should make the frontier grow came from observing
the effect of the slider; the relationship between the global
frontier and pairwise views was identified by testing; and
the need for a different tolerance model for integer criteria
became evident only after trying one. The fast prototype
was a medium for thinking, not just a target to configure.
Each update raised a question, and its answer became new
knowledge that influenced the next update.

A typology of human contribution should therefore dis-
tinguish between knowledge that is applied and knowledge
that is formed. The first type covers importing an established
method into a suitable slot. The second type covers refining,
combining, or inventing methods in response to what the
prototype reveals. This second type is more difficult to capture
in advance, but it is also where the scientific value lies.

How would a structured representation of injected knowl-
edge differ from what we already have? A curated prompt
library stores useful phrasings but not the conditions under
which a method is appropriate. A decision tree or flowchart
fixes the routing in advance, whereas method choices are
often contested and revised as the field develops. General
ontologies such as VIS4ML[6] catalogue entities and stages of
VA-assisted ML describe what exists, but not the fit conditions
and failure modes that determine what to use.

What appears to be missing is something between a pattern
language and an executable knowledge base: entries that
are human-readable, like design guidelines, yet typed and
queryable, so that a workflow language can refer to them and
an assistant can be guided by their conditions of use. Capturing
knowledge injection has three requirements.

1. Representation. Each method needs a typed entry: what
it does, which artifact types it consumes and produces, the
conditions under which it is a good choice, and the expected
failure modes.

2. Editability. The entries must be human-readable and
easy to correct, because they encode evaluative judgments that
are still being developed. A static hand-curated catalogue is
too slow to update, and an opaque model is not correctable.
The envisioned target form should be close to the explicit
knowledge structures that VA has long advocated.[2]

3. Accessibility. The same entries must be reachable by an
assistant at the moment it proposes a method, so that choices
are guided by recorded fit conditions rather than training-
data frequencies—the role that recent work on human—
LLM partnership envisages for externalized, machine-readable
knowledge,[3] here applied to method choices made while
building a system rather than to the provenance of analyses.

In practice, entries could be short, and many are already
known. Examples include: use topic modeling over discrete
levels when groups must be human-readable; avoid contin-
uous factorization when the factors must be explained; use
a neighbor embedding to inspect but not to define groups. A
workflow language supplies the slots; a typology of knowledge
injection, together with such entries, would help both experts
and assistants decide what to put into those slots.

LIMITATIONS

We have reported a single case, conducted by one team,
with a scaffold that we designed ourselves. The evidence is
therefore suggestive rather than conclusive. Several boundary
conditions are important.

The afternoon timescale assumed an expert who already
knew which methods were likely to work. A newcomer to
MCDA would have to invest time to learn the methods that
the assistant implemented incorrectly. The case also assumed
a problem that can be expressed in ATWL’s artifact types and
a method whose building blocks (a frontier, a factorization)
already exist in libraries. A genuinely new algorithm would
not be one prompt away.

The tolerance model itself is not generally applicable. Inte-
ger or categorical criteria need a different relaxation than the
multiplicative €j, used here. A different expert, or a different
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scaffold, might make different choices, and our experiments
with two tasks, one model, and the authors as raters cannot
fully characterize this variation.

Finally, we have described expert knowledge injection
mainly as a correction of the assistant. Experts have biases too.
An injected choice can be wrong, or right only in a limited
context, and a shared body of injected knowledge will need the
same scrutiny, versioning, and discussion as any other shared
resource.

These limitations do not overturn the main observation:
method-level expert judgment, not the scaffold or the model,
determined the final quality. They do, however, set bounds on
how far one afternoon’s experience should be generalized.

CONCLUSION

We set out to test an idea that we had carried for years,
and a workflow language plus an Al assistant allowed us to
do so in an afternoon rather than over several weeks. The
resulting method — constellations on a soft sky — is, in our
view, also interesting on its own. The case makes a clear
distinction between three contributions. The scaffold did real
work: ATWL made the workflow sound and well typed, and
its library of cases suggested a suitable architecture. The Al
assistant made the implementation fast. Expert judgment made
the result good.

Our experiment refines the role of the scaffold. The lan-
guage and the library play different roles and work best when
they are applied sequentially after a first creative pass. Fewer
passes save tokens, but more passes give the expert more
opportunities to inject knowledge and improve the design. The
main structure of the argument remains unchanged: the first
two contributions are now relatively cheap, the third is not.
The knowledge that it depends on is not yet available in a
form that the first two can use.

We therefore expect that the next substantial gain in this
style of prototyping will come not from a new workflow
language or a larger model, but from a typology of human
knowledge injection (what experts add, where in the workflow
they add it, and why) captured so that experts can edit it and
assistants can use it.
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