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Abstract

We present a qualitative case study of a human-supervised team of specialized AI agents
supporting an astronomy research project. The Bot Spectroscopist team, described in the
project record as operating through Grok Bot powered by xAI Grok, divided work among
orchestration, numerical implementation, data curation, spectroscopy critique, literature
search, figure preparation, manuscript editing, and reviewer. Human decisions determined
scientific scope, model changes, and manuscript inclusion. The scientific application is
CondGen, a deterministic label-to-spectrum network extending our previous work to five
individual elemental abundances. The reported CondGen baseline assessment achieved a
mean absolute error (MAE) of 0.003681 in continuum-normalized flux when reconstructing
synthetic spectra. The bot team also identified a limitation in the cool-star magnesium
response through its abundance diagnostics. Building on existing data and notebooks,
the AI team completed the reported analysis, figure preparation, and manuscript-drafting
tasks in less than a week through human prompting and exchanges among agents. We
retrospectively estimate that comparable work by a professor-led team of researchers or
students would typically span approximately one academic semester. The study illustrates
task delegation, bot team work, artifact exchange, and correction under human supervision.

Keywords: AI-assisted research; multi-agent systems; Grok Bot, xAI Grok, Deep Learning,
stellar spectra; elemental abundances; conditional generative models

1. Introduction
Scientific research commonly involves

a connected sequence of tasks: defining a
problematic, preparing data, implement-
ing methods, checking results, displaying
figures, interpreting failures, and commu-
nicating conclusions. AI agents can as-
sist across that sequence because they can
use tools, exchange intermediate artifacts,
and return decisions to a human researcher.
Recent work on AI for science and multi-
agent systems motivates studying how this
organization functions in practice, includ-
ing its limits [1–4]. Astronomy provides
a suitable setting because computational

analysis already depends on substantial
software and data infrastructure [5,6].

In this manuscript we discuss how a
team of specialized AI agents, acting as
research group (informally named Bot Spec-
troscopist), were coordinated to carry out
interconnected technical and writing tasks,
how their outputs were challenged, and
where human decisions remained neces-
sary. We reconstruct four episodes from an
orchestrator-prepared retrospective record
supplied by us. The record describes short
task assignments, artifact handoffs, cri-
tiques, and approvals rather than extended
scientific dialogue. This record provides a
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qualitative process account, with explicit
limits on what can be verified or measured
from that source.

The specialized AI agents were tasked
with determining abundance-conditioned
generation of stellar spectra using a algo-
rithm that they named CondGen. The re-
search continues our existing spectroscopy
research program: an autoencoder and
parameter-to-latent model for Gaia RVS
spectra [7], followed by an optical condi-
tional variational autoencoder (CVAE) [8].
The present target is a deterministic dense
network conditioned on effective tem-
perature Teff, surface gravity log g, pro-
jected rotational velocity ve sin i, micro-
turbulence ξt, and five individual abun-
dances: [Mg/H], [Sc/H], [Ti/H], [Cr/H],
and [Fe/H]. These are the nine input di-
mensions and are used as features to pre-
dict the output spectrum.

This scientific task is useful for this
workflow study because it combines a sub-
stantial synthetic database, model evalua-
tion, abundance-sensitive diagnostics, and
manuscript production. Chemically pecu-
liar stars, such as Am/Fm, motivate treat-
ing individual metals rather than only bulk
metallicity; the selected elements also con-
nect to our earlier A/Am and AFGK analy-
ses [9,10]. Previous methods, such as The
Payne and its extensions, predict stellar
spectra from atmospheric parameters and
individual elemental abundances. These
methods provide the scientific background
for our CondGen case study [11–13]. Here,
generation means predicting a synthetic
spectrum from specified stellar parameters
and elemental abundances.

This case study builds on our previ-
ous research on generating synthetic stellar
spectra. Our published studies provide the
scientific foundation for CondGen, while the
present project examines how a team of AI
agents can contribute to the research pro-
cess under human supervision. The numer-
ical assessments, diagnostic figures, and
architecture comparisons presented here il-
lustrate the tasks performed by the agents

and the scientific decisions that followed
their analysis and review.

The CondGen model uses the nine in-
puts specified from the outset: four atmo-
spheric parameters and five individual el-
emental abundances. Resolving power is
fixed as a property of the database and is
not an additional input. The Orchestrator’s
summary describes how the bots organized
the numerical work and reviewed the re-
sulting assessments. Section 6.1 identifies
the source and purpose of the reported
baseline diagnostics and exploratory archi-
tecture comparisons.

The scientific task is to predict a syn-
thetic spectrum from specified stellar pa-
rameters and elemental abundances. Train-
ing and evaluation use computationally
generated spectra. Estimating abundances
from a spectrum, the reverse problem, and
applying the method to telescope observa-
tions are outside the scope of this study
and remain directions for future work.

1.1. Scope and intent of this paper

The primary contribution is a docu-
mented case study of research organization
using specialized AI agents under human
supervision. CondGen supplies the scien-
tific tasks through which delegation, cri-
tique, correction, and approval can be ex-
amined. The paper does not claim a new
state of the art in stellar spectroscopy or
present a controlled comparison of speed,
cost, or accuracy against alternative team
arrangements. Its broader significance lies
in illustrating how AI agents can work to-
gether as a coordinated research team, sup-
porting tasks that extend from numerical
implementation and scientific analysis to
figure preparation and manuscript devel-
opment. Although demonstrated through
an astrophysical application, this approach
has potential relevance to other research
fields in which progress depends on com-
bining different forms of expertise and re-
viewing intermediate results. The case
study therefore offers a practical example
of an emerging direction in research: collab-
oration among human researchers and spe-
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cialized AI agents. Such collaboration may
become an increasingly important part of
scientific practice, with researchers defin-
ing the questions, exercising scientific judg-
ment, and retaining responsibility for the
conclusions.

Part A (Section 2) describes the team,
its operating method, and the decisions
that illustrate collaboration. Appendix A
provides the sequential workflow account.
Part B (Sections 3–6) describes the scien-
tific case study, its model design, and the
reported project assessments. The Discus-
sion and Conclusion assess what this case
supports and what remains unverified.

Part A: AI-team workflow and col-
laboration evidence.

2. AI-assisted research workflow

To investigate how AI agents could
support a research project as a coordinated
team, we organized the Bot Spectroscopist
team around complementary research re-
sponsibilities. These included numerical
implementation, data preparation, scien-
tific critique, literature searches, figure pro-
duction, manuscript editing, reproducibil-
ity checks, and astronomy reviewer. An
Orchestrator coordinated the specialist as-
signments and served as the main point of
interaction between us and the team.

The division of responsibilities re-
flected the different activities required to
develop and communicate the CondGen
case study. Numerical outputs prepared
by one specialist could be examined by an-
other, converted into figures, and incorpo-
rated into the manuscript. We supplied the
scientific objectives and existing research
materials, guided the work, and reviewed
the resulting outputs. We first introduce
the team and its responsibilities, then ex-
plain how assignments, communication,
and review connected those responsibili-
ties.

2.1. Team setup and specialist roles

The team comprised an Orchestra-
tor and eight specialist roles. The project
record identifies the platform as Grok Bot

powered by xAI Grok. Team setup con-
sisted of organizing the research work
around named responsibilities: coordina-
tion, computation, data management, sci-
entific criticism, literature support, visual-
ization, writing, and reproducibility. In this
account, a bot’s specialization refers to its
assigned function within the project. The
available record describes this division of
work but does not include the complete in-
structions or configuration used to instan-
tiate each role.

Orchestrator.

The Orchestrator connected our re-
search objectives to the specialists’ tasks.
It proposed milestones, incorporated our
decisions, assigned work, and collected the
resulting outputs and review comments.
When a concern required a scientific or edi-
torial decision, it brought that concern back
to us and communicated the agreed next
step to the relevant specialists. Its central
responsibility was to maintain coordina-
tion across the project.

Python/Jupyter Specialist.

This bot handled the computational
work in notebooks, including model evalu-
ation, diagnostic calculations, short archi-
tecture comparisons, and training when au-
thorized. Its outputs included performance
measurements, spectral predictions, and
model or parameter information needed
for figures. These outputs supplied ma-
terial for scientific review by the Critic
and visual presentation by the Artist. The
evaluation-protocol correction discussed
below illustrates why numerical execution
and review were connected.

Data Curator.

The Curator’s assigned role con-
cerned the organization and description
of the numerical inputs: the database
schema, training and evaluation partitions,
and preprocessing records such as scalers.
These records were intended to help the
Python/Jupyter Specialist use the appro-
priate data and transformations when eval-
uating a model. The role addressed the
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consistency and traceability of inputs on
which subsequent calculations depended;
its involvement was task-dependent.

Spectroscopy Domain Critic.

The Critic examined spectral diag-
nostics and assessed whether the ac-
companying scientific claims were sup-
ported. It could return concerns to the
Python/Jupyter Specialist for a numeri-
cal check, to the Artist for a presentation
change, or to the Editor for revised word-
ing. The bot team identified the adverse
cool-star Mg response in the abundance
diagnostics, and the Critic challenged its
presentation as evidence of physical fi-
delity. We retained responsibility for de-
ciding how such concerns affected the in-
terpretation and reporting of results.

Literature Scout.

The Scout supported the research con-
text and bibliography by locating relevant
publications and checking citation infor-
mation. It supplied references and biblio-
graphic corrections to the Editor for inte-
gration into the manuscript. Its responsi-
bility concerned the literature supporting
the study and the accuracy of its citation
records.

Figure Artist.

The Artist converted numerical out-
puts and model specifications into dia-
grams and diagnostic figures. It used in-
formation supplied by the Python/Jupyter
Specialist to label stellar parameters, de-
pict the architecture, and present spectral
comparisons. It then passed figure files to
the Editor and revised presentation prob-
lems identified during review, including
overlapping labels and figure borders. This
role connected the computational results to
their visual communication.

LATEX Editor.

The Editor assembled text, refer-
ences, tables, and figures into the Overleaf

manuscript. It integrated material supplied
by the other specialists, applied agreed re-
visions, and checked figure inclusion and
compilation. The role required coordina-
tion with the Scout for references, the Artist
for figures, and the Critic for the wording
of scientific claims. The assembled docu-
ment was returned for review and further
author decisions.

Reproducibility Auditor.

The Auditor’s assigned responsibil-
ity was to examine the organization of re-
search outputs and the records needed to
regenerate them. The workflow account re-
ports packaging and figure-regeneration
checks. This role complemented the
Critic’s examination of scientific interpre-
tation by focusing on whether the sup-
porting materials and production steps
could be traced. Its involvement was task-
dependent, and the reported checks do not
by themselves establish independent repro-
duction of the numerical results.

Expert Spectroscopy Reviewer.

This role was reserved for review-
ing the assembled manuscript when as-
signed. Its remit covered the scientific ar-
gument and presentation across the docu-
ment, complementing the Domain Critic’s
checks of particular diagnostics and claims
during production. It returned revision rec-
ommendations to the Orchestrator and us.
The account describes the Reviewer as oth-
erwise held in standby, so its inclusion in
the roster does not imply continuous par-
ticipation or an independent external peer
review.

Table 1 provides a compact reference
to these responsibilities and the exchanges
connecting them. The roles were used
according to the needs of each task; the
record does not establish that every spe-
cialist was active throughout the project.
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Table 1. Roles for the Bot Spectroscopist team and their interfaces. Roles describe delegated responsi-
bilities; final scientific and publication decisions remained human.

Role Reported responsibility Handoff or decision interface

Orchestrator Propose milestones; assign scoped
tasks; collect outputs

Human approval before model
changes or manuscript insertion

Python/Jupyter
Specialist

Notebook execution, model
evaluation, training

Evaluation outputs and parameter
information to Critic and Artist

Data Curator Database schema, split and scaler
records

Inputs and provenance for
numerical work

Spectroscopy Domain
Critic

Check spectral diagnostics and claim
wording

Concerns returned to Python,
Artist, or Editor; authors decide
inclusion

Literature Scout Literature searches and bibliography
corrections

Source records and citation
material to Editor

Figure Artist Prepare figures and parameter labels Figure paths to Editor; numerical
values supplied by Python

LATEX Editor Integrate text, references, and figures Compiled document returned for
review

Reproducibility
Auditor

Check packaging and regeneration
records

Reported audit outcomes and
remaining gaps

Expert Spectroscopy
Reviewer

Review the assembled manuscript
when assigned

Revision recommendations to
Orchestrator and authors

2.2. Human direction and research lineage

We, the human authors, supplied
the scientific problem, synthetic spectral
database, prior notebooks, and CondGen re-
search lineage, drawing on earlier spectral-
generation work [7,8]. The agents con-
tributed implementation, evaluation, liter-
ature work, testing, figures, and draft text
within that existing research program, re-
viewing, and looping in order to generate
the final document.

The bot team contributed to the sci-
entific assessment by identifying a limita-
tion in the model’s cool-star magnesium
response. The Spectroscopy Domain Critic
challenged the interpretation of this diag-
nostic, and the finding was communicated
through the Orchestrator. We decided to
retain the diagnostic in the manuscript and
report the limitation explicitly. We also
approved presenting the architecture com-
parisons as exploratory tests supporting
model selection, established AI teamwork
as the manuscript’s central focus, and au-
thorized training with nine inputs. These
examples illustrate complementary contri-
butions: the agents performed analyses
and raised scientific concerns, while we
guided the research direction and made

decisions about interpretation and report-
ing.

The authors retain responsibility for
the results, interpretation, and final text.
However, we question the fact if AI sys-
tems should be disclosed only as tools
rather than listed as authors [14–17].

2.3. Communication and coordination

The operating sequence reported in
the workflow account was: the Orchestra-
tor proposed a milestone, we approved
or changed it, and the Orchestrator then
assigned work to specialists. The mile-
stones distinguished training, evaluation,
and manuscript preparation. Likewise,
manuscript passages could be discussed in
chat before permission was given to insert
them in Overleaf.

The workflow account identifies a
manuscript room linking the Orchestrator,
Editor, Scout, Critic, Artist, and Expert Re-
viewer, and a figure-parameter room link-
ing Python and the Artist. Across rooms,
communication mainly consisted of scoped
assignments, artifact paths, acknowledg-
ment messages, review labels, and compile
reports. A typical corrective interaction in-
volved the Critic challenging a claim, fol-
lowed by the Editor or Python Specialist
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revising the relevant text or output. This
account supports artifact-based coordina-
tion; it does not establish that the agents
held extended scientific debates.

Figure 1 reconstructs the reported
routing. The diagram represents responsi-
bility and feedback, not measured runtime
concurrency or a complete message trace.

Authors
Question, existing data and notebooks, scope, milestone approval

Orchestrator
Translate approved milestones into specialist assignments

Specialist work and artifact exchange
Python / Curator: numerical work and provenance

Scout / Artist / Editor: references, figures, and manuscript

Critique and checks
Domain Critic / Auditor; manuscript Reviewer when assigned
Return concerns for correction or identify unresolved evidence

Authors’ decision through the Orchestrator
Accept, revise, retain a limitation, or defer a claim

Research outputs
Notebooks, evaluation records, figures, and Overleaf manuscript

Figure 1. Workflow summarized from the account in Appendix A. Left feedback returns a critique
for technical or editorial correction; right feedback routes a revised human decision into a new
assignment. Boxes group functions rather than imply that every role ran concurrently.

2.4. Study basis and workflow evidence

Appendix A presents the workflow
as a sequential account of human deci-
sions, specialist assignments, reviews, and
research outputs. It is based on a retro-
spective summary prepared by the Orches-
trator and supplied by us. The summary
describes project exchanges and handoffs;
the underlying conversation logs are not
included in the supplied material. The
appendix paraphrases that account rather
than reconstructing verbatim dialogue.

We distinguish decisions and hand-
offs reported in the workflow account,
manuscript content and figure assets
present in the project, and execution details
that remain unverified from the supplied mate-
rial. A reported training launch does not es-
tablish completed training, and internal re-
view labels do not constitute independent

replication. The available evidence sup-
ports an ordered qualitative account, with-
out reliable event-by-event timestamps,
complete task counts, token usage, costs,
or human time measurements.

The project record identifies the plat-
form and describes the responsibilities as-
signed to each bot. It does not include
the complete setup instructions needed to
recreate the team. The descriptions pre-
sented here therefore explain how the re-
search tasks were divided and coordinated.
They do not establish whether the bots
used different underlying models or per-
formed their tasks simultaneously.

2.5. Collaboration illustrated by consequential
decisions

Four examples show how assign-
ments, critique, and human decisions af-
fected the research outputs. Their full se-
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quence and supporting context appear in
Appendix A; they are selected examples,
not a count of all tasks completed.

Evaluation protocol.

The Python/Jupyter Specialist and
the Spectroscopy Domain Critic identified
an inconsistency in the model evaluation:
one assessment used preprocessing scalers
that differed from those used during train-
ing. The account reports an MAE of ap-
proximately 0.024 with the mismatched
scalers, compared with 0.003681 when the
training-matched scalers were used. We
accepted the latter evaluation for reporting
the model’s performance. Although the
two evaluations also differed in numerical
precision, the available comparison does
not establish which changes contributed to
the difference in error (Appendix A.3).

Negative-result reporting.

The bot team identified the cool-star
Mg limitation, and the Critic challenged
the interpretation of the diagnostic. We
approved retaining the diagnostic and ex-
plicitly reporting the limitation. The result-
ing changes concerned the claim and its
presentation; they did not resolve the dis-
crepancy’s cause (Appendix A.4).

Model selection.

Four short architecture pilots did not
displace the dense baseline in the reported
comparison. We approved a comparison
with caveats about training budgets and
test-subset provenance, rather than a gen-
eral architectural ranking (Appendix A.5).

Manuscript production.

The Orchestrator coordinated numeri-
cal information from Python, figures from
the Artist, references from the Scout, and
integration by the Editor, with critique
and human review between these steps.
Checks corrected presentation and citation
problems (Appendix A.6).

2.6. Observed outcomes and limits of
measurement

Table 2 summarizes the evidence
available for assessing the workflow. The
observable contribution is a set of reported
corrections, decisions, and coordinated out-
puts. Neither the number of roles nor
the number of selected episodes is a suc-
cess rate. No human-only or single-agent
comparison was conducted in the supplied
record, and no complete accounting of time
or cost is available. We discuss our retro-
spective estimate of elapsed project time in
Section 7.

2.7. Relation to prior agent workflows and
limitations

Previous projects, including Agent
Laboratory, ResearchAgent, the Virtual
Lab, Coscientist, and SciAgents, have ex-
plored how AI agents can support sci-
entific research through different forms
of collaboration [18–22]. Our study con-
tributes a practical example from astron-
omy, showing how a team of specialized
bots participated in numerical analysis,
scientific review, figure preparation, and
manuscript development. Its contribution
lies in describing how these activities were
connected and how exchanges among the
agents and us influenced the research out-
puts.

The examples presented here illus-
trate useful scientific and technical contri-
butions from the bots. These include iden-
tifying an inconsistent evaluation proce-
dure, detecting the cool-star Mg limitation,
and coordinating the preparation of figures
and text. Human supervision was an inte-
gral part of this approach: we defined the
research objectives, reviewed the agents’
findings, and made decisions about inter-
pretation and reporting.

The main limitation concerns the com-
pleteness of the available documentation.
The workflow account was reconstructed
from a summary prepared by the Orches-
trator after the work, rather than from
a complete archive of conversations and
execution records. It therefore describes
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Table 2. Workflow outcomes and evidential limits. The retrospective account is included in Ap-
pendix A; reported decisions and outputs are distinguished from missing execution evidence.

Aspect Available evidence What remains unestablished

Protocol correction The workflow account reports
rejection of mismatched scalers and
retention of the training-matched
recipe

Raw before/after evaluations and
isolated cause of the discrepancy

Negative-result
handling

Bots identified the Mg limitation; the
authors approved reporting it; the
diagnostic figure is present

Root cause and robustness across
atmospheric conditions

Architecture choice Four pilot alternatives and a
comparison table

Matched training budgets, complete
run records, and generalization of
the ranking

Manuscript
coordination

The workflow account describes
parameter-to-figure-to-editor
handoffs and compile reports from
the project

Complete message chronology and
artifact-to-run manifest

Human oversight Author decisions on scope, reporting
the bots’ Mg finding, model choice,
and training

Complete intervention count or
measured author effort

Efficiency and cost Authors’ retrospective time estimate;
no complete time or cost logs

Measured labor or runtime savings,
cost savings, or superiority over
alternatives

selected contributions and decisions, but
does not support a systematic measure-
ment of how often the team succeeded,
how much human intervention was re-
quired, or how its performance compared
with another research arrangement. The
time comparison discussed in this paper
reflects our retrospective estimate rather
than a controlled measurement.

Review by specialist bots provided op-
portunities to identify errors and question
scientific claims. However, agents using
similar models or shared information may
also make similar mistakes. Their agree-
ment, or an internal review label such as
PASS, cannot replace verification of the un-
derlying calculations and evidence. The
Mg finding illustrates the value of agent
critique, while its unresolved cause shows
where further investigation is needed.

Future studies could strengthen this
approach by preserving the bot instruc-
tions, task assignments, review exchanges,
numerical outputs, and human decisions
alongside the code and data [23–25]. Such
records would make the workflow easier
to reproduce and allow a more precise as-
sessment of its reliability, efficiency, and
requirements for human supervision.

Part B: CondGen scientific case
study.

3. Related Work

Part B is the scientific application and
case study under the AI-agent workflow of
Part A: it builds on our prior generative ar-
chitectures and stellar databases [7,8] with-
out demoting the astrophysical content.
Neural-network surrogates for stellar spec-
tra now span deterministic label-to-flux
emulators, conditional generative synthe-
sizers, large-scale foundation and transfer
models, and synthetic-to-observed domain
adapters. We situate the present CondGen
study in that landscape while stating its
scope narrowly: abundance-conditioned gen-
eration of optical stellar spectra at fixed re-
solving power R, trained and evaluated
entirely in the synthetic domain. Inverse
abundance recovery, survey pipeline de-
ployment, and domain adaptation are out
of scope for this manuscript.

3.1. Spectral emulators and abundance-aware
forward models

The dominant survey paradigm re-
mains the deterministic emulator that
maps atmospheric labels, including indi-
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vidual elemental abundances, onto flux,
then recovers labels by χ2 or related fit-
ting. The Payne [11] established this pat-
tern for high-resolution spectra with many
abundance dimensions. Subsequent work
improves accuracy, spectral coverage, and
survey readiness: TransformerPayne re-
places multilayer perceptrons with atten-
tion suited to long-range line correlations
and improves data efficiency [13]; LRPayne
targets low-resolution (R ∼ 5000), WEAVE-
like settings with a large abundance vec-
tor [12]; data-driven Payne variants (DD-
Payne) learn from survey spectra them-
selves to deliver homogeneous elemen-
tal abundances for DESI and LAMOST
FGK samples [26,27]; hybrid SLAM–Payne
frameworks address early-type stars on
LAMOST low-resolution data [28]; and
NLTE-aware Payne-style networks pre-
pare chemical diagnostics for 4MOST-
scale high-resolution surveys [29]. Scal-
ing studies quantify how emulator error
depends on grid size and architecture ca-
pacity [30], while next-generation physical-
model stacks aim at spectrum synthesis in
seconds [31].

These works establish abundance-
aware label-to-flux prediction as a relevant
baseline. CondGen also implements a deter-
ministic label-to-flux map. Its present use
emphasizes forward fidelity to synthetic
spectra under five elemental abundance
conditions, rather than an implemented
inverse-fitting pipeline. This difference in
application does not make the network a
stochastic sampler or imply a fundamental
architectural distinction from deterministic
emulators.

3.2. Generative and physics-embedded spectral
synthesis

A smaller literature builds neural gen-
erators that synthesize spectra from la-
bels (or latents) rather than only emulat-
ing them for fitting. Gebran [7] combined
an autoencoder with a dense parameter-
to-latent map to regenerate Gaia RVS syn-
thetic spectra (approximately 8400–8800 Å)
from global stellar parameters includ-
ing bulk metallicity [M/H]. Gebran &
Bentley [8] replaced that two-stage stack
with a conditional variational autoencoder
(CVAE) over an optical window (approxi-
mately 4450–5400 Å), still conditioning on
global parameters, including Teff, log g,
ve sin i, [M/H], microturbulence, and re-
solving power R, and explicitly leaving in-
dividualized elemental abundances as fu-
ture work.

Physics-informed generative direc-
tions push beyond purely data-driven
synthesis: PhysFormer embeds radiative-
transfer / flux-conservation structure in
the generative mechanism itself [32], while
PINN atmosphere models enforce hydro-
static (and related) constraints in a differ-
entiable setting [33]. Score-based diffu-
sion has begun to appear for posterior stel-
lar spectrum sampling in exoplanet con-
texts through POSTELLAR [34]. Domain-
translating GANs for template libraries oc-
cupy an adjacent generative niche but tar-
get observed realism rather than SYNSPEC
fidelity [35].

We extend our earlier spectral-
generation work along the abundance axis.
We summarize the differences between our
previous generative SYNSPEC surrogates
and the present CondGen study in Table 3.

The contribution is an extension of
our existing spectral-generation program
to individual abundances at fixed resolving
power, used here as a research-workflow
case study. No priority claim for neu-
ral spectral generation is made. The
model is data-driven; it does not imple-
ment the physics-embedded mechanism of

PhysFormer or the diffusion sampling of
POSTELLAR.

3.3. Foundation and transfer models

Self-supervised and foundation-style
spectral models grew rapidly in 2023–
2026. Transformer foundation models for
stars support multi-survey representation
learning, parameter inference, and spec-



10

Table 3. Contrast among our generative spectra surrogates and the present CondGen study.

Axis Gebran (2024) AE [7] Gebran & Bentley (2025)
CVAE [8]

This work (CondGen)

Wavelength Gaia RVS ∼8400–8800 Å Optical ∼4450–5400 Å Optical ∼4000–5400 Å

Conditioning Global [M/H] (+ Teff,
log g, v sin i, ξt)

Global [M/H] (+ Teff,
log g, v sin i, ξt); R free

Elemental abundances
Mg, Sc, Ti, Cr, Fe (+
atmospheric labels); R
fixed

Generative
form

Autoencoder + dense
parameter→latent map

Conditional VAE (CVAE) Deterministic dense
label-to-spectrum map;
no latent sampling

Domain /
task

Synthetic SYNSPEC
regeneration

Synthetic SYNSPEC
regeneration

Synthetic-only forward
fidelity; inverse recovery
shelved

trum generation / inpainting [36]. Spec-
traFM pretrains transformers on large syn-
thetic APOGEE-like grids and transfers to-
ward observed spectra and few-shot abun-
dances [37]. SpecCLIP aligns and trans-
lates spectroscopic measurements across
instruments (e.g. LAMOST LRS to and
from Gaia XP) with abundance-relevant
downstream hooks [38]; LoRA fine-tuning
adapts such models across surveys with
modest compute [39]. OmniSpectra tar-
gets native-resolution multi-survey unifi-
cation [40]. Cross-modal galaxy image–
spectrum models such as AstroCLIP illus-
trate related architectural ideas outside the
stellar CondGen claim [41].

We cite this literature only as land-
scape. The present CondGen is not a foun-
dation model, not contrastive pretraining
at SpecCLIP/SpectraFM scale, and not a
cross-survey transfer product.

3.4. Domain adaptation: deliberate out of scope

Unsupervised and GAN-based
bridges between synthetic and observed
spectra are mature: Cycle-StarNet re-
mains a canonical cycle domain-adaptation
approach between theoretical and sur-
vey spectra [42], and SOST constructs
generative-adversarial template libraries
that translate toward observed LAMOST-
like realism [35]. Those goals are scien-
tifically important but orthogonal to a
synthetic-only CondGen fidelity study. We

therefore cite them once as a deliberate
scope boundary.

3.5. Positioning of this work

In summary, abundance-aware de-
terministic emulators (Payne lineage)
and survey UQ tools such as condi-
tional invertible networks [43,44] define
the fitting/inference frontier; founda-
tion models define the transfer frontier;
Cycle-StarNet/SOST define the domain-
adaptation frontier; PhysFormer and
POSTELLAR define physics-embedded
and diffusion generative frontiers. Against
that backdrop, this paper’s contribution is
tightly scoped: an abundance-conditioned
CondGen for optical stellar spectra (Mg, Sc,
Ti, Cr, Fe and related labels), trained in the
synthetic domain at fixed R, with forward
fidelity as the primary scientific product of
the case study. It extends Gebran & Bent-
ley [8] from global [M/H] to elemental
abundance axes, and it is architecturally
and wavelength-distinct from the Gaia
RVS autoencoder generator of Gebran [7].
Inverse abundance recovery from CondGen
spectra is shelved for a separate study and
is not centered here.

4. Database

The CondGen case study uses a
database of synthetic spectra representa-
tive of A-, F-, G-, and K-type stars. The
calculations follow the atmosphere and
spectral-synthesis framework used in our
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previous studies [7,8]. In this framework,
ATLAS9 [45] provides the stellar model at-
mospheres, describing how temperature,
pressure, and density vary with depth
for a specified effective temperature, sur-
face gravity, and chemical composition.
These one-dimensional atmospheres adopt
a plane-parallel geometry, hydrostatic equi-
librium, and local thermodynamic equilib-
rium (LTE), in which the local tempera-
ture and density determine the atomic level
populations. Line blanketing accounts for
the combined influence of numerous ab-
sorption lines on the atmospheric structure
and the redistribution of radiation. The
framework also includes convective en-
ergy transport in cooler atmospheres, as
described in our earlier work.

The resulting atmospheric structures
are supplied to SYNSPEC [46], which solves
the radiative-transfer equation to calcu-
late the emergent spectrum over the se-
lected wavelength interval. Continuum
and spectral-line opacities determine the
wavelength-dependent flux, allowing the
effects of the adopted elemental abun-
dances to be represented in the synthetic
spectra. These synthetic spectra provide
the reference outputs used to train and
evaluate CondGen; no observed spectra en-
ter training or the primary fidelity evalua-
tion.

Each training/evaluation spectrum is
the SYNSPEC continuum-normalized flux
vector. CondGen learns and is scored in that
normalized flux space, not in absolute flux
or magnitudes. We do not apply an addi-
tional empirical continuum re-fit at train or
test time.

The database is structured in the same
way we did in [7,8] and the bot has read-
ing access to it (∼45 GB on disk). The op-
tical window covers 4000–5400 Å at ∆λ =

0.05 Å (Nλ = 28 000 wavelength points)
with a resolving power R ≃ 50 000. The
wavelength abscissa is constructed as

λi = 4000 + i ∆λ, i = 0, . . . , Nλ − 1,

equivalently, so the last sampled wave-
length is 5399.95 Å. Each continuum-

normalized flux vector is paired with clas-
sical atmospheric parameters and five el-
emental abundances. The per-spectrum
dump tuple is laid out as

• index 0: continuum-normalized
SYNSPEC flux (length Nλ);

• indices 1–5: Teff (K), log g (dex),
ve sin i (km s−1), ξt (km s−1), and re-
solving power R (database metadata;
fixed at R = 50 000);

• index 6: [Mg/H];
• indices 7–10: [Sc/H], [Ti/H], [Cr/H],

and [Fe/H].

The CondGen conditioning vector is the
standardized 9-D label

c = [Teff, log g, ve sin i, ξt, Mg, Sc, Ti, Cr, Fe],

i.e. classical atmospheric parameters to-
gether with five elemental abundances
[Mg/H], [Sc/H], [Ti/H], [Cr/H], and
[Fe/H]. Resolving power R = 50 000 is
a fixed database property and is not an
input channel of c. Coverage logs for
the Abundance CondGen campaign place
Teff in [4000, 10000]K, log g in [2.00, 5.00]
dex, v sin i in [0, 250] km s−1, and micro-
turbulence ξt in [0.5, 3] km s−1, with each
of [Mg/H], [Sc/H], [Ti/H], [Cr/H], and
[Fe/H] spanning [−1.50, 1.50] dex.

The database contains exactly N =

216 651 spectra. Wavelength sampling and
resolving power are fixed; the varying at-
mospheric parameters and abundances are
described in the project as randomly sam-
pled within the stated ranges.

Using this database, the bots have
freezed a stratified train/validation/test
partition of the full database (N = 216 651)
at 80%/10%/10% with a constant seed for
reproducibility purposes. We therefore
have

ntrain = 173 325,

nval = 21 669,

ntest = 21 657

spectra. The supplied interaction summary
does not include the seed value, stratifi-
cation definition, or split manifest. Those
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execution records are needed to reproduce
the reported partition exactly.

5. Conditional Generator
The bot team developed the numeri-

cal implementation within the delegated
workflow described in Section 2, drawing
on our previous papers and the notebooks
we provided. These materials supplied the
scientific background and an implemen-
tation starting point from which the bots
proposed modeling choices and planned
the calculations. The Orchestrator coordi-
nated this work, the Python/Jupyter Spe-
cialist implemented and ran the numerical
tasks, and the Spectroscopy Domain Critic
reviewed their outputs. We set the scien-
tific scope, specified nine inputs from the
outset, and approved the proposed train-
ing and evaluation milestones.

5.1. Architecture

CondGen is a dense decoder-only net-
work that maps the standardized 9-D con-
ditioning vector

c = [Teff, log g, ve sin i, ξt, Mg, Sc, Ti, Cr, Fe]

to a continuum-normalized spectrum
x̂ ∈ RNλ , with Nλ = 28 000. At inference,
CondGen produces a single predicted spec-
trum for each supplied input vector, with-
out stochastic latent sampling, and there-
fore functions as a deterministic spectral
surrogate. Building on their examination of
the earlier methods and notebooks, the bot
team adopted the dense decoder-only ar-
chitecture in place of a CVAE formulation
to avoid posterior collapse. The schematic
is shown in Figure 2.

In practice the decoder is a seven-
stage fully connected stack that widens
monotonically from the label vector to
the spectrum. After the input layer, six
hidden dense layers use widths 256, 512,
1024, 2048, 4096, and 8192 units, each with
GELU activations and batch normalization.
Dropout with rate 0.1 is applied after the
2048-, 4096-, and 8192-unit blocks. A fi-
nal dense layer with 28 000 units and a sig-
moid activation produces the continuum-

normalized flux vector. There are no convo-
lutional or recurrent layers and no stochas-
tic latent sampling at inference: the for-
ward map is a deterministic MLP. The re-
ported 9-D build comprises 274 182 496 pa-
rameters in total. We do not claim that
this capacity is minimal. To assess alter-
natives, the bot team carried out the Arch-
Search pilots described in Section 6.4, com-
paring the dense baseline with a wider
MLP, a FiLM residual network, a multi-
scale Conv1D network, and wavelength at-
tention under a fixed assessment protocol.
The Python/Jupyter Specialist performed
the comparisons and the Critic reviewed
the findings. The reported pilot results sup-
ported retaining the baseline, a decision we
approved; they do not establish a general
ranking of these architectures.

The bots used our previous spectral-
generation studies [7,8] as methodolog-
ical references when developing the
abundance-conditioned CondGen imple-
mentation. The 2024 model is a two-
stage autoencoder plus dense parameter-
to-latent map aimed at Gaia RVS wave-
lengths with global [M/H]. The 2025
CVAE generates optical SYNSPEC spectra
conditioned on Teff, log g, ve sin i, [M/H],
microturbulence, and resolving power R.
The present Methods fix R and replace bulk
metallicity with elemental abundance axes
(Mg, Sc, Ti, Cr, Fe), so comparisons to those
priors should emphasize conditioning and
wavelength/domain choices rather than re-
cycled residual figures from 2025. Earlier
AFGK and A/Am parameter-estimation
work, including PCA inversion [9], regu-
larized sliced inverse regression [47], and
the deep-learning label trilogy on synthetic
then observed AFGK spectra [10,48,49],
motivates the optical AFGK database set-
ting and the focus on abundance-sensitive
line regions, but those papers are label-
inference studies rather than CondGen gen-
erators. When describing the forward task,
Payne-style networks also implement la-
bels to flux maps with individual abun-
dances [11–13], including NLTE and data-
driven survey variants [26,29]; those sys-
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tems are typically paired with χ2 or sur-
vey fitting, whereas we train a conditional
generative CondGen and score synthetic re-
construction fidelity. Emulator scaling re-
sults [30] inform capacity/grid-size discus-
sion only; we do not import their published

error numbers as ours. We do not embed
RTE residuals or PINN atmosphere con-
straints in the CondGen loss [32,33], nor do
we train score-based diffusion spectrum
samplers [34]; such extensions are future
work.

Figure 2. Schematic of the 9-D CondGen forward model. A 9-element conditioning vector c =

[Teff, log g, ve sin i, ξt, Mg, Sc, Ti, Cr, Fe] is mapped by a dense decoder-only network to a normalized
spectrum x̂ over 4000–5400 Å (Nλ = 28 000). Resolving power R = 50 000 is a fixed database property,
not an input channel.

Using the supplied notebooks as a
starting point, the Python/Jupyter Special-
ist implemented the training calculations
coordinated by the Orchestrator. The doc-
umented training recipe combines mean
squared error (MSE) and mean absolute
error (MAE):

L = 0.8 MSE + 0.2 MAE,

monitored by validation MAE, with batch
size 512 and up to 150 epochs.

6. Scientific case-study results
6.1. Forward-generation metrics and
provenance

The bot team used our earlier pa-
pers and the supplied notebooks to plan
the forward-generation assessments re-
ported in this section. Within the work-
flow described in Part A, the Orchestra-
tor coordinated the evaluation tasks, the
Python/Jupyter Specialist performed the
calculations, and the Spectroscopy Domain
Critic examined the resulting diagnostics
and their interpretation. The following dis-

tinctions explain how these activities re-
late to our published work and to the nine-
input model.

• Published background. Our 2024
and 2025 studies [7,8] establish the sci-
entific lineage summarized in Table 3.
The bots drew on these studies for
methodological context when devel-
oping the evaluation approach, while
the supplied notebooks provided a
starting point for its numerical imple-
mentation. The evaluation scores re-
ported below come from the present
project’s assessments, not from those
publications.

• Earlier project assessments. The di-
agnostic files retained in this project
(Figures 3–10) and the recorded archi-
tecture scores (Table 4) are discussed
in the Orchestrator’s retrospective ac-
count as material from the baseline as-
sessment and architecture pilot. They
illustrate numerical evaluation, fig-
ure preparation, critique, and model-
selection decisions within the AI-team
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case study. One narrative source de-
scribes these activities, but this does
not establish that every output came
from a single evaluation run.

• Nine-input model. Figure 2 describes
the design specified from the outset:
four atmospheric parameters and five
abundances, with resolving power
fixed outside the input vector. The
numerical results below are identified
by their recorded assessment context,
distinguishing the baseline diagnos-
tics from the 256-spectrum architec-
ture pilot.

The Python/Jupyter Specialist and
the Critic identified an assessment that
used scalers inconsistent with training.
Their diagnosis led to the use of the
training-matched preprocessing protocol,
and we accepted the resulting baseline
MAE of 0.003681 for reporting. This
episode connects the numerical result to
the bots’ checking and correction process,
as described in Appendix A.3.

The workflow account supports this
distinction between published background,
model design, and reported project assess-
ments. It does not replace a per-output
record of the notebook, checkpoint, scaler,
sample indices, and execution command.
Exact run attribution and numerical re-
production remain to be established; the
manuscript does not claim that all dis-
played outputs have been independently
verified.

Correlation and R2 values reported
for individual spectra or selected subsets
apply to those samples and should not be
interpreted as full-test scores. Evaluation
reports should specify how each metric is
averaged and generate summary figures
from the same archived test predictions.

These are synthetic forward-
reconstruction diagnostics. They do not
measure inverse abundance precision,
agreement with observed spectra, or the
efficiency of the AI-agent workflow. Nu-
merical status and workflow outcomes are
assessed separately (Table 2).

6.2. Project assessment diagnostics and bot
autonomy

Figures 3–5 illustrate how specialist
bots developed an assigned evaluation task
into numerical results, visual diagnostics,
and manuscript material. Drawing on
the supplied papers and notebooks, the
Python/Jupyter Specialist carried out the
reconstruction calculations and passed nu-
merical outputs and stellar-parameter in-
formation to the Figure Artist. The Artist
prepared the diagnostic panels, and the
LATEX Editor incorporated them into the
manuscript. The Orchestrator coordinated
these handoffs, while the Spectroscopy Do-
main Critic challenged scientific interpreta-
tions and presentation choices, prompting
revisions through exchanges among the
specialists (Appendix A.6).

The bots exercised autonomy within
their assigned responsibilities: numerical
execution, figure preparation, and techni-
cal revisions were handled through the co-
ordinated specialist workflow. Outputs
from one bot became inputs for another,
allowing the team to advance connected
research tasks and respond to critique. We
defined the scientific scope, approved mile-
stones, and reviewed the interpretation
and reporting. This division of responsi-
bilities illustrates how bot initiative and
collaboration operated within human su-
pervision.

The Orchestrator’s account associates
these figures with the baseline assessment.
It describes the collaboration but does
not provide a separate execution and re-
view record for each panel. These figures
illustrate the reported baseline diagnos-
tics and their role in the bot-led assess-
ment workflow. Figure 3 shows repre-
sentative SYNSPEC/true (black solid) and
CondGen-generated (blue dashed) overlays.
The Python-Artist handoff connected calcu-
lated spectra to labeled visual comparisons,
making agreement and local mismatches
available for scientific inspection. This il-
lustrates how one bot’s numerical work
supported another bot’s preparation of a
research output.
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Figure 3. Diagnostic from the project’s baseline assessment. Representative SYNSPEC/true (black
solid) versus CondGen-generated (blue dashed) spectrum overlays. Panel titles list full stellar param-
eters (Teff, log g, ve sin i, ξt, R = 50 000, Mg, Sc, Ti, Cr, and Fe abundance).

Figure 4 shows selected best-case
examples (SYNSPEC/true black solid;
CondGen orange dashed). Here, numer-
ical assessment and figure preparation are
connected through selection by MAE, illus-
trating how the bots translated computed

results into examples for the manuscript.
These selected reconstructions demon-
strate close agreement in particular cases;
they do not estimate average performance
across the test set.

The Python/Jupyter Specialist com-
puted the differences between generated
and reference spectra, and the Figure Artist
plotted their absolute values against wave-
length in Figure 5. The purpose of this
bot-produced diagnostic was to examine
where reconstruction errors are concen-
trated across the spectrum. The plot shows
the mean absolute residual, the median
(p50), and the 95th percentile (p95). Errors
are generally larger in the 4000-4500 Å re-
gion and lower across much of 4600-4800 Å,
with a pronounced local enhancement near
5170 Å. The contrast between larger de-

viations in regions containing strong or
crowded absorption features and smaller
deviations in quieter intervals shows that
reconstruction quality varies with spectral
structure. The separation between the me-
dian and the 95th percentile also highlights
the spread in residual magnitudes, with
larger errors extending beyond the typical
level. This diagnostic therefore gave the
bot team a way to locate regions requiring
closer inspection and supplied the Critic
with material for assessing the model’s lim-
itations, complementing the selected exam-
ples of close agreement.
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Figure 4. Diagnostic from the project’s baseline assessment. Best-case baseline reconstructions
(qualitative panel selection by MAE). SYNSPEC/true (black solid); CondGen generated (orange dashed).
Panel titles show full stellar parameters (Teff, log g, ve sin i, ξt, R = 50 000, Mg, Sc, Ti, Cr, and Fe
abundance).

Figure 5. Diagnostic from the project’s baseline assessment. Absolute residuals |x̂ − x| between
CondGen-generated and SYNSPEC spectra as a function of wavelength. The curves show the mean
absolute residual (red), median (p50; black), and 95th percentile (p95; orange).

6.3. Abundance sweeps (Sc, Ti, Cr, Fe) and
cool-star Mg-line response

The bot team used one-element abun-
dance sweeps to examine how CondGen
responds when the chemical composition
changes. The Python/Jupyter Specialist
varied one abundance while holding the
atmospheric parameters and other abun-
dances fixed, and the Figure Artist pre-
sented the resulting spectra and line diag-
nostics. This controlled calculation allowed
the Critic to examine whether increasing an
abundance produced a consistent change
in the corresponding absorption features,

and to identify departures requiring fur-
ther investigation.

The Orchestrator’s account records fa-
vorable qualitative assessments of the se-
lected Sc, Ti, and Cr responses and a caveat
for Fe. The bot team identified the adverse
cool-star Mg response, the Critic flagged
the limitation, and we approved retain-
ing it with an explicit explanation (Ap-
pendix A.4). The plotted curves show the
CondGen abundance response; the qualita-
tive comparison with SYNSPEC is described
in the workflow account. The supplied
evidence lacks the synthesis commands
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and source arrays needed to reproduce that
comparison.

All five sweeps use the atmospheric
anchor Teff = 5150 K, log g = 4.45,
ve sin i = 78.0 km s−1, ξt = 0.90 km s−1,
and R = 50 000. In each sweep, the four el-
ements that are not varied retain their refer-
ence abundances: Mg = +0.67, Sc = −1.38,
Ti = +0.49, Cr = −1.28, and Fe = +0.12 in
dex [X/H]. Colors run from dark purple at
the lowest swept abundance to yellow or
yellow-green at the highest.

Each figure presents the diagnostic in
three steps: the full generated spectrum, a

zoom around a selected absorption feature,
and the mean flux in the selected wave-
length window as a function of abundance.
A decrease in mean normalized flux indi-
cates stronger absorption within that win-
dow. The bots could therefore inspect both
the changing line profiles and a compact
measure of their response. These checks
assess qualitative behavior at one atmo-
spheric anchor; they do not establish a nu-
merical accuracy threshold across the full
label space.

For Sc (Figure 6), the bots examined
the feature around 4247 Å.

Figure 6. Baseline Sc abundance sweep at the common anchor, showing the Sc II feature around
4247 Å and the decrease in mean flux as abundance rises.

Increasing [Sc/H] lowers the flux in
the selected window and deepens the ab-
sorption profile, while the mean-flux curve
decreases steadily across the sampled abun-
dances. The diagnostic therefore shows
a consistent strengthening of the selected

feature as Sc abundance increases, support-
ing the Critic’s favorable qualitative assess-
ment at this atmospheric anchor.

For Ti (Figure 7), the bots plotted the
response around 4444 Å to test the effect of
changing [Ti/H].
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Figure 7. Baseline Ti abundance sweep at the common anchor, showing the Ti II region around 4444 Å
and its decreasing mean-flux response.

The higher-abundance curves show
deeper absorption, and the mean flux de-
creases consistently as Ti abundance rises.
This output gave the Critic a second exam-
ple of an orderly abundance response, sup-

porting the reported qualitative acceptance
of the Ti diagnostic.

For Cr (Figure 8), the bots examined
the feature around 4254 Å.

The profiles become progressively
deeper as [Cr/H] increases, with a cor-
responding decline in the mean flux.
The highest-abundance curve shows the
strongest absorption in the displayed se-
quence. This diagnostic completes the

three elemental responses for which the
Critic reported favorable qualitative behav-
ior, linking the numerical sweep to an ex-
plicit scientific assessment.

For Fe (Figure 9), the bots inspected
the feature around 4046 Å.

Absorption strengthens as [Fe/H]

rises, but the decrease in mean flux be-
comes smaller between the two high-
est sampled abundances. This flattening
makes the weaker response at the upper
end visible. The Critic retained a caveat

about high-abundance softening relative
to the reference response; the cause is not
established by this plot.

For Mg (Figure 10), the bots examined
the Mg b region over approximately 5167–
5185 Å.
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Figure 8. Baseline Cr abundance sweep at the common anchor, showing the Cr I feature around
4254 Å and its decreasing mean-flux response.

Absorption initially strengthens and
the mean flux falls as [Mg/H] rises. At ap-
proximately +1.37 dex, however, the mean
flux rises relative to the +0.67 dex case and
the profiles become shallower. The bot-
produced diagnostic therefore reveals a re-
versal of the earlier trend. The team iden-
tified this non-monotonic behavior, and
the Critic flagged it as a limitation of the
model’s cool-star abundance response.

The Mg diagnostic focuses on strong
Mg lines, especially Mg b, in cool stars. Mg
at the hot anchor was examined only as an
internal check and is not shown here.

The cool-star Mg discrepancy identi-
fied by the bot team in the project assess-
ment is an empirical limitation. Saturation,
blending, training coverage, and model ca-
pacity are possible explanations, but the
displayed sweeps do not isolate a cause.
A dedicated diagnostic study would be re-
quired to distinguish them. The sweeps
describe behavior at selected atmospheric

conditions and do not establish its extent
across the full parameter space.

6.4. Architecture comparison (short pilot)

The bot team carried out a short archi-
tecture comparison to test whether a differ-
ent network design could improve spectral
reconstruction. The Python/Jupyter Spe-
cialist performed the numerical compar-
isons, the Critic assessed the reported out-
comes, and the Orchestrator coordinated
the work and communicated the findings.
This gave the team a basis for model selec-
tion within the project, with us reviewing
and approving the resulting choice (Ap-
pendix A.5). The bots compared the dense
baseline with four alternatives, each testing
a different modeling idea:

• Wider MLP: a larger fully connected
decoder, used to test whether addi-
tional network capacity improved the
mapping from stellar labels to spectra.

• Wavelength attention: a decoder
using attention across wavelengths,
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Figure 9. Baseline Fe abundance sweep at the common anchor. The mean-flux response around the
Fe I 4046 Å feature flattens toward the highest abundances.

used to test whether this mechanism
improved the representation of spec-
tral features.

• Multi-scale Conv1D: a decoder us-
ing one-dimensional convolutional fil-
ters of different sizes to capture lo-
cal line structure and broader spectral
patterns.

• FiLM residual: a residual network in
which the conditioning labels modify
intermediate features through feature-
wise linear modulation (FiLM), test-
ing another way of incorporating stel-
lar parameters and abundances.

The bots used a common spectral
database and fixed data splits, and the
project record reports evaluation of all
five architectures on a subset of 256 spec-
tra from the test partition. This was a
short model-selection exercise, intended
to compare the configurations tested for

this project. The supplied account does not
include complete training and evaluation
records for every run, so the results sup-
port the pilot decision without establishing
a definitive ranking of the architectures.

The bots’ comparison identified the
dense baseline as the best-performing con-
figuration in this pilot (Table 4). Its MAE
of 0.003655 and RMSE of 0.006701 were the
lowest recorded values, and its correlation
and R2 were the highest. Wavelength at-
tention was the closest alternative, with an
MAE of 0.009588, while the FiLM residual
configuration produced the largest errors.
The wider MLP and multi-scale Conv1D
also failed to improve on the baseline in
these runs. These numerical findings sup-
ported retaining the baseline, a choice we
approved. The unsuccessful alternatives
remain in the table so that the basis for that
decision is visible.
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Figure 10. Baseline cool-star Mg abundance sweep. The mean-flux rise between approximately +0.67
and +1.37 dex reveals the non-monotonic Mg b response identified by the bots.

Table 4. Architecture comparison on the reported 256-spectrum subset. Scores document the bot
team’s exploratory evaluation of the tested configurations and the decision to retain the dense
baseline.

Architecture MAE RMSE corr R2

Baseline in the pilot 0.003655 0.006701 0.9991 0.9982
Wavelength attention 0.009588 0.015620 0.9951 0.9903
Wider MLP 0.011624 0.020060 0.9920 0.9839
Multi-scale Conv1D 0.012988 0.022033 0.9914 0.9806
FiLM residual 0.018974 0.052349 0.9460 0.8905

7. Discussion

The principal result of this case study
is a documented pattern of delegated work,
critique, and human decision-making. The
four episodes connect the role descrip-
tions to consequential actions: rejecting
an incompatible evaluation recipe, iden-
tifying an adverse Mg response through
bot analysis and approving its disclosure
through human review, limiting the inter-
pretation of pilot results, and coordinat-
ing manuscript artifacts. These outcomes
make the AI-team contribution concrete
while exposing its dependence on existing

scientific infrastructure and human super-
vision.

7.1. Discussion of the AI role

7.1.1. What collaboration contributed

The reported benefit of specialization
was a division of responsibilities and in-
terfaces. Python supplied numerical and
parameter information; the Artist and Ed-
itor turned those outputs into figures and
text; the Critic challenged interpretation;
and the Orchestrator routed unresolved
decisions to us. The Mg episode is es-
pecially informative: the bots identified
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the limitation, the Critic challenged the in-
terpretation, and we approved reporting
the adverse result explicitly. Collabora-
tion therefore changed what was claimed
while preserving the diagnostic that ex-
posed the problem. The scaler episode sim-
ilarly shows why evaluation artifacts must
be checked against training provenance be-
fore numbers enter the paper.

Human input was substantive. We set
the problem, supplied the data and note-
books, specified the nine-input design from
the outset, approved training, and set the
manuscript focus on the AI-team contri-
bution. Describing that involvement only
as light final approval would understate
the decisions summarized in Appendix A.
The case demonstrates how researchers
working together can coordinate special-
ized agents across connected tasks.

A practical benefit we observed was
the short turnaround. We estimate that a
comparable sequence of implementation,
diagnostic review, figure preparation, and
manuscript drafting would ordinarily span
approximately one academic semester for a
professor supervising a team of researchers
or students. In this project, the correspond-
ing work was brought together in less than
a week through iterative human prompt-
ing, interaction with the Orchestrator, and
exchanges among specialist bots. This ex-
perience illustrates the potential of coor-
dinated AI assistance to shorten the inter-
val between research tasks while we di-
rect the study and review its outputs. The
comparison reflects our retrospective esti-
mate of elapsed project time, rather than
a controlled measurement of labor sav-
ings. It concerns work built on the existing
database and notebooks.

7.1.2. What the workflow did not establish

The retrospective source is a partic-
ipant account rather than a complete ex-
ecution trace. It cannot establish the fre-
quency of missed errors, the proportion of
tasks completed without intervention, or
the counterfactual performance of a single

agent. Role separation also does not guar-
antee independent verification.

These limitations suggest concrete im-
provements to research practice: preserve
task identifiers and timestamps; link every
numerical claim and figure to code, data,
checkpoint, scaler, and evaluation output;
retain valid negative results; and record
human decisions alongside the agent pro-
posals that prompted them. A prospec-
tive study could then compare configura-
tions using task completion, independently
checked error rates, human effort, runtime,
and cost. Such comparisons were not per-
formed here.

7.2. Discussion of the science case

The CondGen case study represents an
important step in our research on stellar
spectral generation, extending the condi-
tioning from global metallicity toward in-
dividual elemental abundances at fixed re-
solving power [7,8]. Its nine-input design
combines four atmospheric parameters
with the abundances of Mg, Sc, Ti, Cr, and
Fe, providing a framework for investigat-
ing how changes in chemical composition
affect generated spectra. As a determinis-
tic forward surrogate, it shares the label-
to-flux formulation of established spectral
emulators [11–13]. Its value here lies in de-
veloping this abundance-conditioned case
study through a coordinated AI research
workflow.

The reported baseline assessments
provide concrete scientific guidance for fur-
ther development. The bots produced spec-
tral reconstructions, examined the wave-
length dependence of their errors, varied
individual abundances, and compared al-
ternative architectures. The Sc, Ti, and Cr
sweeps showed consistent strengthening
of the selected absorption features, while
the Fe and Mg diagnostics identified re-
sponses that deserve closer investigation.
In particular, the cool-star Mg limitation
discovered by the bots defines a specific
research question: under which conditions
does the model cease to reproduce a consis-
tent abundance response, and how can that
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behavior be improved? These findings turn
the case study into a focused program of
testable questions, with the scope of the re-
ported assessments specified in Section 6.1.

A more detailed study could build di-
rectly on these results by extending the di-
agnostic sweeps across temperature, sur-
face gravity, and abundance, and by testing
how training coverage and model design
affect the regions with the largest residu-
als. Targeted Mg experiments could ex-
amine the contributions of strong-line be-
havior, blending, and the learned spectral
mapping. Architecture comparisons with
matched training budgets and indepen-
dent evaluation data would help identify
which changes improve reconstruction ac-
curacy. The current work supplies the sci-
entific motivation and initial diagnostics
for these investigations, supporting a prac-
tical route toward more reliable abundance-
conditioned spectral generation.

The project also provides a feasible
foundation for sustained research develop-
ment. The existing spectral database and
notebooks can support successive experi-
ments, while the division of work among
computation, scientific critique, visualiza-
tion, and writing provides an organized
way to carry those experiments through
to interpretation and communication. Un-
der our direction, the Orchestrator could
coordinate these follow-up tasks and the
specialist bots could implement, assess,
and document the resulting improvements.
When it identifies a need for additional ex-
pertise or capacity, the Orchestrator could
create new specialist bots, define their re-
sponsibilities, and integrate their contri-
butions into the existing team. The team
could thus evolve in response to new re-
search questions and issues raised dur-
ing analysis or review. This combination
of reusable resources, concrete scientific
questions, and coordinated AI contribu-
tions makes the study a valuable step to-
ward a continuing research program in
abundance-conditioned spectral genera-
tion.

8. Conclusion

This work demonstrates the practical
value of organizing specialized AI bots as
a research team under human scientific
direction. In the CondGen case study, the
bots contributed numerical implementa-
tion, spectral diagnostics, architecture com-
parisons, scientific critique, visualization,
and manuscript preparation. Their interac-
tions helped identify an inconsistent evalu-
ation procedure and a limitation in the cool-
star Mg response, while we guided the re-
search questions, assessed the interpreta-
tions, and approved the reporting. The
main contribution is a concrete example
of how human judgment and coordinated
bot activity can support connected stages
of a scientific investigation.

The experience points to an opportu-
nity to increase the pace of research by
shortening the cycle between a question,
its computational investigation, critical as-
sessment, and the next experiment. Build-
ing on our existing database and note-
books, the reported analysis, figure prepa-
ration, and manuscript-drafting tasks were
brought together in less than a week. This
retrospective timing estimate motivates
more systematic studies of research effi-
ciency. The potential benefit extends to
giving researchers greater capacity to ex-
plore alternatives, follow up unexpected
findings, and learn from unsuccessful ap-
proaches.

The case presented here is a starting
point for more complex forms of human-
bot collaboration. Future projects could
involve larger numbers of specialist bots
and several human researchers, each sup-
ported by a team of agents. Bots could
work independently within defined assign-
ments, while their Orchestrators coordi-
nate the exchange of data, code, and find-
ings across teams. One group could de-
velop models, another examine their sta-
tistical robustness, and another attempt
to reproduce the results. The human re-
searchers would bring these contributions
together, compare interpretations, and set
the shared scientific direction. When new
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questions or gaps in expertise emerge, the
Orchestrators could create additional spe-
cialist bots and integrate them into the col-
laboration. This would allow the organiza-
tion of the research team to evolve with the
investigation.

Although this case study was carried
out using Grok Bot, the approach is not in-
herently tied to that platform or to a single
AI provider. The principles of task delega-
tion, specialist collaboration, critique, and
human supervision can be adapted to other
suitable AI systems. Future improvements
in AI algorithms, agent-coordination tools,
and integration with scientific software
could make these teams easier to establish
and manage. Such developments could
reduce the practical effort required to orga-
nize human–bot collaboration and make in-
creasingly complex research projects acces-
sible to a wider range of research groups.

For our case study application, this
approach offers a practical route toward
broader abundance-response studies, a
more detailed investigation of the Mg lim-
itation, and extensions from synthetic to
observed stellar spectra. Coordinated bot
teams could prepare observational data,

investigate differences between simulated
and real spectra, implement candidate
methods, and evaluate their performance
through shared diagnostics and scientific
review. These tasks would extend the
present case into a more demanding re-
search program while reusing its data, nu-
merical tools, and division of responsibili-
ties.

Realizing this broader vision requires
clear task ownership, accessible experi-
ment records, and reproducible checks of
the results. Prospective studies should ex-
amine how different team sizes and coor-
dination strategies affect reliability, human
effort, elapsed time, and cost. The wider
opportunity is a research environment in
which human insight and bot autonomy re-
inforce each other: researchers can pursue
more questions, learn more quickly from
negative results, and move promising ideas
toward reproducible evidence. This case
study provides a concrete foundation for
exploring that future and for accelerating
investigation and discovery through col-
laboration among human researchers and
their evolving teams of AI specialists.
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Appendix A. Research workflow: a sequential account
This appendix follows the study from the human research brief through numerical

work, critique, and manuscript preparation. It is based on the retrospective summary
prepared by the Orchestrator and supplied by us; it is not a verbatim conversation transcript.
The stages organize the reported work into a readable sequence, while recognizing that
some specialist tasks overlapped. We worked collaboratively in directing and reviewing
the research; the role names identify the agents’ assigned responsibilities.

Appendix A.1. Setting the research brief and assigning responsibilities

We supplied the scientific question, the synthetic spectral database, prior notebooks,
and the existing research framework. The project combined two purposes: carrying out
an abundance-conditioned spectral-modeling case study and documenting how we could
coordinate a team of AI specialists. The manuscript’s central contribution was the research
workflow, with the astrophysics providing substantive tasks and constraints.

The Orchestrator translated the brief into proposed milestones. We approved or ad-
justed their scope before specialist work was assigned. The plan connected data preparation,
Python/Jupyter execution, scientific checks, figure production, and manuscript assembly.
Authorization to assess a model was treated separately from authorization to train it. We
also requested visible notebook execution so that numerical work could be inspected. We
provided the research direction and remained responsible for scientific decisions and the
final manuscript.

Appendix A.2. Inspecting the data and running the training workflow

The Curator and Python/Jupyter Specialist worked with the database and notebooks
we supplied to prepare the numerical study. Their tasks connected the stored stellar param-
eters and abundances to the nine-input design, organized the spectra and data partitions,
and maintained the preprocessing information needed for training and assessment. The
nine stellar labels were already part of the scientific dataset; the bots’ contribution was
to identify and use the relevant fields correctly and turn the supplied material into an
executable modeling workflow.

The Python/Jupyter Specialist implemented and ran the training calculations. During
training, optimization adjusted the network’s weights and biases by comparing its gener-
ated spectra with the reference spectra. These learned quantities are the model parameters
determined through training, distinct from the stellar labels supplied as inputs. Python
also supplied the layer dimensions and parameter-count information used by the Artist to
explain the architecture. For assessment, the saved model weights had to be paired with
the corresponding training scalers and test selection. The Orchestrator coordinated these
numerical outputs with the Critic’s checks and the Artist’s figures, allowing the specialists
to build on one another’s work.

Appendix A.3. Detecting and correcting the scaler mismatch

The scaler episode illustrates how the bots identified a problem in their own numerical
workflow and corrected it. An assessment of the CondGen baseline produced a test MAE of
approximately 0.024. The Python/Jupyter Specialist and the Critic checked the evaluation
preprocessing against the training setup and identified a mismatch between the scaler files
being used. Python corrected the evaluation by using the training-matched scalers; the
resulting baseline assessment gave an MAE of 0.003681. The Orchestrator communicated
the diagnosis and corrected result to us, and we approved using the training-matched
assessment in the manuscript.
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The technical detection and correction therefore arose within the bot team: a numerical
result prompted criticism, the specialists checked its cause, and the evaluation procedure
was revised. Our role was to review the explanation and approve how the result was
reported. The mismatched scalers were stored in float64, whereas the training-matched
scalers used float32. Because both scaler identity and numerical precision differed, the
approximately 6.5-fold change in MAE demonstrates the importance of matching prepro-
cessing to training; it does not show that lower numerical precision is intrinsically more
accurate.

Appendix A.4. Reviewing abundance diagnostics

The numerical and figure workflow produced abundance sweeps for comparison with
SYNSPEC references. The Critic reviewed their interpretation rather than accepting every
plotted trend as physical validation. The account records favorable qualitative assessments
of selected Sc, Ti, and Cr diagnostics, a caveat for the softened high-abundance Fe response,
and an adverse assessment of the cool-star Mg response.

The bot team identified the Mg limitation in the project diagnostics: at high abundance,
the predicted line shallowed or reversed while the reference line continued to deepen. The
Critic rejected presenting this response as a clean demonstration of physical fidelity. The
Orchestrator communicated the finding to us, and we decided to retain the diagnostic and
report the limitation explicitly. It then coordinated that decision with the manuscript and
figure workflow, so the adverse result remained visible in Figure 10.

This stage distinguishes the bots’ identification and critique of the Mg limitation from
our decision about its reporting. The finding arose from the agents’ analysis; our role was
to approve its inclusion and presentation in the manuscript. It did not establish the physical
or numerical cause of the Mg discrepancy. The selected sweeps are qualitative examples of
the model response at the atmospheric conditions examined in the project assessment.

Appendix A.5. Comparing alternative architectures

The Python workflow assessed four alternatives to the dense baseline: a wider MLP,
wavelength attention, multi-scale Conv1D, and FiLM residual. The Orchestrator reported
that none displaced the baseline in the short pilot. We authorized presentation of the
comparison with explicit limits and retained the baseline. Section 6.4 reports the scores for
the 256-spectrum subset. This was an exploratory comparison used in model selection; it
did not constitute an independent final validation of the full parameter space.

The team therefore used the comparison to support a project decision. Complete
per-pilot training budgets, stopping criteria, and the exact subset-selection record are
unavailable in the supplied evidence, so the result does not establish a general architectural
ranking. The retrospective account also reports exclusion of failure panels from the figure
set. The poor scores and reported FiLM instability remain disclosed, but the missing panels
limit inspection of that failure. These limits belong to the evidence for the decision, rather
than being evidence that the baseline is universally preferable.

Appendix A.6. Coordinating figures, references, and manuscript review

The Orchestrator coordinated a manuscript group involving the Editor, Literature
Scout, Critic, Artist, and Expert Spectroscopy Reviewer. A separate exchange connected
Python and the Artist for numerical and parameter information. Python supplied the
values; the Artist used those values to prepare diagrams and diagnostic panels; the Editor
inserted the resulting assets into the manuscript. Shared file names and artifact paths
connected these steps.
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The account describes corrections to overlapping labels and figure borders, as well as
a bibliography correction to the LRPayne publication year. The Critic challenged particular
claims or displays, while the Expert Reviewer had a distinct manuscript-level role when
assigned. We directed the presentation toward the contribution of the AI research team
and approved the scientific and editorial choices. Most exchanges were short assignments,
acknowledgments, file paths, review labels, or completion reports; the evidence does not
describe extended debates between all agents.

The Editor checked figure inclusion and compilation, and the Auditor reported pack-
aging and figure-regeneration checks. These reports support the account of coordinated
production but do not replace inspection of the underlying outputs.

Appendix A.7. Applying the nine-input design throughout the workflow

We specified nine inputs from the outset: effective temperature, surface gravity, pro-
jected rotational velocity, microturbulence, and the abundances of Mg, Sc, Ti, Cr, and Fe.
Resolving power was fixed at R = 50 000 as a property of the spectral database and was
therefore kept outside the input vector. The bots worked within this original scientific
specification when preparing the numerical implementation and describing the model.

The Python/Jupyter Specialist supplied the architecture information, including the
reported total of 274 182 496 model parameters. The Artist used this information to construct
the nine-input architecture diagram, and the Editor incorporated the model description into
the manuscript. The Orchestrator coordinated these handoffs so that the numerical work,
figure, and written explanation followed the same design. This stage shows how the bots
translated a shared research specification into connected computational and communication
tasks.

Taken together, these stages show the bots preparing and running numerical work,
exchanging results, identifying problems, and revising calculations and their presenta-
tion. We provided the scientific direction, reviewed consequential decisions, and remained
responsible for the manuscript. The appendix documents selected episodes of this collabo-
rative process from the Orchestrator’s retrospective account; complete execution records
and measurements of human effort, runtime, and cost would support a more systematic
evaluation of its reproducibility and efficiency.
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