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Abstract

Models, simulators, automated instruments and agents increasingly support science, yet much
work still lies between acquiring experimental evidence and deciding what to test next: interpreting
records, establishing what measurements mean, choosing and checking models and defining the
experiment. We ask whether a language agent can take responsibility for that preparation and
carry an investigation forward through experimental feedback. Translucent runs a general language
model, Muse Wonder, that proposes every import, analysis, fit, check, measurement and design
request; numerical tools compute, a server enforces approvals and an evidence rule and keeps
a persistent record, and a person approves any physical test. In one battery investigation the
model turned two unfamiliar cycler exports into a supported fast-charging design after finding that
the source cells disagreed and choosing simulated measurements of the target fixture. From raw
exports, Translucent recommended in 5/6 runs, all supported and feasible in hidden simulation;
the same model in a plain tool loop recommended in 6/6, one unsupported. With eight simulated
experiments, Translucent’s median charge times were 33.79, 37.17 and 34.13 min versus 42.62, 42.62
and 45.98 min for constrained Bayesian optimization, and every Translucent run beat every run
of the same model without experimental feedback, which makes fewer model calls. A prepared
numerical procedure matched its model-learning designs with fewer tests. All charging experiments
were simulated. In a separate microscopy mode, Muse Wonder directs vision and segmentation
models while deterministic code measures and gates findings; we evaluate its checks.

1 Introduction

Between acquiring experimental evidence and deciding what to test next lies preparation that numer-
ical search does not do. Someone reads instrument exports that may describe different specimens or
fixtures, decides which columns and segments are comparable, chooses a model and checks that it
explains the measurements that matter. Battery fast charging shows the gap. Charging speed is lim-
ited by heating and by lithium plating, which depends on the anode potential, so an engineer holding
cycler exports from earlier tests must first establish how the fixture at hand heats and cools. Attia
et al. accelerated the physical side of this work: early prediction of cycle life and Bayesian selection
of experiments shortened the evaluation of charging protocols, using a prepared battery-measurement
and prediction pipeline [Attia et al., 2020]. Translucent addresses a different part of the process,
preparing and adapting the investigation itself; it does not reproduce Attia et al’s physical speedup.
Later agents generate executable scientific analyses, including Finch’s processing of raw cytometry files
under expert-specified analysis prompts [Ghareeb et al., 2026], while other systems automate charac-
terization analysis and physical-model construction [Yao et al., 2025, Mandal et al., 2025, Frochte and
Schmidt, 2026].

We ask: within a supplied battery-tool environment, can a general language model turn unfamiliar
experimental records into an executable investigation, assembling import mappings, choosing fit and



held-out observations and revising the investigation from returned evidence, while Translucent enforces
target-fizture support and request approvals? Prepared means per-dataset import mappings, segment
choices and a prescribed fit-and-check sequence. Unfamiliar means received without that preparation,
not unseen scientific knowledge. The LG M50 records are public and underlie functions in the simula-
tor’s parameter set, one case reformats those same values, and tools and model families are supplied
in advance.

The capability under test has five parts. The agent should interpret unfamiliar laboratory records
and construct useful analyses; detect when tested fits or cross-fixture predictions fail declared adequacy
checks, and revise the investigation using the supplied model families; decide which measurements
and experiments are needed next; execute supported computations and revise its investigation from
returned evidence; and produce an engineering design only when the evidence rule is met, with the
experiment preserved across human interventions. The intelligence comes from the model: the same
model in a plain tool loop did much of this work (Section 5.1). Translucent turns that capability into
a persistent experimental-engineering system.

Four questions frame the paper. What could a prepared numerical optimizer not do? It starts once
the problem is prepared; in Section 4, most of the work came before any design search. What did
Muse decide and execute? It wrote the import mappings and analysis code and chose the data to fit
and hold out, the model families, the tests and when to search; numerical routines computed every
result. What did the infrastructure make possible? Requests ran under approvals bound to their exact
content, model revisions persisted with their checks, a test beyond the budget was refused, and the
record is checkable offline. Why might this matter? In organizations developing physical technologies,
preparing each investigation is often the step that waits for a person; a model that does it within a
supported environment could work through experiments without that wait. Engineer time was not
measured; this is a hypothesis.

Our central contribution is an evaluated end-to-end integration. Starting from raw, unfamiliar
records, with no per-dataset mapping or prescribed fit-and-check sequence, a language agent car-
ries one investigation through analysis, model checks, choice of the next test, experimental feedback
and a design or a refusal, inside one persistent, enforced experimental record: target-fixture support
rules, approvals bound to exact requests, and a campaign history checkable offline. Each ability has
antecedents in earlier systems (Section 2); we evaluate their combination in one battery-engineering
workflow against the same model without enforcement, prepared numerical procedures and constrained
Bayesian optimization. Tools, model families and scientific guidance are supplied, and every charging
outcome is simulated. A second, separate capability, multimodal investigation of microscopy video, is
evaluated only through its evidence checks (Section 5.4).

2 Related work

Attia et al. [2020] optimize battery cycle life over 224 candidate multistep protocols for a fixed 10
min charge from 0 to 80% state of charge, using early lifetime prediction and Bayesian selection,
with physical validation of top protocols on lithium iron phosphate (LFP)/graphite cells; the authors
prepared the features, objective and candidate space. Translucent uses similar four-step currents
but minimizes simulated charge time under temperature and anode-potential constraints. Lei et al.
[2026] use language models to write charging functions or small neural-network protocols evaluated
in supplied simulators, reporting gains in a penalized state-of-health metric over Attia’s multistep
baseline in PyBaMM. LLAMBO inserts language models into Bayesian optimization [Liu et al., 2024];
GOLLuM trains language-model representations through a Gaussian-process objective [Rankovié et al.,
2026]; PyBOP automates battery fitting [Planden et al., 2025].

Other systems take over parts of the preparation and leave other parts to people. Coscientist



requests measurements and analyzes returned data, with a guiding prompt for spectral interpretation
[Boiko et al., 2023]; ChemCrow works under user-instructed permission [Bran et al., 2024]. Robin
connects hypotheses to human-executed biological experiments, and Finch’s raw-cytometry analyses
use expert-specified prompts and protocols prepared by people [Ghareeb et al., 2026]. AILA reads
microscope files and writes processing code for user-specified tasks [Mandal et al., 2025]; LLM-RDF fits
kinetic models where a request names the fit [Ruan et al., 2024]; SciLink and Modelica-building agents
fit physical models to supplied data [Yao et al., 2025, Frochte and Schmidt, 2026]. The Model Discovery
Agent expands its hypothesis space after inadequate fits [Murphy, 2026]. Persistent, enforced execution
also has antecedents: Lange et al. [2026] gate persisted results with evaluator checks. Autonomous
Science Bench evaluates discovery and held-out prediction through a stateful laboratory service with
enforced experimental rules and an agent-immutable ledger [Wen and Liu, 2026]. It scores final
learning; Translucent instead requires a passing target-fixture check before a recommendation counts
as supported.

3 How Translucent turns model choices into an experiment

3.1 Two modes: who decides, who computes, who approves

Translucent has two separate modes, and no evidence passes between them. In experimental engi-
neering, the mode of every charging and records-intake study here, Muse Wonder 1.0 [Meta, 2026a] is
the only model that plans. An engineer supplies records, specimen identity and an objective; Muse
interprets the records, writes import mappings and analysis code, selects fit and held-out data, and
requests diagnostics, measurements and designs, each with a stated prediction and reason, revising
them from returned results (Figure 1). Translucent’s server parses, converts units and explains refusals;
deterministic tools fit, simulate and optimize. In multimodal scientific investigation of prerecorded
microscopy video, Muse Wonder plans the campaign, Muse Spark 1.3 points at objects on gridded
frames, the segmentation model SAM 3.1 tracks and outlines the structures at those points, and Muse
Spark Open gives an advisory second opinion that never sets a finding’s status; deterministic code
computes every measurement, and a deterministic gate accepts or refuses each finding (Section 5.4).
The rest of this section describes the first mode. A language agent here is the model with Translucent’s
numerical tools, written guidance and loop of requested actions. Autonomous means that, after an
engineer sets the objective and limits, the agent rather than a person chooses each import, analysis,
fit, check and design request that a study offers, under a standing approval for computation; a person
must still approve and perform any physical test. End-to-end includes that approval and the ingestion
of returned measurements.

Written guidance is part of the treatment: recommend only from a numerical search under a
model checked on a test it did not fit. Intake instructions add: keep tests out of fitting, and treat
source-record fits as evidence rather than proof because the target fixture may differ. Both model
arms receive that fixture warning in the objective. The Unenforced workflow gives the same model
Translucent’s parser, numerical tools, simulated lab and planning guidance in a plain tool loop. It
states the evidence rule without enforcing it and omits Translucent’s import validation, campaign
state and intake instructions, so the arms differ in instructions, interfaces and enforcement. Registered
means criteria fixed in protocol documents before scoring, with amendments disclosed; frozen means
retained historical runs and outcomes.

3.2 Numerical models, design search and the evidence rule

The battery tools use public LG M50 records [Chen et al., 2020], a Doyle-Fuller-Newman model [Doyle
et al., 1993] in PyBaMM [Sulzer et al., 2021], and O’Kane’s parameterization with partially reversible



A prepared optimizer

Usually prepared by a scientist; here proposed by Muse starts' here
Raw evidence Preparation Executable actions
Instrument exports Map columns and units Choose fit, held-out data Fits and held-out checks
Written documentation [~ | Pick comparable segments Decide what to test next |—® Simulations
Records from an Choose a model family Judge if evidence Design searches
earlier fixture supports a design Lab tests

Muse decides Translucent runs and records Engineer

Writes import mappings Tools fit, simulate and search Sets objective and limits

and analysis code ’ Approvals tied to exact requests Approves physical tests
a prediction and a reason One record across tools, people Identifies specimens
Reads returned evidence and 1 4 and model revisions Uploads physical results

chooses the next request

1
1
1
1
1
1
|
Proposes each request with !
1
1
1
1
1
1
1

1 1
i | :
1 ! 1
1 ! 1
1 ! 1
: : !
! Budgets, evidence rule enforced 1 Performs bench tests 1

1 1
i i i
! 1 1
! 1 1
: 1 1
[ i i

Muse cannot execute, approve, or submit a measurement across these boundaries.

Figure 1: The missing link between raw evidence and executable actions, and who holds which authority. Top:
the preparation a prepared optimizer assumes is done. Bottom: Muse proposes; Translucent’s tools compute
and its server checks approvals, budgets, source bindings and the evidence rule. A person sets limits, alone
approves and performs physical tests, and identifies the specimen; checked uploads and computed results return
through the server to Muse.

plating [O’Kane et al., 2022]. Four current steps span 10-27.5, 27.5-45, 45-62.5 and 62.5-80% state of
charge, followed by constant voltage at 4.2 V if reached. Currents lie on a 0.05C lattice from 0.2C to
1.5C; C-rate is current relative to nominal capacity. Fitting estimates cooling alone or cooling plus a
thermal-mass scale, with a nominal 95% region widened for autocorrelated residuals; forecasts evaluate
the estimate and up to four extreme points in that region. The design routine uses greedy current
reduction and bisection with a full-protocol check. The Compass-search reference searches the same
lattice under each fixed model, with an unreported evaluation budget; the intake Hidden-condition
reference applies the design routine with the hidden fixture parameters. Neither establishes global
optimality.

Intake support requires an adequate fit and a passing check on target-fixture observations excluded
from fitting, with no failed applicable check. Temperature root-mean-square error (RMSE) must
be at most max(20,0.30 K), for declared noise o. Source-record checks cannot confer support in
another fixture. Predicted feasibility additionally requires meeting the objective’s constraints. Surface-
temperature checks do not validate anode potential or establish physical accuracy.

3.3 Execution and the checkable record

Approval binds to the exact request’s content hash, including parameters and prediction. The server
enforces budgets, input bindings and software versions. Physical results must match the approved
specimen, configuration and units. An insert-only, hash-chained record links observations, models and
designs. Offline checking reapplies acceptance rules and recomputes measurements from stored files.
This checks internal consistency; physical origin depends on specimen custody. A privileged operator
can replace an unanchored history.



4 An investigation from raw records to a design

We follow one scored run in full: Translucent’s first repeat of intake case H1 (Section 5.1); it adds no
replication. The engineer supplies cycler exports for cells 02 and 03 of the public LG M50 validation
set [Chen et al., 2020], their written test procedure and an objective: the fastest 10-80% charge at
25.0°C in the lab’s fixture, with peak temperature at most 45.0°C and anode potential at least +25.0
mV. The objective warns that the lab’s fixture may differ from the records’. The lab is simulated with
hidden fixture parameters; the run may use two lab tests and US$2.50 of model calls. Figure 2 lists
every request and its evidence.

Reading the records. Muse inspects both files, runs its own analysis and writes an import mapping.
The server refuses four mappings, for schema errors, a time column listed twice and a wrong header
row; Muse corrects each. A later attempt to add the second cell under the same dataset name is
refused as a conflict, and Muse registers a new dataset holding both cells. Its manifest records what
the files cannot establish: no thermocouple calibration, current logged as an unsigned magnitude with
direction only in a mode column, a starting state of charge that must be inferred from the documented
procedure, and no charge faster than 0.3C or plating measurement. From its segment listing it selects
each cell’s 1.5C discharge, the largest thermal signal in the records (rises of 27.9 and 25.9 K), fitting
cell 02 and holding cell 03 out.

Finding that the records cannot support a design. A cooling-only fit to cell 02 fails the
adequacy rule at 1.67 K RMSE with structured residuals; Muse attributes the misfit to the thermal
timescale and adds the thermal-mass parameter. Revision 2 fits at 0.19 K. Muse checks it on cell 03,
predicting a held-out RMSE of 0.4 K; the check returns 1.82 K. A pooled fit fails at 0.93 K, and fitting
cell 03 alone gives 0.15 K. Cooling estimates are 5.224 and 6.161 Wm~2K~!, and mass scales 1.485
and 1.655; their respective nominal 95% regions do not overlap. Muse states that “no pooled record
model can support a design” and turns to the fixture where the design would run. The rule requires
a passing check on target-fixture tests excluded from the fit; it does not require fitting them. Muse
chose both test conditions and, citing the cell disagreement, chose to fit the target test alone instead
of checking a record-fitted model.

Measuring the target fixture. Muse requests a uniform 1.5C charge followed by 60 min rest, the
largest thermal signal, whose rest constrains the ratio of thermal mass to cooling. It predicts 46.0°C
with a stated range [38.0, 54.0]°C; the simulator returns 49.8°C, above the limit. Revision 5 fitted
to this test has 0.15 K RMSE. Muse holds out a uniform 1C charge with the same rest, predicting
38.0 [32.0, 44.0]°C; the returned peak is 41.4°C, so the two charges bracket the feasible current, and
held-out RMSE is 0.15 K, below 0.30 K. These are recorded predictions, not calibrated probability
intervals.

Design and refusal. Only now does Muse request a design search. The numerical search returns
1.5/1.5/1.2/0.8C and 35.88 min, forecasting 44.7°C and +27.5 mV. A request to test that exact design
is refused; both lab tests are spent. Muse’s conclusion records that the design’s 0.255°C temperature
margin is small beside the 0.37°C forecast error on the held-out test, so a lab check would be the next
experiment, and that anode potential remains a forecast. Post-run hidden assessment finds 35.88 min,
44.7°C and +27.6 mV, matching the Hidden-condition reference’s charge time. Revision 5 estimates
cooling 5.744 [5.723, 5.758) Wm2K~! and mass scale 1.245 [1.240, 1.250], containing the hidden
values 5.739 and 1.244. This close recovery partly reflects construction inside the fitted family. All 12
accepted requests use standing computational approval; model spend is US$1.99 of US$2.50.
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Figure 2: The H1 investigation: each request Muse chose, in execution order from the import to the refused
request, with the evidence it returned and the choice it led to. RMSE: fit error (filled) or error on a test not
fitted (diamond), against the 0.30 K rule. Peak: returned peak surface temperature of a simulated lab charge,
with Muse’s prediction (tick) and stated range (bar), or the design’s forecast (open circle), against the 45.0°C
limit. Blue meets the rule or limit; rust fails it.

Four returned results changed the next action: the failed cooling-only fit (add thermal mass), the
failed cross-cell check (pool the cells), the disjoint per-cell fits (stop relying on the records and measure
the fixture), and the 1.5C test above the limit (hold out a gentler charge). Numerical routines computed
every result; which to run, on which data, and when the evidence sufficed were Muse’s choices.

5 Evaluation

We report three charging studies with different questions, arms and budgets, which we keep separate,
and two evaluations of evidence checks and intervention decisions that use recorded physical data.

5.1 Records intake: preparation, recommendations and control

Can Translucent investigate raw exports without per-case preparation, and what does enforcement
add? H1/H2 supply two cells’ exports and withhold another; H3 reformats values with decimal
commas, semicolons and ambiguous temperature headers. Every case has the objective of Section 4.
Hidden simulations use fits to the withheld cells, with inadequate source RMSEs of 1.30 K (H1), 0.98
K (H2) and 1.07 K (H3). They define in-family scenarios rather than validated physical cells. Prepared
numerical receives per-case mappings and a sequence: fit source records, check another record, pool,
search, test a candidate and refit. It omits the held-out target-fixture check, precluding support and
leaving a matched prepared investigation untested.

Translucent recommends in 5/6 runs; the Unenforced workflow in 6/6. Each has five supported
recommendations, and all 11 recommendations are feasible in hidden simulation (Figure 4a). Prepared



Case Translucent No feedback Constrained BO Compass-search reference

A: fixed 33.79 36.29 42.62 33.55
B: amended 37.17 44.29 42.62 37.13
C: extrapolation 34.13 39.50 45.98 34.13

Table 1: Median best feasible charge times (min) after eight simulated experiments, with three runs per model
arm and five per Constrained BO case. One No feedback run in C finds no feasible result and ranks as infinitely
slow.

numerical recommends in 0/3; its last H3 candidate is also infeasible, at +22.3 mV against the +25.0
mV limit. Imports are exact and complete in 11/12 model runs. No person corrects an import, fit
or configuration in any of the 12 model runs or three prepared runs. The Unenforced workflow’s
unsupported recommendation has 1.12 K fit RMSE against the 0.30 K rule; its interface prevented
fitting /checking follow-up tests, and the model acknowledged the lack of support. The Translucent
run that declines stops after US$2.15 because another model call could exceed the cap, not because
of an evidence judgment. Its mapping dropped five rows per file; a later scorer correction confirmed
all retained values matched, and the decline stands.

The Unenforced workflow reaches the same case-specific protocol in 5/6 runs, so what the two
arms share already carries much of the preparation. Translucent’s enforcement adds control: zero
unsupported recommendations among five issued versus one among six, request-bound approvals and
an offline-checkable record. Translucent spends US$11.88 versus US$4.63 (2.6 times the Unenforced
workflow’s model spend) without raising the recommendation rate; mean recorded duration is 950
versus 1,573 s. Translucent spent both lab tests on diagnostic charges, searching only after the held-
out check, so none of its five recommended protocols was measured within budget. The Unenforced
workflow searched before its first lab test and measured its final recommendation in all six runs.
The comparison cannot attribute this order difference to intake instructions, interface or enforcement.
Measuring the recommended protocol supplies direct temperature evidence, but does not validate its
anode potential.

5.2 Fixed-model charging: better designs under the same experiment allowance

This separate study asks whether experimental feedback improves protocol selection, with one fixed
model for search and scoring and no model learning. Each campaign has eight simulated experiments.
Constrained BO means constrained Bayesian optimization with Gaussian-process surrogates and con-
strained expected improvement [Gardner et al., 2014]: three Sobol points, then five acquisition steps.
Translucent chooses sequentially; in No feedback Muse commits eight protocols upfront. Cooling is
fixed at 6 Wm2K~!. Cases A and B use 25.0°C; C uses 15.0°C, outside the parameter set’s fitted
range and without a registered success criterion. All impose a 45.0°C ceiling. A and C require +10.0
mV; B raises this to +25.0 mV after experiment four. Feasibility additionally requires 0.5 mV and
0.10 K clearance. Final best times use the final constraint; infeasible counts use the constraint when
results arrive.

Closing the loop wins here, with more model calls: every Translucent run beats every Constrained
BO and No feedback run in its case (Table 1; Figure 3). Translucent’s medians are 8.83, 5.45 and
11.85 min faster than Constrained BO’s in A, B and C, from three Translucent and five Constrained
BO runs per case, with the same eight-experiment allowance. These are better designs under the
same allowance, not fewer experiments. The registered A and B criteria are met. One B run reaches
37.03 min, below the Compass-search reference’s 37.13 min; all C runs reach its 34.13 min in six
or seven simulated experiments. Median infeasible counts are 4/4/4 for Translucent and 2/3/2 for
Constrained BO. Recorded model cost is US$1.00-1.25 versus zero, and campaign duration 3.6-5.2
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Figure 3: Fixed-model study, eight simulated experiments per campaign. (a—c) Every run’s search history.
Missing values mean no feasible result; triangles mark finite values above 65 min. B is scored under the final
constraint, with its amendment marked. C’s Translucent histories stop after 6, 7 and 7 simulated experiments;
repeats 1 and 3 reach the next-call spending limit and repeat 2 concludes. (d) Replay from each B run’s identical
four-experiment prefix: the next proposal with the raised anode limit and without it.

versus 1.0-1.2 min. Fourteen runs truncated by a 4,000-token limit or process termination were set
aside and repeated in full, costing US$6.48 separately from the scored runs.

Sequential feedback separates the model arms: in medians, Translucent’s loop beats the same
model without feedback by 2.50, 7.12 and 5.37 min in A, B and C. In B, where the limit rises mid-
campaign, No feedback’s median is 1.67 min slower than Constrained BO’s and Translucent’s 5.45
min faster, although one No feedback run (39.50 min) beats four of five Constrained BO runs. In
A and C, No feedback already leads Constrained BO by 6.33 and 6.48 min, which prior charging
knowledge plausibly explains. Feedback also changes the number of model calls, so its causal effect is
not isolated. Larger-budget BO and language-assisted BO are untested. The loop adapts: a replay
from each identical four-experiment B prefix gives final-step currents of 1.1C without the amendment
and 0.75/0.7/0.8C with it, forecasting +27.8/4-28.0/+25.0 mV (Figure 3d). All three meet the replay’s
changed-proposal criterion; the last lies exactly on its threshold and lacks the additional race clearance.
This tests one next proposal, not a full alternative campaign.

5.3 Model learning: matching a prepared sequence without one, at higher test
cost

Can Translucent adapt the investigation when an initial thermal model is wrong? Five conditions
test nominal behavior (N), changed cooling (K), noise (U), increased thermal mass (M) and chamber-
temperature offset (O). K denotes the source report’s cooling case, distinct from fixed-model Case C.
Inputs are prepared for both arms. Adaptive numerical follows a prepared sequence: search under the
initial model, test, fit cooling and thermal mass, assess another measurement’s value, then revise and
test. Translucent gives Muse the available actions and scientific guidance without this sequence. Both
use the same design routine, withhold fixture parameters and assess the final protocol once outside
the budget.
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Figure 4: Language-agent investigation and numerical optimization, in two separate studies. (a) Records
intake under two lab tests and a US$2.50 model cap: recommendations per arm and mean model spend per run
(USS, excluding numerical computation). Every recommendation is feasible in hidden simulation. (b) Model
learning: final hidden-condition charge time of each run, three per arm per condition, with median ticks; points
are separated vertically only to reveal repeated values, and O uses the amended replacement run. (c) Simulated
lab tests per condition, summed over runs.

Translucent and Adaptive numerical each produce 15/15 feasible protocols: 80% state of charge,
at least +25.0 mV and at most 45.0°C. Medians match in N/K/U/M at 37.12/47.44/36.75/37.63 min.
O takes 40.72 min for Translucent versus 39.93 min, a tie under the descriptive 1.0 min tolerance
(Figure 4b). An amendment replaced a run whose measurement-ranking routine exceeded its time
limit. That run continued to a 41.18 min design; retaining it would classify Translucent as worse in
O. Under its written guidance, Translucent checks held-out observations before its first design search
in 13/15 runs; Adaptive numerical does so in 0/15 and checks at all in 4/15. Translucent uses 46
versus 34 lab tests, 143 versus 116 requests and US$16.72 versus zero model spend (Figure 4c). Its
noisy-condition stopping criterion, a feasible design with at most one lab test after the first fit, is met
in 0/3; one run’s extra tests end at 38.13 min, slower than every Adaptive numerical run in U. Offset
diagnostics yield more conservative designs without improving on Adaptive numerical.

Two ablations are feasible in 3/15: Without diagnostics (no fitting, checking or ranking) always
returns the initial model’s design, 1.5/1.5/1.05/0.8C, feasible only in N, and Fized-model runs eight
simulated experiments under fixed cooling, without a lab. Every condition except N therefore requires
model revision; this shows that diagnostics are needed, not that they benefit Muse specifically. Cal-
ibrate once numerically searches, tests, fits cooling alone, searches again and stops. It yields 12/15
feasible assessments, failing O; in M it takes 44.24 min under an inadequate model versus 37.63 min
for Adaptive numerical.

5.4 Evidence checks and intervention decisions

These cases test the multimodal mode’s deterministic checks on prerecorded battery microscopy
[Reisecker et al., 2023], separately from every charging study: each constructed case introduces a
fault and proposes a finding consistent with the faulty measurement. Translucent’s checks block 38/38
faults. On 24 shared calibration, timing, recording-identity, segmentation and corroboration cases,
they block 24/24 versus 1/24 for a plain pipeline, which detects only crashes or nonfinite output.
Fourteen further cases, such as fabricated measurements, have no pipeline analogue. Checks were
extended after an earlier suite run, so this is a development-suite result, not held-out validation; some
clean outlines are scripted. A separate text-only assessment covers the 18 faults that reach a proposed



finding; 20 stop earlier. With three repetitions and majority acceptance, Muse Spark Open [Meta,
2026b], served by Fireworks in October 2026 without an archived immutable checkpoint, accepts 5/18
faulty findings from numbers and recording labels, versus 0/18 with fuller source relationships and
competing evidence; it accepts 1/2 and 2/2 clean controls.

The NIST benchmark uses the 50 interrupted-heating trials with temperature traces, in eight
cell-format /state-of-charge conditions: 31 ignite and 19 do not [Tam et al., 2026, National Institute
of Standards and Technology, 2025]. Scripted policies stand down, escalate or purchase observation.
Assumed costs are 100 for unsafe stand-down or ignition during observation, 10 for unnecessary esca-
lation, 0.05 per observation second and 10 once for abstention. Escalation on an igniting trial costs
zero, although suppression efficacy was unmeasured, so always escalating costs 10 x 19/50 = 3.80. The
primary analysis leaves one condition out, uses a 10 s thermocouple lag and includes inferred heater-off
times; outcomes at alternative stopping times were unobserved.

Scripted logistic search costs 3.72 versus 3.80 for threshold search and always escalating, from one
fewer unnecessary escalation (18 versus 19) partly offset by observation cost; their 95% condition-block
bootstrap intervals, conditional on recorded decisions, overlap, and the other seven scripted policies
cost more, though three reach 3.80 when the same cost rule is applied post hoc. Both searches have raw
and Holm-adjusted p = 1 against always escalating; the primary analysis establishes no advantage. No
comparison survives Holm correction in the condition-level sensitivity. In sensitivity analyses, logistic
costs rise to 3.83-4.49, with one unsafe stand-down under sequential evaluation, and leaving out a cell
format gives threshold search 16.40 with seven unsafe stand-downs. The public data had been explored
before protocol amendments. Earlier exploratory Muse campaigns, excluded here, yielded best costs
of 3.00 and 3.40 (both Holm-adjusted p = 1; the first could see an ignition-correlated flag); direct
model decisions made four and six unsafe stand-downs versus zero from model-selected executable
procedures, in comparisons chosen after seeing results.

6 Discussion

Investigation versus optimization. The frontier claim is that a language model took part in formulating
and carrying out experimental engineering work, not only in optimizing a prepared problem. In H1 it
decided that the records could not support a design, which fixture tests could, and when the evidence
sufficed (Section 4); in case B it changed its next proposal when the anode limit was raised (Figure 3d).
Across both model arms, 11/12 intake runs recommended from raw exports without per-case mappings
or a prescribed sequence, ten with passing target-fixture checks and all 11 feasible in hidden simulation.
Supported designs were within 0.00-0.24 min of the Hidden-condition reference. Engineer-time savings
and historical reliability were unmeasured, and no recommendation was reproduced on hardware.

What Translucent adds. In intake and model learning, Translucent’s contribution lay in assembling
and checking the investigation around an optimization problem; it did not beat Adaptive numerical’s
final designs. All five Translucent recommendations and five of six Unenforced recommendations met
the support rule, but differences in interfaces and instructions prevent isolating enforcement’s causal
effect.

What stays with engineers. The autonomy shown is computational: every lab test was simulated,
and physical tests, calibration and specimen custody remain with people, who also supply the tools,
model families and limits. In a browser run, an approved physical charge was cancelled without
an operator and the investigation continued in simulation; a separate scripted-planner test uploaded
labelled stand-in data, which Translucent checked and ingested. Both exports passed offline checking,
exercising control and ingestion, not physical validation.

Who could benefit. Battery-development teams, and in principle teams developing energy hardware,
electronics and other physical systems, repeat the same preparation for each new dataset, fixture or
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test plan. A model that carries that preparation through experiments, under approvals and a checkable
record, could reduce the repetition; this is a hypothesis, not a measured saving, and a physical-test
request is not an executed laboratory experiment.

7 Limitations

In-family intake fixtures ease near-reference recovery after target fitting. Cell disagreement could re-
flect calibration, specimens or missing physics; its cause is unidentified, and Muse’s response shows
that tested fits failed declared checks, not that available physics cannot explain the cells. The off-
set condition combines hidden feasibility with model inadequacy. Nominal regions contain the true
parameter in 46/50 simplified-solver fits, with poorer low-cooling coverage. Thermal fitting does not
validate physical electrode potential or plating.

Small samples and public records potentially present in training limit inference. Every model-run
charging investigation, in Translucent and the Unenforced workflow, used Muse Wonder 1.0; transfer
to other models, laboratories and chemistries is untested, as is a prepared intake sequence with target
fitting/checking. Adaptive numerical covers every model-learning condition; intake confounds inter-
faces, and No feedback reduces model calls. The only Translucent decline was a budget stop; no model
run declined for inadequate evidence. Microscopy cannot estimate real fault rates. NIST shares fitted
models, uses reconstructed events, finite windows and ignition-correlated inferred times.

Recommendation outcomes are frozen. Public code and selected campaigns permit inspection;
incomplete archives and the missing frozen source tree prevent public regeneration of every score.

8 Conclusion

Within a supported environment, a language agent did substantial experimental preparation and
investigation: from raw battery records, with supplied tools, model families and guidance, Translucent
assembled per-case import mappings and fit-and-check sequences, and in H1 it requested a design only
after a held-out check on the target fixture passed. What it shares with the Unenforced workflow
carried much of this capability; its enforcement kept every recommendation supported and added
request-bound approvals and a persistent record, at higher model spend. Translucent’s loop beat
the same model without feedback by 2.50-7.12 min and Constrained BO at a small fixed-model
budget, with more model calls, but did not outperform Adaptive numerical, which matched its designs
with fewer tests. The result is a step from optimizing prepared problems toward taking part in the
experiment. Before it generalizes to independent laboratories, it needs prospective unfamiliar fixtures
and record formats, matched tools and budgets for strong numerical and general-agent comparators,
other models, and independent physical measurements of recommended designs under human-approved
procedures. The implementation and evaluation reports are publicly available at https://github.
com/ychampion/translucent.
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